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Preface 

Certainly, here is a possible introduction for your book:1 

The nucleation point for this book was a workshop entitled Artificial Intelligence 
and Intelligent Matter that took place at the University of Münster in July 2023. Eight 
months before, in November 2022, the release of the chatbot ChatGPT by OpenAI 
had demonstrated to the wide public the enormous potential of artificial intelligence 
(AI) and the things that it is nowadays capable of. ChatGPT and similar software 
released by other companies had in particular led to many discussions at universities 
about the impact AI will have on university research and teaching. Will now all 
research papers be written by AI? And, God forbid, will now all student homework 
exercises be written by AI? 

Owing to these discussions, the Center for Philosophy of Science (Zentrum für 
Wissenschaftstheorie, ZfW) in Münster initiated a workshop on this topic. This 
workshop featured, in addition to an interdisciplinary collection of research talks, 
a plenary discussion on the impact of large language models on teaching. Münster 
was at this time (and still is today) home to two further AI-related research initia-
tives, which then also participated in the workshop organization. These are on the 
one hand InterKIWWU, which is a program focused on AI teaching at universities, 
and the collaborative research center (Sonderforschungsbereich, SFB) 1459 “Intel-
ligent Matter”, which aims at the design of novel class of matter, so-called “intelli-
gent materials”. These are capable of processing external inputs and of adapting to 
their environment. They do, thereby, constitute a physical implementation of some 
operating principles of artificial intelligence. 

The book then further developed its shape in the context of several coordinated 
research activities at the Johannes Gutenberg University in Mainz. First, there is here 
the SFB 1551 “Polymer concept in cellular function”, which uses polymer science 
to understand the inner workings of a cell and to model things such as the formation

1 A phrase of this form was found in the introduction of a peer-reviewed article published in the 
journal Surfaces and Interfaces published in March 2024 (and later retracted), which showed the 
article’s text to be partially the result of a prompt and which thereby prompted a lively discussion 
about the use of AI in research. 
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of membraneless cell compartments and neurodegenerative diseases. It is thereby 
operating in a field that has been massively reshaped by AI tools such as AlphaFold 
(that allows to study protein folding), and such approaches are of key importance for 
the SFB. Then, there is the SFB 1552 “Defects and defect engineering in soft matter” 
that aims to make the idea of engineering material properties by using defects—an 
approach that has for a long time been successfully employed in hard condensed 
matter systems in the context of, e.g., semiconductors—fruitful also in soft matter. 
This links to the material science aspect of the intelligent matter problem, which 
requires one to develop materials that can adapt their state. Finally, there is the Mainz 
Institute of Multiscale Modelling (M3ODEL), a top-level research initiative funded 
by the state of Rhineland-Palatinate that focuses on computational and datadriven 
modeling of complex systems connecting multiple scales. Also this is an area where 
much progress has been made using AI tools. The mere fact that so many collaborative 
research centers have been listed at this point—and that more working on similar 
topics could be easily added or will probably come to life in the future—already 
shows the enormous importance. 

Also, the above “origin story” shows that this publication, probably unlike many 
others that basic research produces, has originally arisen not so much from purely 
curiosity-driven work, but from a specific societal need, namely that of addressing 
how large language models might reshape universities. Besides that, another and 
certainly much more severe societal need is to be mentioned at this point: Human 
technological activities require an enormous use of natural resources and directly 
damage the natural environment, leading (most prominently) to climate change. AI 
and similar technologies are far from innocent here due to the enormous amount 
of energy that their training requires. A key motivation behind unconventional 
computing approaches is to develop more energy-efficient approaches by bypassing 
restrictions imposed by the operating principles (“von Neumann architecture”) of 
traditional computers. 

And finally: Besides addressing societal needs, there is of course also a lot to be 
gained here for curiosity-driven basic research. The design of intelligent materials 
posesmany theoretical and experimental challenges for physics, chemistry, computer 
science, and engineering alike, and studying physical implementations of artificial 
intelligence will likely also lead to novel insights into natural intelligence (the kind 
of thing that we have). A good example for this is reservoir computing (a core 
topic of this volume), which is used to perform learning tasks with magnetic or 
optical systems, but which has also been suggested as an operating principle in 
biological systems. Another example is research on active matter systems, which 
are permanently kept out of thermodynamic equilibrium by local energy influxes. 
Biological systems generally fall into this category, but also many candidates for 
intelligent matter do. Research on active matter is therefore of practical relevance, 
but it has also raised many fundamental issues for statistical physics. 

During the course of its development, this book rather quickly evolved away from 
the workshop it was originally based on (which had as a core topic also philosophical 
discussions of the notion of “intelligence” used in AI) and towards a volume providing 
a general overview of scientific research in the field. There is, due to the importance
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of this field, a clear need for such a book: On the one hand it is very active and 
rapidly growing, such that many young (and older) researchers start working on it 
and require an introduction. On the other hand, it has reached at least such a level of 
maturity that it is possible to identify some key research directions and present them 
on an introductory level, which is what books are especially suitable for. Researchers 
at any career stage seeking to get an overview over the field are the target audience 
of this volume. 

The book covers the topic in a cross-sectional way to do justice to the crosssec-
tional nature of this field of research. First, the study of intelligent matter involves 
studies of a quite diverse range of physical systems, ranging from electronics, spin-
tronics, and photonics to soft and biological matter. A (certainly non-ideal) term 
sometimes used to unify all this is “nanosystem”. Second, the interaction of AI with 
such physical systems can occur in two directions: The AI can be applied to the phys-
ical system (as one does, e.g., when developing a machine-learned density functional 
theory model for a fluid) or the physical system can be applied to the AI (as one does, 
e.g., when magnetic skyrmions are used for reservoir computing). In particular the 
latter distinction motivates the structure of this book, which has four parts: 

1. Fundamental Concepts in Artificial Intelligence 
2. Applications of Artificial Intelligence to Nanosystems 
3. Implementations of Artificial Intelligence in Nanosystems 
4. Philosophical Aspects 

It is so far not clear which kind of nanosystem is most suitable for intelligent matter, 
and in practice it will probably turn out that different systems have different advan-
tages and disadvantages in this regard. Therefore, this book does not focus on a 
specific kind of systems (such as lasers or soft matter), but gives broader overview. 

Mainz, Germany Michael te Vrugt
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Introduction: Artificial Intelligence 
and Intelligent Matter 

Michael te Vrugt 

Abstract The investigation and application of artificial intelligence (AI) is a major 
research trend in virtually every field of science. The study of micro- and nanosys-
tems, both in hard and soft condensed matter science, is no exception here. This 
involves both the use of artificial intelligence to understand static and dynamic prop-
erties of materials and the development of nanosystems that themselves possess 
basic features of (articial) intelligence in the framework of “intelligent matter”. This 
book provides an overview over this rapidly developing field. It starts with intro-
ductory chapters on AI (part I) and continues with discussions of applications of 
AI to nanosystems (part II) and implementations of AI in nanosystems (part III). It 
concludes with some philosophical discussions (part IV). 

The enormous progress in the field of artificial intelligence (AI) [28] and the impor-
tance it has gained for our everyday life has certainly not escaped anyone’s attention. 
Similarly, it will not have escaped the attention of any researcher, be it in the natural 
sciences or the humanities, how central AI now is in all fields of research. The physi-
cal sciences are no exception here [6, 7, 19, 32]. A good example is the “derivation” 
of (free) energy functionals, which are crucial for understanding the structure of 
materials, via AI, which is possible in both the quantum [26] and the classical [29] 
case. It can surely be expected that AI will continue to make significant contribu-
tions in solving research problems. (That being said, one should of course avoid 
overhyping this field–AI is certainly not going to solve all of our scientific prob-
lems, and traditional analytical or computational approaches to physical problems 
will continue to remain valuable.) 

At present, AI systems usually run on traditional computers. This is problematic 
insofar as AI applications generally require processing very large amounts of data 
that need to be moved between memory and processor, which requires significant 
energy consumption [17] and thus makes current approaches somewhat unsustain-
able. The human brain, in contrast, can make substantial achievements with a power 
consumption of just about 20 W [2]. The operating principles of the human brain are 
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2 M. te Vrugt

quite diffent from those of a computer, and consequently, a major direction of current 
research is the development of hardware approaches that are closer to the way the 
brain operates [11]. See Refs. [10, 30] for broad reviews of computing with physical 
systems. One of the forerunners of this approach is the work by Hopfield [12]. 

As a part of this development, condensed matter system become not just the mod-
eling target for AI systems, but also the hardware on which AI runs. One prominent 
manifestation of this approach is the idea of reservoir computing [24], where an input 
signal is fed into a large dynamical system, the output of which is then passed on 
to a readout layer. This readout layer is the only part that is trained. The dynamical 
system can also be a physical system, and consequently the idea of reservoir comput-
ing has been frequently used to perform computations with physical systems. This 
idea will be discussed in many chapters of this book. Another instance of AI being 
implemented in a physical system rather than just being applied to it are “smart” 
microswimmers that are able to navigate in noisy environments [25]. 

The eventual aim here is to realize materials capable of information processing, 
which thereby constitute “intelligent matter”. To understand what this is supposed 
to mean, it is helpful to consider a classification suggested by Kaspar et al. [17]:

• Structural matter: Here, the material has a certain structure (maybe even a fairly 
complex one), but cannot change its properties.

• Responsive matter: The material can change its properties in response to an 
external input.

• Adaptive matter: The material can regulate its properties in response to its 
environment using internal feedback.

• Intelligent matter: The material can regulate its behavior and learn from received 
inputs. 

These differences may require some further explanation: A responsive material 
always reacts to the same input in the same way. In contrast, an adaptive material 
may behave differently if a certain stimulus arrives once or a hundred times in a row– 
in the latter case, it has adapted to the fact that it is in an environment where this 
stimulus occurs frequently. Physically, this is manifest in the fact that a responsive 
system switches between different local minima in a fixed energy landscape when a 
stimulus is applied, whereas in an adaptive material the underlying energy landscape 
can be changed [31]. Fully intelligent matter requires four key functional elements 
[17]: 

1. A sensor that records information about the environment, such as the presence 
of a stimulus. 

2. An actuator by which the material changes its properties in reaction to a stimulus. 
3. A memory by which the material stores information (e.g., about input or feedback 

signals). 
4. A network connecting the first three elements. 

For a deeper discussion of these classifications see the reviews in Refs. [17, 22, 31]. It 
is often argued [17, 31] that the systems best suited for designing adaptive materials
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are those consisting of “active matter” [3, 21], i.e., matter that is driven out of 
equilibrium by a constant local influx and dissipation of energy. Active matter has 
indeed been found to be quite promising for realizing programmable and adaptive 
materials [4, 5, 13], and will be one of the central topics of this book. An interesting 
direction for future work in this context is the application of defect engineering 
[15], which has already found several successful applications in computing with soft 
matter [18, 33]. Moreover, the statistical physics of active matter also allows for a 
theoretical understanding of the learning process itself [16, 20]. 

Finally, artificial intelligence has also been of great interest among philosophers 
[8], raising a significant number of conceptual and ethical challenges. What does 
it mean for a system to be intelligent, and can we attribute intelligence to an AI? 
How can we ensure that AI systems make ethical decisions, and what do they consist 
in (e.g., who should a self-driving car kill if in doubt)? As a consequence of such 
conceptual problems, explicit appeals to philosophy of science can be found also 
in the physical literature [19], something that is generally characteristic for a field 
that is in a state of paradigm shift [9]. Significant ethical issues also arise in the 
field of nanoscience [1]. The overlap between AI and nanoscience, which can con-
sequently be expected to be of quite some interest, has received very little coverage 
in philosophy so far. This is a gap that the present book aims to fill. 

The overall topic of this volume is the use of AI in micro- and nanoscience. 
Here, both “use” and “micro- and nanoscience” are understood rather broadly. “Use” 
means both the application of “traditional” AI to understand nanosystems and the 
implementation of AI in nanosystems that thereby themselves become intelligent. 
With the term “micro- and nanoscience”, I aim to generally cover systems with 
small (micro- or nanometer) constituents. This is a broad field, ranging from artificial 
microswimmers whose size is in the micrometer range [3] to magnetic skyrmions 
which are only a few nanometers large [23]. It turns out that the physics of micro-
and nanometer-sized objects is often quite similar, and that a lot is to be gained by 
studying them in conjunction [27]. 

The rather broad scope of this book has two reasons. First, it aims to give an 
overview over the field, which can of course only be done selectively, but which 
nevertheless should give an idea of its diversity. As of today, we do not know what 
the best approach for realizing intelligent matter is, and it is likely that this will 
depend on the context of application—consequently, it is important to be aware of 
different directions of work. This book can therefore also be used as teaching material 
for graduate students. (See Ref. [14] for teaching material on AI in general.) 

Second, the book aims at highlighting possible links between different fields. For 
example, the idea of reservoir computing is now studied in quite a number of different 
fields. This books presents (in different chapters) reservoir computing approaches in 
quantum systems, active matter, DNA, photonics, and spintronics, and can therefore 
help researchers from one of these areas to also get an impression of what is going on 
in others (and researchers who are not from any of these areas to get an impression 
of which areas exist here).
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Structure of this Book 

This book consists of four parts: 

1. Introduction to artificial intelligence: This part contains introductory chapters 
presenting some concepts from the field of AI that are relevant to the content of 
this book. This starts with a general introduction to AI (Tobias Wand), followed by 
discussions of reinforcement learning (Malte Schilling) and reservoir computing 
(Michael te Vrugt), which are AI concepts with a specific relevance for intelligent 
matter. 

2. Applications of artificial intelligence to nanosystems: This part presents vari-
ous ways in which AI can be used for the physical investigation of nanosystems. It 
start with a general introduction to data-driven equation learning methods (Oliver 
Kamps/Tim W. Kroll/Oliver Mai), followed by a discussion of two important cases 
where equations—namely density functionals–are obtained via machine learn-
ing in the classical (Alessandro Simon/Martin Oettel) and quantum (Thorsten 
Deilmann) case. Related to the latter is the AI-based design of materials (Teng 
Long/Yixuan Zhang/Hongbin Zhang). The final three chapters present applica-
tions to specific physical systems, namely topological lasers (Stephan Wong/Doris 
E. Reiter/Sang Soon Oh), semiconductors (Md Ashiqur Rahman Laskar/Srijan 
Chakrabarti/Umberto Celano), and active matter (Giovanni Volpe). 

3. Implementations of artificial intelligence in nanosystems: This part addresses 
the case that the nanosystems themselves constitute the AI by discussing imple-
mentations of AI in nanosystems. This part is opened with a general introduction 
to neuromorphic hardware (Akhilesh Jaiswal/Md Abdullah-Al-Kaiser/Maryam 
Parsa). The later chapters again cover the cases of both soft and hard or quan-
tum matter. On the soft side, active and biological matter is in the focus, 
specifically intelligent active particles (Hartmut Löwen/Benno Liebchen), active-
matter based computing (Julian Jeggle/Raphael Wittkowski), DNA-based neu-
ral networks (Michael te Vrugt), and intelligence in slime molds (Jannes 
Freiberg/Roshani Madurawala). The next two chapter address computing based 
on optics from both an experimental (Lennart Meyer/Rongyang Xu/Wolfram 
Pernice) and a theoretical (Kathy Lüdge/Lina Jaurigue) perspective. Finally, 
approaches based on solid-state and quantum systems, specifically neuromor-
phic spintronics (Atreya Majumdar/Karin Everschor-Sitte) and quantum machine 
learning (Ivana Nikoloska) are presented. 

4. Philosophical aspects: Intelligent matter research raises also a number of con-
ceptual and ethical issues, which are the topic of the final part of this book. This 
starts with a philosophical analysis of the notion of “intelligent matter” (Barnaby 
Crook), followed by a discussion of its implications for debates about conscious-
ness and intentions (Christian Kaernbach) and a contribution addressing applica-
tions in biology (Luis Lopez). The final chapter discusses ethical problems at the 
intersection of AI and nanoscience (John Weckert).
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Introduction to Artificial Intelligence 

Tobias Wand 

Abstract Artificial Intelligence has recently achieved big successes in various fields 
of application such as natural language processing or image recognition. Despite 
having enormous amounts of parameters, the basic concepts behind those algorithms 
are fairly simple to understand. This chapter starts with an introduction to the machine 
learning methodology and its terminology as well as some general metrics to evaluate 
the quality of an algorithm. It then discusses decision and regression trees as well as 
their extensions via bagging and boosting as an example to illustrate basic machine 
learning concepts. The chapter concludes with an introduction to neural networks 
and explains their basic structure and how to train them. 

1 Artificial Intelligence and the Machine Learning 
Methodology 

People tend to hold wildly different associations when hearing “machine learning” 
(ML) and the grandeur of the word “artificial intelligence” (AI) makes things even 
more complicated. How to exactly define artificial intelligence is by no means an 
easy question and even controversial among experts [18]. Instead, it might make 
sense to focus on the major milestone achievements and surmounted challenges. 
In 1966, the first major natural language processing algorithm ELIZA was used to 
mimic basic human conversations [32]. ELIZA searched the input text for keywords 
and then responded accordingly via predefined rules. Just a few years later, the sim-
ilarly logic-based algorithm SHRDLU managed to combine natural language with 
interactions with a (virtual) world; i.e. SHRDLU had access to an environment of 
various geometrical objects and connected its natural language output to the position 
of these objects in the environment. Thereby, it built a bridge between language com-
prehension and interactions with an environment, instead of being a self-contained 
language model [33]. In 1997, IBM’s Deep Blue defeated world champion Garri 

T. Wand (B) 
University of Münster, Institute of Theoretical Physics, Münster, Germany 
e-mail: t_wand01@uni-muenster.de 

© The Author(s) 2026 
M. te Vrugt (ed.), Artificial Intelligence and Intelligent Matter, Machine Intelligence 
for Materials Science, https://doi.org/10.1007/978-3-032-04129-6_2 

9

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-032-04129-6_2&domain=pdf
mailto:t_wand01@uni-muenster.de
https://doi.org/10.1007/978-3-032-04129-6_2
https://doi.org/10.1007/978-3-032-04129-6_2
https://doi.org/10.1007/978-3-032-04129-6_2
https://doi.org/10.1007/978-3-032-04129-6_2
https://doi.org/10.1007/978-3-032-04129-6_2
https://doi.org/10.1007/978-3-032-04129-6_2
https://doi.org/10.1007/978-3-032-04129-6_2
https://doi.org/10.1007/978-3-032-04129-6_2
https://doi.org/10.1007/978-3-032-04129-6_2
https://doi.org/10.1007/978-3-032-04129-6_2
https://doi.org/10.1007/978-3-032-04129-6_2


10 T. Wand

Kasparov in a match of chess [12]. Deep Blue used a combination of a tree search 
of possible moves on the chessboard and explicitly programmed expert knowledge 
to achieve this feat. 

However, when we think of the word “intelligence”, we have something different 
in mind than simply learning rules or optimal strategies by heart and then blindly fol-
lowing them like in the famous Chinese room thought experiment, where a person 
essentially uses a highly detailed manual-like dictionary to translate Chinese sen-
tences into English without having any real understanding of the Chinese language. 
Intelligence, however, evokes the idea that some key insights have been figured out 
that go beyond the mere observations that the intelligent being has made such that 
general rules have been derived by it. And this is actually quite close to what is hap-
pening under the hood of modern AI algorithms under the label of machine learning: 
while they need a lot of data to learn, they generalise far beyond what has been pre-
sented to them in the data. A famous example is the game Go whose complexity and 
enormous amounts of different board states made it a tough challenge for any com-
puter algorithm because simulating and evaluating each possible future board state 
is computationally infeasible [22]. Nevertheless, Google’s AlphaGo was the first 
machine to win against human Go champions [17, 27]. Learning from data instead 
of learning predefined rules also allowed language models like the GPT-family to 
achieve almost human-like performance when confronted with completely new sen-
tences and dialogues [3]. The key to understand how these algorithms managed to 
excel at such highly complex tasks with almost uncountably many different possible 
board states or word combinations is to regard machine learning as a methodology 
rather than as a collection of methods. 

A rough sketch of the machine learning methodology is given in Fig. 1.  Two  key  
aspects characterise this methodology: first, there is not one data set that is used for 
the model training and evaluation, but two mutually exclusive sets of data. Second,

Fig. 1 Visualisation of the machine learning methodology as a flowchart sketched via [5]
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there is a loop of evaluating the model and improving it until it is good enough to be 
launched. Similar to falsifiability being the cornerstone of the scientific method, the 
evaluation on unknown test data is the centre of the machine learning methodology. 
But let us go through this workflow step by step. 

Usually, the data is first split into training and test data, so that no information 
of the test data can be used to inform the modelling decisions. Then, after some 
exploratory data analysis on the training data, the data scientist develops a model 
that might be a suitable choice for the given problem. The model is trained on the 
training data, i.e. its parameters are optimised so that its predictions are as close to 
the data as possible. Afterwards, the model is for the very first time confronted with 
the test data and the scientist checks, if the model still performs well enough on this 
previously unknown data. If it does not, then the model has to be improved: this 
can either happen automatically (i.e. some observations are given more weight than 
others or some parameters are modified) or manually, if e.g. the scientist realises 
that the model is not complex enough and needs some additional terms. Often, the 
scientist has no access to the test data, but only gets to see how well the model 
managed to predict it. The steps of evaluation and improvement are repeated until 
the model finally achieves a satisfying level of accuracy on the unknown data. 

This methodology is oversimplified, but it already shows us how algorithms like 
AlphaGo managed to “learn” a highly complex game like Go: Specifically because 
they are tested on unknown data, these models cannot just stick to what they have 
seen in the training data, but have to find general patterns that still hold for com-
pletely new data. Note that there is another reason why it is prudent to use unknown 
test data. Otherwise, the model is prone to overfitting which means that it almost 
exactly reproduces the known data, but its accuracy is too good to be true and it fails 
spectacularly on new data. We will focus on this in Sect. 4.1. However, there is still 
an important question within this methodology: How do you evaluate the quality of 
your model? Before we answer this question (which is not as straightforward as one 
might hope it to be), we first focus on the machine learning terminology and some 
broad categories of algorithms in Sect. 2. Many readers will know these concepts 
by different terms and it is prudent to make everyone know the standard machine 
learning vocabulary for them. Then, we will focus on different performance metrics 
in Sect. 3 that evaluate the quality of our algorithms. We will then explore the many 
tree-based machine learning models in Sect. 4 as they are widely used, easy to inter-
pret and understand and can be used to illustrate some key concepts. Finally, there 
will be a brief introduction to neural networks which are the basis of many current 
state-of-the-art machine learning tools in Sect. 5. 

2 Terminology 

Machine Learning follows its own vocabulary which might be confusing for readers 
who are rather used to the terminology from a different discipline. Generally, all 
machine learning models have the shape
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. f (x) = ŷ (1) 

where . f represents the model’s algorithm, . x the observed data that is used for the 
prediction and . ŷ the predicted target value that is supposed to be as close to the 
true target . y as possible. Of course, we usually do not just have one observation . x
but many observations . x(i)

1≤i≤m and targets .y(i). Imagine that we want to predict 
the height of a human based on their weight, sex and nationality. Then for the . i th 
human in our sample, our observation may tell us .x(i) = (80 kg,male,French) and 
our function predicts . f (x(i)) = ŷ(i) = 185 cm as the target while the true height is 
.y(i) = 182 cm. The entire vector of observations for the . i th person .x(i) is called an 
instance and its entries .x(i)

j are called features. Here, the first feature is the weight, 
the second is the sex and the third is the nationality of the person. 

Often, when you have .m instances and . n features, a matrix notation .X for all 
features is used where .(Xi, j )

1≤i≤m
1≤ j≤n with .Xi, j = x(i)

j is the . j th feature of the . i th 
instance. It is then convenient to combine all targets into one vector.y = (y(i))1≤i≤m . 
If all entries of .X are numerical, then some data science methods can make use of 
the matrix shape to do several calculations efficiently for the whole data set. 

The above terms are useful to talk about your data, but there is also some standard 
vocabulary that helps to describe the model . f : A very important distinction is made 
between categorical models or classifiers on the one hand and regression models 
on the other hand. Classifiers are used when the targets can be split into . k different 
groups, e.g. if the algorithm is supposed to sort images into the categories “Dog”, 
“Cat” and “Mouse”. A sensible way of evaluating such an algorithm is to find out 
how often your prediction is correct. 

On the other hand, a regression task predicts a continuous number, e.g. in the 
previous example the height of a human. It does not necessarily make sense to cat-
egorise the heights into different groups, but instead we would like to predict the 
numerical value. Your algorithm will almost never give an exactly correct prediction 
(and if it does, you should ask yourself if something went wrong in your machine 
learning pipeline as perfect predictions never occur in reality!), because the differ-
ences between prediction and true target may be arbitrarily small. The basic idea 
to evaluate the quality of a regression algorithm is to ask how large the difference 
between your prediction and the true target typically is. 

Another important distinction between algorithms is whether we know the true 
targets . y or not. In the above example, we knew the targets and can compare our 
prediction to them. This is called a supervised algorithm. But often, data science 
problems involve finding such labels in an unstructured data set. Take a look at the 
data in Fig. 2, where the two values of two features are plotted against each other. 
Even without knowing anything about the problem or data behind them, one can 
clearly identify two clusters centred around.(0, 0) and.(5, 4). When the existence of 
such clusters is not as obvious as in this example, the role of machine learning is 
to identify such clusters. Because we do not a priori know the instances’ target (or 
even if the clusters actually exist), such a task is an unsupervised machine learning 
problem; e.g. identifying different groups of customers within a company’s customer
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Fig. 2 A prototypical example of an unsupervised clustering problem 

base. The distinction between unsupervised and supervised is not exhaustive, though. 
E.g. if labelling the data requires expensive expert judgement or a lot of time effort, 
then sometimes only parts of the data have been assigned a target value whereas the 
remaining data do not have a target. This is a semi-supervised scenario. 

3 Performance Metrics 

It is often not self-evident which metric you should use to evaluate your machine 
learning algorithm. While the distinction in classifiers and regressions already 
requires different metrics for these two groups, there are still a lot of questions that 
have to be answered: E.g. if you want to train a model that predicts the occurrence 
of cancer based on CT scans, do you want to make sure that no tumor is overlooked? 
Or do you want to minimise the amount of false alarms because you do not want 
to scare healthy people with an erroneous cancer diagnosis? Or a trade-off between 
both? There is no definite answer to questions like these as they strongly depend 
on the overall problem and context, but having a good overview of the different 
available metrics can help you to make an informed decision. Note that sometimes 
people focus on the model’s error and wish to minimise the it which is equivalent to 
maximising the model’s performance. However, before we focus on the quality of 
our model’s output, let us briefly discuss the quality of its input. 

3.1 Preface: Data Preprocessing–Garbage In, Garbage Out 

The quality of any AI algorithm highly depends on the quality of its training and test 
data. If the data is not representative of the real-life situations in which the algorithm 
is supposed to be used, you will usually run into problems. But there are more subtle 
problems than that and this subsection highlights a few of them.
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Many algorithms assume implicitly that all features in your data are distributed 
on a similar scale. Whenever an algorithm calculates the nearest neighbours of one 
instance, it assumes that distances in all features are equally valid. Imagine data on 
human body sizes with features .(x1, x2) = (height in meter, leg length in mm).  If  

we now have two instances. x (1)
1 , x (1)

2 = (1.80, 831) and. x (2)
1 , x (2)

2 = (1.7, 805), 

then the difference between them is .(0.1, 26). The algorithm will assume that the 
difference is dominated by the second feature, but that is only because the .26 is 
given in mm, while the .0.1 is given in meter! Here, it is easy enough to convert 
both measurements into one unit, but what if we add a third feature “body mass in 
kg”? This cannot be converted into meters, so we need a different strategy. There are 
various scaling methods that can be used, but two are particularly easy to understand: 

The min/max normalisation takes all values. x (i)
j

1≤i≤m
of feature. j and transforms 

them into 

.x̃ (i)
j =

x (i)
j − min

1≤i≤m
x (i)
j

max
1≤i≤m

x (i)
j − min

1≤i≤m
x (i)
j

(2) 

resulting in all.x̃ (i)
j being in the interval.[0, 1]. Another normalisation is derived from 

the well-known standardisation of random variables in statistics: First calculate the 

mean. μ and standard deviation. σ of the feature values. x (i)
j

1≤i≤m
and then normalise 

them according to 

.x̃ (i)
j = x (i)

j − μ

σ
. (3) 

This ensures that the rescaled.x̃ (i)
j have mean 0 and standard deviation (and variance) 

1. The two methods greatly differ in the presence of outliers and some more advanced 
techniques exist to deal with them, too. Finally, one can also consider to rescale the 
target values .y(i): if the target values are strictly positive (e.g. the length or weight 
of an object), but your algorithm might also produce negative values, then maybe 
using a dummy variable .z(i) = log y(i) as the target can make sense. The algorithm 
will then predict . z which you have to transform into strictly positive values for. y via 
.y = exp z. Or if you wish to predict probabilities between. 0 and. 1, a logistic function 
can ensure that you values actually are within this interval. 

For categorical targets, you often face the problem that one category is much less 
frequent in the data, i.e. the data is imbalanced. One can easily imagine a scenario 
in which you want to predict the presence or absence of a rare disease in a patient. 
If the disease is particularly rare, you might not have enough instances to train your 
model. There are methods that alleviate this problem by deliberately oversampling 
the minority class [16], but one has to take into account that this creates artificial 
samples that have not actually been recorded in the data. 

Sometimes, you have highly correlated features in the data. If your data contains 
e.g. the left leg length and the right leg length of humans, then those features will 
essentially carry the same information. This can result in misleading model param-
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eters and interpretation, but can easily be fixed by discarding one of the correlated 
features. Often, exploratory data analysis helps to identify correlated features, but 
model selection criteria such as the AIC can also help [1]. 

However, it is not always easy to see if your input data is “garbage” that you put into 
the model. There might be subtle issues about the sampling protocol or the different 
real-world interactions between different features that might not be spotted easily. 
Nobel laureate Herbert Simon has suggested that maybe “the right way to move is 
to understand before one predicts”. Thoroughly analysing a problem might also 
reveal that spending time and effort on state-of-the-art AI methods might not even 
be necessary to solve it, but a much more simple solution may reveal itself. 

3.2 Classifiers 

A classifier predicts one of. k classes as the target value, e.g. presence or absence of a 
disease or what kind of animal is shown in a picture. Therefore, at least in supervised 
machine learning scenarios, it is straightforward to tell if the algorithm was correct 
for one particular instance .x(i). An obvious method to aggregate this into an overall 
goodness-of-fit for the whole data is to calculate how often the algorithm was correct 
as a ratio of the full data. This quantity is called accuracy and always lies between 0 
and 1. However, it can be a misleading criterion: Imagine again a scenario in which 
you want to predict the presence or absence of a rare disease that is only found in 
one in every 1000 patients. If our machine learning algorithm now decides to always 
predict “absence”, it achieves a seemingly amazing accuracy of .0.999—but it has 
not learnt anything relevant from the data! 

While the accuracy can be computed for classifiers with arbitrarily many classes, 
there are a few performance metrics specifically designed for binary classifiers which 
can only predict two classes (usually presence and absence or 0 and 1). However, 
every multiclass problem can be transformed into several binary problems. Imagine 
you want to predict if an image shows “Dog”, “Cat” or “Mouse” in a multiclass 
scenario with three classes. You can turn this into three binary classifiers by predicting 
“Dog” vs. “No Dog”, “Cat” vs. “No Cat” and “Mouse” vs. “No Mouse”. For such 
binary classifiers, you often see the terminology of “positives” and “negatives”: 
Positives refer to predictions of a . 1 or presence of the object you are interested in, 
whereas negatives are a predicted . 0 or the absence of the object. If the prediction is 
correct, it is called a true positive (predict. 1 if . 1 is true) or true negative respectively. 
If the prediction is wrong, you have false positives (predict . 1,  bu  t . 0 is true) and false 
negatives. Let now TP, .TN, .FP and .FN denote the numbers of true positives, true 
negatives and false positives/negatives. The precision of an algorithm is then defined 
as 

.precision = TP

TP + FP
= P(true value is 1 | algorithm predicts 1) (4)
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where .P(A|B) is the conditional probability of .A given that .B has been observed. 
Hence, the precision calculates the ratio between true positives and all positive pre-
dictions and gives you the probability. P that your predicted. 1 actually is a . 1, the true 
positive rate (.TPR). The false positive rate (.FPR) is defined similarly as 

.FPR = FP

FP + TN
= P(predict 1 | true value is 0) (5) 

as the probability of predicting a . 1 conditional on the true value being 0. Finally, the 
recall is defined as the probability of correctly identifying a . 1 as a . 1: 

.recall = TP

TP + FN
= P(predict 1 | true value is 1). (6) 

The difference might be subtle, but can be illustrated with an example: If the algorithm 
only predicts a . 1 in extremely clear-cut cases, then its precision is very high because 
it almost never erroneously labelled a true . 0 as a . 1. However, its recall will be low 
because many not-so-obvious true . 1s have been mislabelled as a . 0 and are therefore 
false negatives. In fact, under the hood of many classifiers, you see that the classifier 
usually does not directly predict a . 1 or . 0, but rather computes a confidence score 
that the given instance is a . 1.  Fo  r .x(1), the confidence score for predicting a . 1 may 
be .0.42, whereas it is .0.666 for .x(2). A threshold . τ has to be chosen such that all 
scores below . τ result in a prediction of . 0 and everything above . τ gets predicted 
as . 1. You can see that by varying . τ , it is possible to predict both .x(1) and .x(2) as 
a . 0 (.τ > 0.666)  or  a  s . 1 (.τ < 0.42) and an intermediate region in which only . x(2)

is predicted as a . 1. Often, the algorithms automatically choose a default value for 
the threshold, but you can usually manually change the threshold to fine-tune the 
predictions for the given problem (e.g. a high . τ for a restrictive algorithm such that 
you have very few false positives). This decision depends on whether a false positive 
or false negative prediction is more harmful in the given problem, which may not 
have an objective answer. When screening for a dangerous disease, which of these 
outcomes is worse: Missing some infected people with false positives and not giving 
them early medication? Or scaring many people with false negatives and causing 
unnecessary stress and spending much time and health care budget on extensive 
additional tests, thereby not having enough time to treat other patients? The answer 
to this is highly subjective. 

The considerations about a trade-off between precision and recall lead to another 
quantity that estimates the goodness-of-fit, the “area under curve” or AUC.  The  
idea is to slide through a continuum of possible threshold . τ and to then plot the 
.FPR and .precision of the resulting prediction. A perfect classifier has .FPR = 0 and 
.precision = 1 and one can use the distance to this point to estimate a good threshold 
. τ for a given classifier. As the previous paragraph has already alluded to, tuning the 
threshold to extreme values will lead to a classifier with.FPR = 0 and. precision = 0
(nothing is predicted as . 1) and .FPR = 1 and .precision = 1 (everything is predicted 
as . 1). A random classifier that does not use any information from the training data
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Fig. 3 ROC curves of different classifiers whose threshold is varied and hence, their.FPR and. TPR
are also varied. Classifier 1 has the largest .AUC and is therefore the best classifier. Classifier 2 
is notably worse and Classifier 3 performs even slightly worse than the theoretical baseline for a 
random (i.e. uninformed) classifier 

(e.g. a random number generator or an elaborate coin flip) will for all other thresholds 
. τ lie on a straight line between those two points. If you plot the various . (FPR/TPR)

pairs that varying thresholds produce for each classifier, you produce the receiver 
operating characteristic curves (ROC curve) shown in Fig. 3. Here, the performance 
of three classifiers is shown and compared to the baseline of a theoretical random 
model. The AUC is the area under the ROC curve and large AUC values indicate a 
better performance for the respective classifier. 

3.3 Regression 

For a regression task, all targets .y(i) ∈ R and all predictions .ŷ(i) = f x(i) are real 
numbers. The algorithm will almost never exactly hit the true value.y(i), but one can 
use the difference between prediction and reality (the error or residual). r (i) = y(i) −
ŷ(i) as an indicator of the algorithm’s quality: the smaller the residuals’ absolute 
values, the better the algorithm. But again, there are different ways to aggregate the 
prediction quality of all .m instances to one performance value. 

The gold standard for aggregating the residuals is the Root Mean Square Error 
RMSE whose name already gives away its mathematical definition as 

.RMSE = 1

m

m

i=1

y(i) − ŷ(i) 2
. (7)
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Squaring the residuals ensures that positive and negative errors do not cancel each 
other out and the mean values aggregates the error across the sample. Finally, the 
root transforms the error measurement back to the same dimension of the targets (i.e. 
if the targets .y(i) are given in m, it makes sense to have an error measurement in m 
instead of .m2). 

Tightly connected to the .RMSE is the coefficient of determination .R2.  I  f . μ is the 
mean value of the targets .y(i), .SSres the sum of squared residuals and .SStot the total 
variation in the data, the .R2 is defined as 

.R2 = 1 −
m
i=1 y(i) − ŷ(i) 2

m
i=1 y(i) − μ

2 = 1 − SSres
SStot

. (8) 

It is interpreted as a measure how large the sum of squared residuals .SSres is 
compared to the total variation in the data quantified by the total sum of squares. SStot
(which is essentially the same as the variance of the data). Good models reach a . R2

close to 1 and there is a convenient interpretation for .R2 = 0: if you constantly use 
the mean value. μ for prediction (and therefore do not use any information about the 
features .x(i)), the resulting score will be .R2 = 0. Note that despite its exponent . 2,  it  
is possible to get negativ e .R2 values if the model is worse than the mean value of 
the targets. This may sound like a niche case because why would anyone even come 
up with such a bad model if they could use . μ instead? But this can actually happen 
in practise because if you calculate the .R2 on the test data, you do not know . μtest

beforehand, but only .μtrain! Maybe your model had a .R2 > 0 on the training data, 
but failed spectacularly on the test data. The connection between .R2 and .RMSE is 
that they both use the sum of squared residuals .SSres = y(i) − ŷ(i) 2

. 
However, the .RMSE and .R2 can give enormous weight to outliers in the data 

because squaring the errors means that few outliers can dominate these metrics for 
the whole sample. The Mean Absolute Error .MAE given by 

.MAE = 1

m

m

i=1

y(i) − ŷ(i) (9) 

alleviates this problem. 

3.4 Cross Validation 

We have already stressed the importance of splitting your data into training and test 
data and the cross validation of your model takes this strategy even a step further 
and can be used to fine-tune your model. In a.k-fold cross validation, the training data 
is split into . k equally sized batches. The model is then trained on all but one of the 
batches and the remaining batch is used as a validation data set (think about this like 
test data that you have access to) to evaluate its performance. This is repeated. k times
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where each time a different batch is used for testing. Hence, you do not end up with 
one .R2 or .AUC value for your model, but . k of these values. This can be especially 
useful to compare different models with each other: With one train-test-split, model 
one  may  have  a  n .R2

1 = 0.78 and model two .R2
2 = 0.74—model one is better, but 

only by a slight margin. Is this margin significant or just down to random chance? 
You can now use a 10-fold cross validation to make a more thorough comparison of 
the models. If model one always has a better .R2 for each of the 10 folds, it probably 
is better than model two. But if both models are better than the other during 5 of the 
folds, you might conclude that they are essentially equally good candidates. 

4 Trees and Forests 

Many AI methods are based on trees because on the one hand, trees can be combined 
with ensemble methods to become powerful models, and on the other hand, their 
basic structure is very easy to understand and interpret even for laymen (an exemplary 
decision tree is given in Fig. 4). Especially the latter property means that tree-based 
methods are still widely used whenever the machine learning model not only has to 
be accurate, but also transparent and understandable for decision-makers or because 
of regulatory standards. 

Although trees can be used both as a classifier and as a regression model, it is 
most intuitive to start with decision tree classifiers. For each node on the tree, the 
algorithm selects a decision criterion (e.g. “feature.x j > 0.5”) and splits the elements 
of the parent node based on whether they fulfil the criterion or not. This produces 
two child nodes that are again split according to new decision criteria and so on. The 
decision criterion is selected to optimise the purity of the children nodes compared 

Fig. 4 Example of a decision tree. This tree may or may not have been used by the author
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to the parent node. Purity means that ideally, a node should only contain members 
of one class. If a node is already completely pure, it is not split anymore; otherwise 
the tree continues to be split into subtrees until a maximum amount of splits has 
been performed (the maximum depth of the tree has to specified beforehand). The 
nodes which are no longer split into smaller nodes are called “terminal nodes”. If we 
present the tree with a new instance, it will move along the flow chart of the different 
decision criteria based on the instance’s feature values until it reaches a terminal 
node. The majority class of the training data which ended up in that terminal node 
is then given as the prediction for the new instance. 

The purity of a tree’s node is usually measured via one of two quantities, the 
entropy .H or the Gini index . G. For both of them, consider . k different classes 
and the proportion of instances that are part of class . l is given by .(pl)1≤l≤k with 
.

k
l=1 pl = 1. These two quantities are then defined as 

.H = −
k

l=1

pl log2 pl and G = 1 −
k

l=1

p2l . (10) 

Both are minimised with values.H = G = 0 for perfectly pure nodes if for one class 
. L , all instances fall into that class with probability.pL = 1 and all other classes. l L
do not occur at all and their probability is .pl = 0. They are maximised if .pl = 1

k is 
equally likely for all classes . l (then .Hmax = log2 k and .Gmax = 1 − 1/k). Usually, 
the Gini index is evaluated faster than the entropy because it does not require the 
computation of logarithms, but the entropy has a convenient interpretation as the 
information content measured in bits (hence the use of base 2 in the logarithm). 
While Gini index and Entropy often produce similar trees, there is a tendency for . G
to isolate the most frequent class whereas using.H tends to result in more well-mixed 
trees [10]. 

For the well-known Iris data on the morphologic variation of Iris flower species [7], 
a visualisation of a decision tree (with maximum depth.= 2) is shown in Fig. 5. Here, 
three different species of the Iris flower (setosa, versicolor and virginica) are used as 
the classes and different morphological features of the plants are used to classify them 
via the entropy. H . The first decision criterion is based on the petal length of the plants 
which already results in a pure node for the setosa species and a mixed node which 
contains all versicolor and virginica instances. This node is then split according to 
the petal width and we receive two almost pure nodes (the left has 49 versicolor and 
5 virginica samples, the right has 1 versicolor and 45 virignica samples). Because the 
maximum depth of 2 has been reached, the algorithm terminates. The structure of 
the tree is easy to understand even if you do not know anything of the inner workings 
of the algorithm behind it. 

Regression trees work very similar to their classifier counterparts, but instead of 
predicting a class, they predict a numerical target .y ∈ R. Given a new instance . x, 
they also follow a similar flowchart like in Fig. 5 until . x ends up in a terminal node. 
But now, the prediction . f (x) = ŷ is the mean value of all .y(i) in that terminal node. 
Essentially this results in a piecewise constant function . f (x).
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Fig. 5 Tree classifier for the famous Iris dataset learnt and visualised via [23] 

4.1 Deep Trees and Overfitting 

Setting the maximum depth to 2 made the tree classifier in Fig. 5 terminate although 
the terminal nodes are not yet pure. If the maximum depth had been larger, the tree 
would have grown further and produced purer terminal nodes. Especially for such a 
small data set, one can realistically hope to have only perfectly pure terminal nodes, 
i.e. that all terminal nodes of the tree only contain one class of instances. The tree 
might need to be very deep (and too large to be visualised on this page), but this is 
certainly possible—but not recommended. 

Adding more and more depth to the tree means that some terminal nodes will only 
contain very few instances. E.g. take a look at the rightmost node in Fig. 5 which 
contains one versicolor specimen and 45 virginica specimens. If we want to purify this 
node even further, we have to split off the single versicolor instance from the 45 other 
instances. There surely will be some combination of criteria that achieves this, but it 
might be rather complicated and heavily tailored to that single versicolor specimen. 
Such extremely specific criteria often do not generalise well on unknown data. Think 
about the example with only one versicolor instance: Why should a terminal node that 
was only constructed based on a single instance be a good generalisation for unknown 
data? Why should the complex chain of decision criteria leading to this terminal node 
hold any real knowledge instead of just desperately attempting to model the noise that 
is inherent in every data set? It really encapsulates not seeing the wood for the trees, 
as the perfectly grown tree model distracts from the fact that you do not actually 
care about the training data, but need a stable model for new and unknown data. 
This phenomenon is called overfitting and is common in many machine learning



22 T. Wand

Fig. 6 Illustration of overfitting: The Lagrange polynomial with high degree manages to perfectly 
fit the data (left), but higher polynomial degrees lead to increasing training errors (right) 

algorithms. It usually can be spotted early on in the machine learning pipeline when 
you notice that making your algorithm more complex (i.e. adding more parameters) 
improves your performance on the training data, but decreases its performance on 
the unknown test data. This marks the beginning of the overfitting regime. 

This problem is also illustrated in Fig. 6, where we try to fit polynomials of degree 
. d to.N data points. A quadratic fit captures a lot of the data, but a Legendre polynomial 
whose degree is given by.d = N − 1 can always fit the data exactly. However, it has 
a lot more parameters than the simple quadratic polynomial and you can see in 
Fig. 6 (left) that the Legendre polynomials can have a poor performance between the 
observed data. Hence, the test error of the polynomial fit starts to increase at high 
degrees, whereas their training error still decreases (right). 

Sometimes, regularisation methods can prevent overfitting during the training 
process. A naive training algorithm varies the model parameters. θ until it minimises 
the model error. But with regularisation, you add a penalty term to the model error 
that punishes overly complicated models. As a simple example, the Lasso method 
simply adds the absolute values of all parameters .θv to the model error [30], i.e. the 
optimiser now needs to minimise 

.min
θ

Error(θ) + λ

Nθ

v=1

|θv| . (11) 

The regularisation hyperparameter .λ > 0 determines how much the regularisation 
punishes complex models. For small .λ 0, the regularisation has almost no effect, 
but if .λ 0, it will ensure that only very few parameters .θv are significantly differ-
ent from zero. Looking at the polynomials in Fig. 6, you can probably see that the 
Lagrange polynomial needs many more nonzero parameters than the quadratic fit 
and would be punished heavily by a Lasso regularisation.
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4.2 Boosting 

If a tree is simply not accurate enough for the given problem, but you do not want to 
risk overfitting, you can turn to ensemble methods that combine many weak models 
to one good prediction. Think about this as a “wisdom of crowds”-scenario. One 
type of ensemble methods is boosting the weak model by training new versions of 
it that improve their predecessor’s mistakes. The two most frequently used boosting 
methods are Adaptive Boosting or AdaBoost [2] and Gradient Boosting [8]. 

AdaBoost first trains an initial weak model.M1(such as a tree with a low maximum 
depth) and trains it to the data set. It then identifies the instances for which the model’s 
prediction were wrong and gives them more weight in the next training process. A 
new weak model .M2 is then trained with the updated weights and the process is 
repeated until the ensemble of trained models.{Me}e=1,...,E is large enough. For a new 
instance . x, AdaBoost then uses each model in its ensemble to make an ensemble of 
predictions. These predictions are combined to one prediction by assigning weights 
to the model’s prediction .Me(x) based on how well the model performed on the 
training data. For classifiers, a weighted majority decision can be used to aggregate 
the ensemble’s predictions to one final prediction. 

Gradient Boosted Regression Trees (GBRT) have a similar idea, but each subse-
quent model.Me+1 is trained on the residuals of its predecessor.Me. GBRT also starts 
with a base model .M1 whose prediction errors .r1 = y − M1(X) are  used  to  tr  ain
.M2. If .M2 manages to achieve perfect accuracy, then the sum of the two predictions 
will exactly result in the target values .M1(X) + M2(X) = y. As this is usually not 
possible you train another tree.M3 for the residuals.r2 of.M2 and so on until you have 
enough trees. For any new instance . x, the prediction of the ensemble is then given 
by the sum of every individual tree’s prediction 

. f (x) =
E

e=1

Me(x). (12) 

4.3 Bagging and Random Forests 

Another group of ensemble methods uses the Bootstrapping technique [6], whose 
name derives from the saying “to pull oneself up by one’s bootstraps” because when 
you initially read about this method, you tend to believe that it is just about as non-
sensical as pulling yourself up by your bootstraps. The core idea behind statistical 
bootstrapping is taking your sample .Z = (z1, . . . , zn) and resampling with replace-
ment. I.e. you construct a new sample .Z̃ = (zi1 , . . . , zin ), where some .zi from the 
original sample are used more than once, whereas others have been dropped com-
pletely (mathematically, there are .l m with .il = im). This is repeated .nB times 
such that.nB new samples.{Z̃1, . . . , Z̃nB } are created. Statisticians can now calculate 
any statistic of interest—e.g. the median—on each of the.nB new samples and get an
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ensemble of median values from which they can calculate the standard deviation of 
the median. This is especially useful if no analytically closed form exists to calculate 
uncertainty intervals for the statistic you are interested in (imagine you want to eval-
uate a complicated function across the sample . Z but also need uncertainty intervals 
for it). 

As machine learning engineers, we can now use a weak classifier such as a tree 
and train it on all .nB bootstrapped samples to get an ensemble .{M1, . . . , MnB } of 
trees. Their predictions can be aggregated via e.g. majority decision for classifiers 
or with the mean value for regression trees and will result in a powerful and stable 
model. The bootstrap aggregation is abbreviated as bagging. Because bootstrapping 
results in such a variety of new samples.Z̃b, the bagging model will rarely be tempted 
to overfit the data. 

An extension of the bagging method is the random forest. Just like bagging, the 
random forest also uses bootstrapped samples . Z̃ to train many trees. The key differ-
ence between random forests and bagging is that random forests have an additional 
layer of randomness in the selection of features: Trees usually choose the most opti-
mal combination of feature and threshold value for their splitting criteria. In random 
forests, they can only choose the optimal splitting criterion from a subset of features, 
not from all features in the data. This is another safety precaution against overfitting. 
Of course, both methods can be combined by bagging boosted trees. 

5 Neural Networks 

In recent years, artificial neural networks have pushed the field of machine learning 
to new limits and allowed artificial intelligence to overcome more and more spectac-
ular challenges. AlphaGo’s famous victory against the Go master Lee Sedol and the 
impressive performance of the various GPT models in natural language processing 
are just two examples of algorithms which use neural networks as their key archi-
tecture and which manage to come close to or even surpass human performance. 
Often, engineering solutions have been inspired by biology (the lotus effect is a 
famous example for this) and as the name suggests, artificial neural networks are no 
exception to this. The fact that its basic structure is loosely modelled after our brain 
probably helps to evoke strong associations with human-like intelligence whenever 
artificial intelligence based on neural networks is discussed. However, a look at the 
mathematics behind neural networks helps to demystify them. 

The fundamental unit of a neural network, a neuron, is directly inspired by the 
neurons in our brain. A biological neuron receives several signals and if their sum is 
strong enough, it “fires” and sends out another signal as an output. Artificial neurons 
or perceptrons work very much the same [19]: they receive input signals . i1, . . . , in
and use a weighted sum to combine them to one value . n

j=1 w j i j .  If  this  sum  is  
large, the neuron produces a strong output according to an activation function .h(·), 
otherwise its output is close to zero or exactly zero. Often, a bias term. b is also added 
to the sum. The neuron’s output is therefore given as
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.h

⎛

⎝
n

j=1

w j i j + b

⎞

⎠ (13) 

where .i j are the inputs and the tuneable parameters are the weights .w j and bias 
. b. Initially, . h was usually given by a step function with .h(x) = 1[0,∞)(x),  but  for  
reasons discussed below in Sect. 5.1, other functions have started to become popular. 
Some frequent choices are depicted in Fig. 7. 

However, one neuron alone is not a neural network. Instead, there are usually 
several hidden layers of neurons and each layer contains many neurons. The input 
values (i.e. the features of an instance) are plugged into each neuron of the first hidden 
layer and these neurons compute an output according to their activation function like 
(13). Their output values are then passed into the next deepest layer where they are 
used as inputs for the next neurons and so on. Finally, all outputs from the deepest 
layer are plugged into one or more output nodes which then give the prediction of the 
network. For classification tasks with. k classes, you usually have. k output nodes (one 
for each class) whose outputs are then normalised to form a probability distribution. 
Output .Oκ will then give you the probability that the instance is in class . κ .  For  a  
regression task, one output node is usually enough as it will give the numerical value 
that the algorithm predicts. Such networks are called multilayer perceptrons or 
MLPs and a sketch of a network with one output is shown in Fig. 8. 

Here, the network receives two features as inputs and passes them into the first 
hidden layer with three neurons. All neurons receive both input values, i.e. this is 
a fully connected layer. Their outputs are then passed to the second hidden layer 
with four neurons. However, this layer is not fully connected (e.g. neuron .N2,1 only 
receives inputs from two of the three neurons in the previous layer). Finally, their 
output is aggregated into an output layer. The network depicted in Fig. 8 has 19 

Fig. 7 Popular activation functions for neural networks include the ReLu function and the smooth 
sigmoid function
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Fig. 8 Sketch of a neural network’s architecture made via [5]. Each .Ni, j is a neuron with an 
activation function according to (13) and the arrows show input/output relationships 

connections between inputs, neurons and output node and (including the output) 8 
neurons, i.e. it has 27 tuneable parameters (19 weights and 8 biases). And we are 
dealing here with a very small network! It is not uncommon to see layers of .26 or . 27

neurons and deep neural networks have many more layers than just two. Thus, it is 
easy to see that their number of parameters essentially explodes. 

You can interpret the neural network as an ensemble method similar to the boosting 
and bagging techniques from Sect. 4: Like gradient boosting, many simple neurons 
are essentially chained after each other to correct their predecessors’ mistakes. And 
similar to bagging, the neurons in the first hidden layer are many versions of the same 
base model working on slightly modified input data, but while bagging resamples 
the data via bootstrapping for each base model, each neuron has different weights. w
that change how it views the input data. 

5.1 Gradient Descent and Backpropagation 

The parameters of neural networks are estimated such that the network’s predictions 
are as good as possible according to a given evaluation metric (see Sect. 3). However, 
simultaneously tuning so many parameters .θ = (w,b) is not an easy task and elab-
orate algorithms have been developed without which the practical applicability of 
neural networks would be extremely limited. The foundation of these optimisation
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Fig. 9 Schematic representations of error landscapes during a training process. Left: gradient 
descent with a high learning rate can overshoot and miss the optimum. Right: regular gradient 
descent can get stuck in local minima, whereas stochastic gradient descent can escape from them 

algorithms is the gradient descent on the landscape of an error function which can 
be regarded as the opposite of a performance metric (the larger the error is, the worse 
the algorithm performs). The optimiser starts with randomly initialised parameters. θ 0

and then calculates the local gradient of the error function for the given parameters, 
i.e. the error function’s derivative or slope. It then moves a step into the direction of 
the decreasing gradient and arrives at a new parameter vector .θ1 which (hopefully) 
has a lower error than its predecessor (see the arrows in Fig. 9,  left);  it  descends along 
the error landscape. This process is then repeated until a minimum of the error func-
tion is found. The size of the steps is a crucial parameter called the learning rate. 
If the steps are small, then the optimiser needs a lot of steps to find the optimum, 
whereas a large step size might overshoot and miss the optimum (illustrated for the 
high learning rate in Fig. 9, left). Because gradient descent can get stuck in local 
minima and fail to find the global optimum, stochastic gradient descent has been 
invented as an extension. It does not deterministically follow the direction of the 
gradient, but instead has a stochastic component that allows jumps across the error 
landscape to escape local minima (shown in Fig. 9, right). 

Moreover, the gradient descent technique is supplemented with another important 
trick, the backpropagation algorithm, to achieve a fast training process for neural 
networks [26]. In each epoch of the training process, the neural network first makes 
a prediction on the training set (called a “forward pass”) and each neuron’s inter-
mediate result is saved for later calculations. The prediction error is then measured 
and propagated backwards through the neural network. The algorithm evaluates the 
contribution to the overall error of each connection between neurons. This is done 
via the chain rule to efficiently calculate the gradients for gradient descent. As shown
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in introductory calculus classes, the derivative of a chain of functions is the product 
of their derivatives 

.
d

dx
h( f (x)) = d f

dx

dh

d f
. (14) 

Thus, even long chains of neuron outputs like (13) can be evaluated with relative 
ease as long as the derivatives of each step exist. This is why the step function is 
no longer used for neural networks: at their flat steps, their derivative is zero, and at 
the position of the step, the function is not differentiable. Hence, functions like the 
ReLu or Sigmoid (shown in Fig. 7) are used instead so that the full gradient can be 
calculated rather easily to finally apply (stochastic) gradient descent. 

The backpropagation algorithm can explain why neural networks have become 
the premier machine learning model after having been neglected by researchers for 
decades. While neural network training iterates over the .m training instances, the 
previous gold standard of artificial intelligence, support vector machines, inverts an 
.m × m matrix. Thus, for large . m, the computational complexity of neural networks 
scales linearly as .O(m), but the complexity of support vector machines as . O(m3)1 . 
For twice as much training data, the required effort to train a neural network is 
doubled, whereas it increases eightfold for support vector machines. Because an 
abundance of training data is necessary for good performance and the era of “big 
data” provides machine learning engineers with plenty of data, scaling efficiently 
with large data is a key advantage of neural networks. 

5.2 Advanced Architectures 

Multilayer perceptrons can already solve a lot of machine learning problems with 
great success. However, research did not stop with MLPs and numerous specialised 
architectures have been developed to tackle specific machine learning problems. This 
section will give a brief introduction to some of them, while being fully aware that 
each of these could easily warrant a full book chapter just for themselves. 

Just like MLPs and the concept of a neuron have been inspired by our biological 
neural networks, a specialised neural network was loosely modelled after our brain’s 
visual cortex to excel at image classification. Convolutional neural networks (CNN) 
use small filters that scan over a given image and analyse if a given pattern is found 
in any location of the image’s .(x/y)-plane [9]. One filter might be used to identify 
vertical stripes, another one for horizontal stripes and other filters for curved stripes 
and so on. This means that neurons on the first layer of the CNN are not connected 
to every pixel of the image, but only to the small subset of their so-called receptive 
field as depicted in Fig. 10. Often, several convolutional layers are stacked on top of 
each other until a regular MLP uses the CNN’s output to classify the image as e.g. a

1 The author would like to thank Prof. Stefan Harmeling (TU Dortmund) for pointing that out. 
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Fig. 10 Illustration of a convolutional layer in a CNN, taken from [28] and reproduced with 
permission from Springe Nature (SNCSC). A .17 × 8 pixel image is analysed by running a . 3 × 3
pixel filter across it (top line). The filter can e.g. detect vertical or horizontal lines and its detection 
results are then recorded in a .15 × 6 pixel map (bottom). This map now essentially encodes if the 
geometrical structure of the filter appears in a given part of the image or not 

house (with many straight lines vertically and horizontally) or a ball (many curves). 
Note that all of these filters are learnt during the training process and not given a 
priori. 

One could theoretically build an MLP that uses all pixels of the image as input 
features, but CNNs have two major advantages over such architectures: First, even 
low-resolution images have at least .105 pixels, meaning that an MLP needs an enor-
mous amount of parameters to process them. Second, and maybe most importantly, 
because the CNN scans its filter across the entire image, it can detect the same visual 
elements at different positions in the image. For example, images of a dog usually 
depict two eyes and two ears. CNNs can recognise that there are two of these elements 
present in the image, whereas MLPs struggle much more to do this. 

Another important task for machine learning algorithms is to predict time series, 
like e.g. forecasting the weather or stock market prices. CNNs can actually be used 
for this purpose, too, if they have one-dimensional filters that can learn to detect 
ups and downs of a time series. A more tailored solution for this kind of task is a 
recurrent neural network (RNN). For each time step . t , the recurrent neurons not 
only receive the input for that time step (i.e. the features.x(t)), but also is output from 
the previous time step .h(x(t − 1)). It therefore has a memory of the previous time 
step and can use this to more accurately predict the next step. 

However, RNNs have a rather short-lived memory, which can be detrimental for 
some applications. LSTM cells (whose abbreviation stands for the paradoxical long
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short-term memory) can remedy this issue [11]. The LSTM cell has an explicit long-
term state and learns which information has to be stored in this state to improve its 
performance. 

Especially for natural language processing, the transformer architecture has 
become an irreplaceable building block [31]. Transformers consist of two elements, 
an encoder and a decoder. First, the given input sentence is encoded into an abstract 
vector representation that e.g. captures the sentences general sentiment (hopeful, sad 
etc.). This vector is then decoded back into human language and the decoder can be 
used to predict the next word in the sentence (i.e. to write new texts) or to decode 
the original sentence in another language. Such translator greatly profit from the 
transformer’s abstract representation and work much better than e.g. word-by-word 
translators. 

Sometimes, machine learning is used to forecast models which we have essentially 
already understood on a microscopic level, but are too computationally expensive 
to explicitly simulate from the bottom up. While it is certainly possible to let the 
machine learning algorithm simply “do its magic”, it is unwise to disregard the 
knowledge that we already have about the system. Physics-informed neural net-
works (PINNs) have been developed to incorporate such knowledge into the machine 
learning framework [24]. If we are e.g. faced with a problem from fluid dynamics, 
we might know which partial differential equations (PDEs) the model should follow. 
But explicitly simulating them might be too difficult with the given initial conditions. 
Then, we can train the model as a regular neural network, but impose an additional 
condition that the model should not only accuractely capture the data, but also the 
underlying PDEs. Essentially, this corresponds to regularisation methods like (11), 
but using a highly informed penalty function. 

5.3 Implementation 

After spending many pages on discussing the theory of neural networks, practically 
minded readers might now demand some advice on how to use neural networks 
and train them themselves. In the past years, the programming language Python has 
established itself as the premier language to implement machine learning models 
because its rather simple syntax makes it accessible for people without coding expe-
rience and its multitude of packages include many popular machine learning algo-
rithms. The package scikit-learn (usually abbreviated as sklearn) provides a good 
general machine learning toolkit alongside some data wrangling tools [23] and also 
an implementation of multilayer perceptron networks. However, for large-scale neu-
ral networks, the packages tensorflow.keras and Pytorch are much more frequently 
used [4, 29]. These packages also include straightforward implementations of the 
advanced architectures from the previous section.
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6 Closing Words 

While the first major successes of artificial intelligence were achieved with logical 
algorithms that used explicitly given rules, there has been a paradigm shift over the 
past decades towards machine learning, i.e. algorithms that are capable of deriving 
rules themselves from data. Of course, innovation does not simply stop here. Another 
extension to the machine learning methodology is to make the model interact with 
an environment and receive a reward based on how well its algorithm performs. This 
strategy, reinforcement learning, aims to more closely mimic how intelligent beings 
learn and will be discussed in detail in the next chapter. 

Within the latest AI-craze, it is prudent to remember that interest in artificial 
intelligence has already experienced two “AI winters” during which funding for 
researchers decreased and innovation was slowing down. This is at least partially 
because of human nature, as new achievements in AI can easily lead to a hype 
of optimism and overconfidence which simply cannot live up to reality and have 
to lead to disappointment. However, this also means that some technologies had 
been forgotten for decades of hibernation. After the concept of perceptrons had 
been sharply criticised by one of the leading AI experts who argued that it was a 
pointless endeavour to study them [20], research on multilayer perceptrons struggled 
to keep on during the first AI winter and was dormant for decades. As a result, 
neural networks had to basically be rediscovered afterwards by a new generation of 
researchers. Maybe the next big thing has already been invented years ago and waits 
to be rediscovered? 

Of course, this short introductory chapter is lacking both in scope and depth. The 
interested reader is recommended to consult [10], which is one of the most widely 
used introductory textbooks on artificial intelligence. Equipped with a good general 
grasp on machine learning, one can then find tutorials and blog posts on almost any AI 
topic on the internet. Although statistics has been touched only briefly throughout this 
section, probability theory and statistics are nevertheless an important foundation of 
machine learning. Sometimes, it might even be necessary to refresh one’s knowledge 
about these topics in order to fully understand how to apply an algorithm. Especially 
for readers with a background in physics, [14] is a great introduction to probability 
theory, whereas the classic [15] is a more in-depth mathematical textbook. 

An interesting new development in the field of AI is the need for greater trans-
parency, often driven by regulatory agencies, but also by the desire to better under-
stand what the model is actually doing. As a great example of the “garbage in, 
garbage out”-paradigm, one image classifier learnt to recognise pictures of horses 
only because they all had the same photographer’s tag in one corner of the image [13]. 
This situation is quite amusing, but what if something like this occurs if the AI is 
supposed to make high stakes decisions? 

Explainable AI (XAI) has been suggested to increase trust in AI by making the “AI 
black box” more transparent [21]. XAI methods try to explain in simple terms why 
the AI made its decisions the way it did, e.g. by producing heat maps of influential 
regions for image classifiers. An alternative methodology is to design inherently
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interpretable algorithms as suggested by Cynthia Rudin in [25]. Rudin argues in 
favour of engineering meaningful features from the data by using experts and domain 
knowledge such that even a simple and easily understandable algorithm can make 
accurate predictions based on those features. This is an interesting throwback to the 
older generations of AI algorithms such as Deep Blue, whose chess strategies were 
devised by domain experts, but Rudin argues to supplement the feature engineering 
with the machine learning methodology from recent AI models. Only time will tell 
which of these approaches will be more successful, but greater transparency of AI 
and better understanding of its inner workings is certainly a valuable goal for new 
researchers. 
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An Introduction to Reinforcement 
Learning–in Artificial and Biological 
Control Systems 

Malte Schilling 

Abstract Reinforcement Learning takes an active perspective on the learning of 
internal models, focusing on an agent acting in an environment. The agent’s control 
system is tasked with selecting actions for the agent based on the current sensed state. 
In Reinforcement Learning, the control system is optimized to gain high rewards over 
time. While the optimization is driven by a usually external reward signal, the process 
is explorative, as the agent tries to find areas within the environment that offer high 
rewards. In Deep Reinforcement Learning (DRL), neural networks are employed as 
function approximators to deal with continuous sensory input spaces. Considering 
actions as the output of the control system, the exploration of large action spaces 
quickly requires a high number of exploratory interactions or, even worse, becomes 
intractable. In this chapter, we will introduce Reinforcement Learning, its conceptual 
formulation as a Markov Decision Process, and highlight current problems of DRL 
as well as biologically-inspired approaches that address these issues. 

1 Introduction 

Central to the approach of Machine Learning is the idea of learning structure from 
data [7, 37]. The goal is to train internal models that, after training, can be applied 
to novel inputs and provide reasonable outputs for these, which is considered gener-
alization. These models can be represented as functions, and learning is viewed as 
training such models in a way that, over time, they better fulfill a given task, measured 
by specified metrics. In general, there is one major distinction in Machine Learning 
concerned with how such models learn: First, in supervised learning, there is labeled 
example data. In this case, data points are described by possibly a large number of 
features, and the model has the task of assigning a label (or target) to such data 
points. For the training dataset, these labels are already given and serve as ground 
truth. The two most common cases inside supervised learning are classification and 
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regression tasks. For example, in classification, a model receives an image as input, 
and the model should produce as output a label which indicates the class depicted in 
the image, e.g., a cat, a dog, or which digit in the classic MNIST dataset is shown. 
The availability of large data sets has led to the widespread success of supervised 
learning approaches, and today, when provided with sufficient data (ranging in the 
thousands to millions), supervised learning solves classification problems in visual 
domains when there is sufficient representative data available. Secondly, in unsu-
pervised learning, the data is not labeled, and there are no given targets. In such 
cases, the goal is to uncover underlying structures from the data and represent the 
distribution of the data. Typical tasks include the detection of outliers—does a novel 
data point fit into the data provided during training—or clustering approaches—do 
the different data points form specific clusters? 

A third approach to Machine Learning is given by Reinforcement Learning, which 
takes a quite different and more enactive perspective. In Reinforcement Learning, 
the learning model is considered as making (or supporting) decisions [2, 53]. A 
current state of an environment is used as an input to the model. The task for the 
model is to produce an action signal as output. This view is inspired by biology, 
in which Reinforcement Learning is used as a framework to describe exactly this 
type of sequential decision making [38]. An agent acts in an environment, and the 
actions depend on the current sensed state of the environment. In Reinforcement 
Learning, the agent learns how to act, driven by an explicitly given reward signal 
which is directly inspired from biology, where in such reward-driven learning, an 
animal is rewarded after performing a certain action [52]. In this conceptual learning 
framework, an agent not only observes the environment (these observations represent 
the input to the model and the current state), but in addition, an explicit reward 
signal is required that indicates to the agent how well it currently chooses actions 
(Fig. 1). The goal of Reinforcement Learning is to develop a control model that 
selects actions that—in the long run—maximize the accumulated reward, i.e., select 
what is considered optimal behavior. 

Reinforcement Learning is an active area of research (see as well the chapter by 
Hartmut Löwen/Benno Liebchen in this book) and, over the last years, has shown 
success in multiple application areas, particularly in combination with deep neural 
networks. For example, it has been demonstrated that better than human performance 
could be learned in playing computer games in a complete end-to-end fashion [35]. 
More recently, this has been extended to areas such as robotics [9, 22, 27, 29]. Rein-
forcement Learning is particularly attractive as it provides a simple framework for 
learning that does not rely on expensively labeled data, but instead is guided by a sim-
ple reward signal. Recently, this conceptual simplicity has been applied and became 
essential in the success of large language models like ChatGPT. Tuning of such 
large language models was known to be effective but still required huge amounts of 
human training data. As a consequence, such models could not be sufficiently trained 
towards dialogue models. The current series of chat models became successful when 
Reinforcement Learning was applied in training, and instead of supervised data, the 
training was simplified and purely driven by a simple—and easily trainable—reward 
function [41]. The intuition that it is much simpler to assign a simple reward value
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(b)(a) 

Fig. 1 a Conceptual view of Reinforcement Learning: Based on a current state . St , a controller 
selects an action . at . During Reinforcement Learning, this controller is optimized to maximize a 
returned reward signal.Rt that is provided by the environment together with a new observation of the 
subsequent state.St+1. b Illustration of a maze environment as used as a typical textbook example. 
In such map based scenarios states are often considered as discrete areas on a map (shown here as 
grey squares; the blue background represents part of the hallway of the maze and the dark color 
represents walls). The agent (shown in green) is controlled by a policy.πt that has to pick in which 
direction to move (out of a set of a discrete options as cardinal directions) 

compared to generating large amounts of high-quality text proved right and could 
actually be delegated to a different (and much simpler reward model) neural net-
work. Training such a reward model that later on was able to guide large numbers of 
interactions of a large language model turned out to be an essential step towards the 
current state of dialogue models. 

Reinforcement Learning has proven as an ideal framework for learning in scenar-
ios that can easily be related to a specified reward function [2]. The learning task is 
usually considered from the perspective of an agent that is trying to maximize the 
accumulated long-term reward. As a consequence, the agent is tasked with making 
optimal decisions in the long-run. So, the agent must learn which experience leads to 
which rewards (and possibly how this affects future rewards when taking a decision). 
In the end, the agent should be able to estimate long term consequences for each of the 
possible actions and should select the appropriate action. But this introduces a prob-
lem for the agent: Has he already collected enough experience to make an optimal 
decision? Or could he be missing out on some high reward as he has not sufficiently 
explored the long term consequences of one particular and underexplored action? In 
Reinforcement Learning an agent is always dealing with this trade-off during train-
ing: An agent aims at exploiting the acquired knowledge on the environment, but 
at the same time the agent has to explore and learn more about the environment as 
well as the underlying reward structure [53]. This is theoretically well researched 
for single decisions in multi-armed bandit problems in which there is no distinction 
of different states, but for all possible actions an estimate can be learned over time. 
But this particular problem becomes more renounced in sequential decision making 
tasks in which the agent is dealing with a series of decisions that can influence each 
other. In many such sequential tasks rewards are sparse and only experienced quiet
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(a) (b) 

Fig. 2 a State representation for a maze environment. Illustration of a map consisting of discrete 
square areas, each represented as a single state .Sx,y of the MDP (shown here as grey squares; the 
blue background represents part of the hallway of the maze, and the dark color represents walls). The 
agent (shown in green) is controlled by a policy.πt that has to pick in which direction to move (out 
of a set of a discrete options such as cardinal directions). b Markov Decision Process visualization. 
States are depicted as circles (the current state has a green shading). The graph can be traversed by 
picking an action shown as a black dot (or gray one). A terminating state is depicted as a square, 
rewards (. r ) are shown in orange attached to transitions after selecting an action. In the maze case 
only the final state is rewarded (.r > 0) 

late in the sequence or even at the end of a sequence, e.g., considering an animal 
running through a maze that has to find some rewarding food (Fig. 2a). The early 
decisions are equally important for finding the goal, but this only becomes apparent 
after experiencing the reward [14]. 

In this chapter, we will introduce Reinforcement Learning (RL). First, we provide 
the formal framework given by a Markov Decision Process (MDP). Afterwards, we 
introduce a taxonomy for the field of Reinforcement Learning and describe more 
in detail the main difficulties in (Deep) Reinforcement Learning. Last, we will turn 
back towards biological inspiration for robotic control and how the structure of 
biological control architectures can positively influence and alleviate some of the 
current problems in Deep Reinforcement Learning. 

2 Reinforcement Learning Formalization: Markov Process 

In Reinforcement Learning (RL), an agent observes the state of an environment. The 
task is to choose an action based on the current observation. As a result, the agent 
receives a reward for the chosen action and an updated state of the environment. Over 
time, the agent aims to maximize this reward. This optimization problem can be for-
malized as a Markov Decision Process (MDP), which provides a model for sequential 
decision-making (for a detailed introduction, see [53]). A Markov Decision Process 
is defined as a tuple of:
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• observable states . S, 
• possible actions . A, 
• a reward signal. R providing an immediate reward for choosing an action depending 
on the current state, 

• transition probabilities. P that describe the probability distribution over states when 
taking an action when currently being in that specific state, and 

• a discount factor . γ that describes how to decrease the weight of future rewards 
(usually taken from.[0, 1]). 
In the following, we will briefly explain and discuss each of these components. 

Both, the state space and the action space can be either discrete or continuous. 
The goal in RL is to find a policy .π(s) that chooses optimal actions depending 
on the current state . s for the Markov Decision Process. Discrete spaces provide a 
conceptually simpler case. When both the observation as the state space and the 
action space are discrete, a policy can be represented as a table and the MDP can be 
nicely visualized as a graph of states and actions leading to transitions for traversing 
the graph. As a simple example, consider a maze with a discrete set of locations in 
a fixed grid and the actions correspond to cardinal direction for navigating the maze 
(Fig. 2). 

As one example for continuous spaces, in robot motor control, both state space 
and action space are usually continuous. The state space as the input space is given 
by sensory signals, and the continuous action space corresponds directly to motor 
signals, as in the control of a robot when moving the joint of a robot into a specified 
position. In the continuous case, learning operates over high-dimensional continuous 
spaces. Therefore, the agent can’t learn an exhaustive list matching all possible states 
to optimal actions. Instead, we want to learn a high-dimensional continuous function 
over the state space. In Deep Reinforcement Learning (DRL), deep neural networks 
are used as non-linear function approximators for learning such a function [2]. 

In a Markov Decision Process, an agent decides which action to take depending on 
the current sensed state. When performing the selected action the agent is provided 
with a new, updated state and, in addition, a reward signal. Both can be probabilistic 
as well, for example, in the well-known frozen lake environment an agent chooses 
actions to navigate a frozen lake with holes in the ice [53].  The  task  is  to  navigate  
the maze-like frozen lake without falling into the holes (Fig. 3). Importantly, as the 
surface of the lake is considered slippery, the agent can’t be certain to end up exactly 
in the intended direction. Whenever he chooses an action, in a fraction of the cases he 
might end up in a different location; for example, when he wants to move to the right, 
only in a third of the cases does he actually move right and might instead move up or 
down in the grid world with equal probability (these are the transition probabilities 
.P : S × A → S). 

Reinforcement Learning is driven by rewards. After an action has been taken, a 
new state and reward are returned. A positive reward should reinforce the sequence 
of actions that led to this reward, e.g., in the maze case not only the last action 
should be reinforced, but the whole path. Therefore, rewards are usually distributed 
along the whole sequence of decisions. But the further away in time a decision
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(a) (b) (c) 

Fig. 3 a Illustration showing the frozen lake environment realized in the OpenAI gym [8].b Section 
of the Markov Decision Process. Shown are the states for the upper left part, and from the upper 
left corner, the action ‘down’ has been selected. This only moves the agent downwards to the state 
.S0,1 with a.50% chance. Otherwise, the agent might end up in the state.S1,0 to the right. Only when 
reaching a goal is a reward (of .r = 1) earned. c Value function for the states of the frozen lake 
environment depicted as a heatmap. Shown are the approximated expected values for the agent for 
the given place and when following a random policy. As an episode is terminated when falling into 
a hole, the expected reward always stays . 0 in these places. In the cases of the other states, states 
close to the goal have a higher value, as randomly selecting an action towards the goal is more likely 

has been from finally receiving a reward, the less such an early decision might have 
contributed towards receiving this reward, or this contribution becomes usually much 
more uncertain. Therefore, we want to decrease the contribution of early decisions 
(in our maze example in Fig. 1b, the agent might initially have turned downwards to 
the dead end at the bottom and only much later turned towards the upper part of the 
maze that leads to the goal; after receiving a reward, only the last steps that caused 
reaching the goal should be strongly reinforced). The discount factor—typically less 
than one—distributes a reward across a sequence of decisions, while progressively 
reducing the importance of future decisions, as their contribution to the final reward 
becomes more uncertain. 

The goal of the optimization is to find a policy .π(s) for which the accumulated 
reward over time is maximized. This accumulated reward is the return. Gt = Rt+1 +
γ Rt+2 + · · · = ∞

k=0 γ k Rt+k+1. A value function can be used to estimate this return 
for each state (or state-action combination): 

.vπ(s) = E Rt | s =
a

π(a|s)
r s

P s , r |s, a r + γ vπ(s ) (1) 

In this general formulation the individual parts are all considered stochastic: First, 
action selection itself is modeled as a probability distribution, and the next action 
would be sampled from this probability distribution, e.g., randomly during explo-
ration. It is important to note that a value function always depends on the given policy 
. π as the estimated value directly depends on how actions are selected which is defined 
by the policy the agent is following. The second and third sums in the definition of the 
value function deal with the joint probability distribution that describes the reaction 
of the environment. Both, the returned reward . r as well as the next state .s could 
be non-deterministic. Therefore it has to be integrated over all possible rewards and
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possible next states. Further note, that only the transition towards the next state is 
estimated while the following trajectory is approximated using the value function 
itself recursively (this is called the Bellman equation [4]). Finding the value function 
for a given policy is termed policy evaluation. In addition, one can formulate an 
action-value function that estimates the expected return when starting from a current 
state and choosing a specific action followed by adhering to the current policy: 

.qπ (s, a) = Eπ [Gt |St = s, At = a] (2) 

= 
r s ∈S 

p(r, s |s, a) r + γ 
a ∈A 

π(a |s )qπ ( s , a )

Reinforcement Learning algorithms can either directly use and optimize a policy 
for selecting the next action when in a given state, or value functions can be used to 
estimate the competency of a current policy, and these can be iteratively exploited [2]. 
In that case, for a given policy—initially, this may be a random policy or later on, the 
agent is acting mostly greedily on a currently considered optimal policy—an agent 
subsequently evaluates the value function for the given policy. Afterwards, the policy 
gets updated: It should start to exploit the found value function—the policy selects 
those actions for which a higher return is expected according to the value (or action-
value) function. In many current approaches, such as actor-critic learning [24, 34], 
both approaches are combined. While, on one hand, a policy is directly learned that 
selects from current state information the next action, there is, on the other hand, a 
critic involved which provides information on how valuable the currently considered 
state is. This kind of information is particularly important for ongoing learning as it 
allows bootstraping if a gained reward is more due to being in a high rewarding state 
as such or the selection of the action was responsible for yielding a reward. 

3 Characterization of RL Approaches 

As there are a number of differentiations among Reinforcement Learning approaches 
(see [2]), this section aims to provide an overview of the main characterizations of 
Reinforcement Learning (RL). We have already discussed how action selection is 
driven as one important distinction—either by exploiting the estimates of a value 
function or by directly employing and learning a policy. 

A further distinction in Reinforcement Learning approaches deals with our knowl-
edge of the environment: Do we possess a complete model representing the transition 
probabilities of the assumed Markov Decision Process (MDP)? Having complete 
knowledge of these joint probabilities allows us to plan ahead and apply model-
based methods [30]. This means, from a given state, all possible alternatives can be 
considered, and we can calculate for each possible successor state its probability and 
the associated reward (or a distribution over rewards). Consequently, in model-based
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Fig. 4 Two main dimensions characterize Reinforcement Learning algorithms. The distinction 
is based on how backups over possible decisions are integrated during learning or constructing a 
policy. Vertically, the length of sequences is distinguished, i.e., either full traces (top) are considered, 
and the agent only learns after finishing an episode. In contrast (bottom), an agent can focus only 
on learning from the reward of a single step as it relies on a prediction for the rest of the episode. 
The horizontal organization deals with addressing a single or multiple options at each stage of the 
decision. On the one hand (left), only a single action is picked, and a new state plus reward are 
experienced. On the other hand (right), when the environment response is known and a model is 
given, we can exhaustively estimate all possible actions and their long-term consequences. Image 
adapted from [53] 

methods, all possible actions can be considered and evaluated one after another 
(assumed for a discrete set of actions; otherwise, we deal with probability distri-
butions over actions). Examples of such model-based approaches can be found in 
robotics [44, 51, 57], presupposing a form of internal model [39, 43]. The different 
possibilities for a decision are often envisioned as a tree spanning all these decisions 
in backup diagrams (see Fig. 4, top right). In a backup diagram [53], the succession 
of states and actions is represented: from a state (shown as an open circle as in the 
MDP visualization), all selectable actions are shown below (as filled black circles). 
Each action is further connected downwards with all possible resulting states when 
performing that action (these transitions could be stochastic, as in the frozen lake
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example, and selecting an action does not necessarily result in a given state, but one 
could end up in different states and receiving different rewards, as indicated in the 
example backup diagrams). Model-based approaches utilize the given model and 
evaluate over the whole width of the spanned backup diagrams. Such approaches 
are only applicable if a model is known or has been learned, e.g., in game-like sce-
narios with a clear defined progression of states following an action. In contrast, in 
model-free methods, the transitions themselves are not known or not needed. Such 
model-free approaches are considered as sample-based methods, as in each state 
a single decision is made, carried out, and the agent continues from the resulting 
state without considering alternative decisions and their consequences. Model-free 
methods are particularly useful when it is not possible to evaluate alternative actions, 
as in most real-world scenarios, e.g., when considering a robot interacting with an 
environment, it can be very hard to model following states faithfully (the only pos-
sibility would be to actually test a selected action on the real system without having 
the possibility to go back and evaluate other alternative actions). 

As a second differentiation, it is often distinguished if learning is based on full 
traces (or a complete depth backup when considering planning) of decisions or, in 
contrast, only narrowed down focusing on a single decision individually with esti-
mated consequences. When using full traces until ending up in a final state, the return 
over this episode can be distributed onto each of the sequential decisions. As a dis-
advantage, this is only possible after finishing a sequence. The results often appear 
quite noisy, depending on the taken path. When dealing with non-deterministic set-
tings, the same sequence of decisions might lead to different results. When using the 
full trace to assign the received return from one single episode to all decisions, all 
these single-step decisions are considered as contributing equally (only weighted by 
the discount factor). In contrast, an agent could exploit already gained knowledge 
from previous interactions for in-between steps along a sequence of decisions. This 
knowledge can be integrated into the evaluation. In such a case, not the return gath-
ered over the whole episode is used in calculating backward how much a decision 
has contributed to receiving this return. Instead, only the immediate reward for a 
particular decision is taken, and for the whole following sequence, an estimate of 
the expected return can be used and exploited, which is much less afflicted by noise. 
We have used this recursive approximation of estimating a value in the formulation 
of the value function in equation (2) (which is based on the Bellman equation [4]): 
the immediately received reward is taken and for the rest of the episode the return is 
estimated by the recursive application of the value function. 

For the frozen lake example, when using a value function: Whenever randomly 
sliding into the ice—even though the agent selected the correct direction towards the 
goal—the whole trace would have zero return, and the agent couldn’t learn anything 
from this experience. In contrast, for the example scenario in which the agent falls 
into the hole directly above the goal position, there are still parts of that trace that 
appear positive and should be reinforced. When considering a single decision—in 
the one-step approach—only the immediate reward for taking that decision would be 
considered, and all the consequences for the rest of the sequence would be approxi-
mated as given by the value function. In that case, all steps that lead towards states



44 M. Schilling

close to the goal should become more and more valuable, providing an incentive 
during learning and reinforcing over time a path towards the goal. 

Lastly, a distinction is made between on-policy methods and off-policy methods. 
Central to Reinforcement Learning is the trade-off between exploration and exploita-
tion. In on-policy control, a single policy is used to, on one hand, gather experience 
and, on the other hand, is directly improved based on the reward received from that 
experience. This is known as on-policy learning. However, when applied to many 
real-world tasks, it can become problematic to sufficiently explore while following 
and improving a single policy. It is therefore often considered beneficial to use a 
different policy aimed at exploration for making decisions, compared to the policy 
that is being improved over time. A particular example is when one gathers a lot of 
experience in parallel that should be integrated into one optimal policy. In off-policy 
learning, this optimal policy is subsequently updated in larger time intervals based 
on the gathered experience. The behavioral policy that is used to make decisions is 
usually derived from the optimal policy in a way that still guarantees, to a certain 
degree, some form of exploration, e.g., by occasionally selecting an action randomly 
while otherwise acting greedily. 

4 Current State of Deep Reinforcement Learning 

In recent years, Deep Reinforcement Learning (DRL) has achieved success in many 
areas. Initially, the groundbreaking work of [35] applied neural networks to learn 
an action-value function in Deep-Q-Learning in an end-to-end fashion in the area of 
computer games. In this approach, a control system was trained over time, collecting 
experience as sequences of images from Atari computer games coupled with rewards. 
The task of the system was to select the next discrete action, which corresponded 
to a specific key press in these games. The system learned an approximation of a q-
function as a deep neural network that consisted of convolutional layers for processing 
the image input and some dense layers. Over time, the system continuously improved 
and was able to solve many of the tested games or to play many of these at a level 
better than human. Two crucial ingredients of the Deep Q-Network (DQN) approach 
were, first, the collection of experience in a buffer from which data was randomly 
sampled for training the neural networks. Secondly, in the estimation of the value 
for the recursive part—the estimate for the subsequent trajectory after deciding on 
the next action—a second q-network was used that was less frequently updated. This 
stabilized these estimates and proved crucial for the convergence of the q-function 
approximation. As a result, the DQN approach was able to solve many of the Atari 
computer games and perform in many of these on a better than human level. 

In robotics control, policy-based approaches also led to great results, and suc-
cesses could be demonstrated in areas such as manipulation [28] or locomo-
tion [18, 21, 22, 33, 58]. However, application in robotic scenarios highlights one 
particular drawback of DRL approaches. Deep Reinforcement Learning requires 
vast amounts of training data and a large number of iterations. This is problematic
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(a) (b) 

Fig. 5 a Extending the standard view of interaction with the environment in RL to a hierarchical 
approach [26, 32]. It consists of two interleaved loops of reinforcement learners that are usually 
assumed to learn at different rates. For higher-level control (shown in light green), this is in agreement 
with what we know about the structure of motor control in animals [13]. b Learning over time is 
shown for the two different levels of the hierarchy. This demonstrates a form of temporal abstraction 
in which the different levels operate on different temporal scales and rates. The higher level (light 
green) only operates at a slow timescale, being activated every couple of time steps. The higher 
level might aim for a sparse environmental reward. The lower level operates on a more fine-grained 
timescale and provides detailed action during each control step. It is conditioned on the higher level 
output, which provides a form of goal context and, during learning, can set intrinsic rewards that 
guide learning towards a diverse set of lower-level actions 

for application on real robots, and in many cases, systems were initially trained in 
simulation and only afterward were the trained controllers transferred onto a real 
robot [54]. But such a transfer appeared problematic in many cases as well, pointing 
out a second general problem of Deep Reinforcement Learning: DRL can be prone 
to forms of overfitting [59]. When trained in a specific setting, a learned controller 
narrows down the mapping from observations to the action space. While neural 
networks provide very good function approximators for interpolation, they tend to 
perform worse on extrapolation [17, 19]. As a consequence, when a neural network 
is trained in simulation on a specific setting fulfilling one particular task, it becomes 
highly specialized and will mostly focus on a small part of the whole input space 
that is common to the system’s experiences [36]. If the real robotic system behaves 
differently or operates in a slightly different part of the observation space, the control 
system might produce quite different and unexpected behavior. 

A third general problem concerns the specification of rewards: Rewards guide 
the learning process in Deep Reinforcement Learning. Ideally, describing a high-
level goal, such as reaching a certain goal location in a locomotion task, would be 
sufficient. Unfortunately, a simple sparse reward that is received after accomplishing 
a goal usually does not provide enough guidance [20]. In many cases, reaching 
such a rewarded state would require a series of optimal decisions that could only be 
discovered through random exploration, which quickly becomes intractable. Such 
sparse rewards are therefore problematic because, on the one hand, it is hard to
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encounter them at all. On the other hand, it is often unclear which of all the previous 
decisions contributed to receiving the reward (a credit assignment problem). 

Current research focuses on how to deal with these types of problems and is 
taking inspiration from biology and the organization of motor control in animals. 
We will briefly mention and discuss two main characteristics that can mitigate these 
problems [47]. First, we will discuss the hierarchical organization of control systems. 
Secondly, the decentralization of the control system and concurrent processing. Key 
to hierarchical systems is the idea of an abstraction of tasks [6, 31]. Instead of solving 
a problem through a detailed sequence of decisions, the general idea is to deconstruct 
a problem into different subtasks that can be solved individually [32]. Hierarchical 
Reinforcement Learning [16, 21] deals with different levels of typical reinforcement 
learning loops (Fig. 5): On a lower level, individual subtasks have to be solved by 
finding sequences of decisions that solve certain subgoals. A higher level selects 
subgoals subsequently and is tasked with finding a sequence of subgoals. Actions 
correspond on the higher level to selecting certain subgoals. The choice of subgoals is 
crucial, but in many tasks, these can be specified quite naturally [55]. As one example 
from the original DQN study [35]: The simple DQN approach failed in scenarios 
with sparse and delayed rewards, e.g., in the game Montezuma’s revenge, the player 
has to first find and pick up a key found in the given map before the player could, 
secondly, receive a reward for opening a door and finishing a level. Stumbling on such 
a long sequence by chance appears intractable. In a hierarchical approach, Kulkarni 
and colleagues [26] broke the problem down into two different levels of a hierarchy. 
On the higher level, a simple visual system identified all visible objects as subgoals. 
Reinforcement Learning on this level explored random sequences of visiting these 
objects one after another. On the lower level, for each selected visible object, a 
policy was trained towards reaching that target object unharmed. This approach was 
successful in solving the game as it learned quite quickly how to reach all objects. 
And afterward, could rely on these lower-level policies when selecting a lower-level 
policy on the higher level by selecting a new subgoal in a novel sequence. Similar 
approaches have already been applied in robotic tasks as well [21, 22, 49], but 
specifying and identifying sensible subgoals appears as a more difficult question. For 
a more detailed overview of hierarchical reinforcement learning and the biological 
inspiration, see [32]. 

As a second organizational principle, we will focus on the decentralization [10, 15] 
of motor control structures. Biological control systems operate in such a decentralized 
fashion [1]. Local concurrently operating control modules enable fast (re-)actions, 
as control is distributed into local control circuits that handle the detailed control of 
movement. This enables adaptive behavior of animals and dealing with difficult con-
trol tasks that require immediate responses. Importantly, decentralized control is not 
restricted to the lowest level responsible for reflex-movements of single joints. But 
decentralization is a central part of motor control that fundamentally contributes to 
coordinated behavior. One example is the control of locomotion and the contribution 
of—sensory driven—oscillations. Detailed work in invertebrates, as for example in 
insects, allows for a closer look at underlying neuronal control circuits that drive 
this behavior. On lower levels, there is a decentralized organization into concurrent,
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(a) (b) 

Fig. 6 Conceptual view of decentralization in Deep Reinforcement Learning. Panel (a) illustrates 
the notion of partitioning the action space. In a decentralized case, multiple control circuits (shown 
in green) operate on smaller and as independent assumed action spaces (shown on the right) based 
on given observations (left). As RL is based on the exploration of possible action combinations, 
this decrease in the number of degrees of freedom can dramatically reduce the space of possible 
mappings from states to actions that need to be explored. b As an example, a decentralized motor 
control structure as assumed in insects is shown. On top, a schematic of a stick insect is shown. 
At the bottom, a schematic of the decentralized organization of the motor control system in which 
each leg is controlled by an individual controller (shown in green; FL–front left leg, ML–middle 
left leg, HL–hind left leg, FR–front right leg, MR–middle right leg, HR–hind right leg). Behavior 
emerges as a result of decentralized and locally interacting concurrent control structures [48]. In 
decentralized DRL, each of the leg controllers acts independently and is trained individually. RL is 
driven by a (partially) shared reward signal [50] 

small control circuits [5, 23, 46]. Control is constituted by multiple, partially inde-
pendent decentralized and concurrently operating controllers. As explained above, 
these operate on different levels of abstraction [13], e.g., it is assumed that there 
is a control circuit for each individual leg, but even further, control is distributed 
on a lower level onto the single joint level [45]. This form of modularization into 
decentralized local control clusters reflects the natural organization of the body itself. 
Overall, behavior emerges from the interactions of all these local control circuits that 
are coupled through local connections [5, 11] and operate in an environment. This 
decentralization is assumed to be central in facilitating the adaptivity of the overall 
system. 

Decentralization, as a form of partitioning the action space of a system into 
smaller subgroups of local actuators, has mostly been neglected in DRL research 
(Fig. 6 provides a conceptual view). Current DRL approaches focus on optimiza-
tion and learning in a single central control unit. DRL is constantly tasked with 
handling the trade-off between exploration and exploitation over the action space. 
Increasingly larger action spaces lead to exponentially more possibilities for explo-
ration and, expectedly, therefore require much longer training times (as observed in 
current DRL approaches and discussed above as a major problem for current DRL 
approaches). Decentralization offers an approach to break control down into multiple
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control modules, which reduces the dimensionality of action spaces for the individ-
ual controller [50]. In legged robots, the structure of the system naturally suggests 
distributing control into a single controller per each leg [12, 25, 48]. 

In an experiment [50], we tested such a decentralized control approach for a four-
legged simulated robotic agent from the OpenAI gym environment [8]. The agent is 
equipped with four legs, each with two joints overall, leading to eight degrees of free-
dom. The action space is quite limited, which allows even standard centralized DRL 
approaches to succeed in a reasonable time (training in the ranges of hours, which 
still equates to millions of simulation steps). We set up a series of decentralized archi-
tectures and compared learning in these decentralized control architectures with the 
standard DRL approach [50]. In the decentralized case, there were four independent 
controllers that were trained individually. The individual leg controller was restricted 
to control of the two degrees of freedom of that particular leg, and the action space 
was therefore reduced to two dimensions. As a first observation, we found that the 
decentralized systems performed after training on the exact same level as a standard 
approach (Fig. 7). Secondly, with respect to the training phase, the decentralized con-
troller learned much quicker and never got stuck in local minima [50]. It appears that 
in decentralized control, the controller learns a simpler mapping from sensory inputs 
towards outputs. As a third result, decentralized controllers were tested in novel and 
more difficult terrains, e.g., climbing through small hilly areas. In that case, different 
types of decentralized controllers performed differently, and it showed as impor-
tant for such a more difficult case to offer enough sensory information from other 
legs as well to the decentralized controllers. Offering additional information to indi-
vidual decentralized control circuits didn’t affect learning quality or speed, but for 
climbing through difficult terrain, it was required information [50]. Decentralized 
control approaches that include additional information from other legs performed 
more robustly in such more demanding and novel terrains. These approaches appear 
to better generalize and transfer to untrained scenarios. In contrast, quite detailed 
information in centralized approaches might have induced a form of overfitting, as 
relations between sensory inputs were constructed during learning that actually did 
not help for transfer to a slightly changed task [50]. Decentralization appears as a 
promising direction for DRL, leading to more robust control systems and accelerated 
training that has now been adapted in a couple of approaches [3, 12, 56]. 

5 Conclusion 

Deep Reinforcement Learning (DRL) has become quite popular over the last few 
years, as it has seen more and more applications in many diverse areas, ranging 
from robotics to Large Language Models. There still remain quite severe conceptual 
obstacles, but this has made DRL an interesting and very active field for research. 
In this chapter, we briefly introduced the general concept of Reinforcement Learn-
ing as well as Deep Reinforcement Learning and pointed out a couple of current 
problems or difficulties. This should provide the reader with a good starting point
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(a) (b) 

Fig. 7 In (a), the quadruped walking agent is shown on a slightly uneven terrain (based on an 
OpenAI standard DRL task). b Comparison of two different control architectures for learning to 
walk for this four-legged simulated walker. Shown are learning curves—return per episode given 
on the vertical axis shown over time (horizontal axis)—for a centralized controller (blue) and a 
decentralized controller (orange, each leg is controlled by an independent controller which partitions 
the action space). Given are ten individual traces (dashed lines) and the average trace (solid line) 
each representing a single training run [50] 

for understanding what makes a problem a Reinforcement Learning problem or 
how to reformulate a given task within the conceptual framework of Reinforcement 
Learning—framing it as an active exploration task that can be connected towards 
a reward that should drive learning. Furthermore, we highlighted in two examples 
how Deep Reinforcement Learning can benefit from taking closer inspiration from 
biological control systems and taking into account considerations on the underlying 
architectures. Overall, DRL is a quickly evolving field as it is applied in different 
areas and there is much more inspiration as well as current developments on DRL for 
a growing set of different problems. As one example, we want to point out the case 
of multi-agent scenarios. These are intrinsically difficult for any learning system, as 
while an agent is learning from interactions with an environment that includes other 
agents, the response of the environment can change by itself as the other agents’ 
response characteristics are not fixed but could also be subject to change [42]. There 
have been first successes in such multi-agent settings [40] that are based on Deep 
Reinforcement Learning as well. This is another fascinating area of research that will 
show interesting developments in the next few years and will probably contribute 
massively towards interactive robots and agents that should support us at work or 
home. 
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An Introduction to Reservoir Computing 

Michael te Vrugt 

Abstract There is a growing interest in the development of artificial neural networks 
that are implemented in a physical system. A major challenge in this context is that 
these networks are difficult to train since training here would require a change of 
physical parameters rather than simply of coefficients in a computer program. For 
this reason, reservoir computing, where one employs high-dimensional recurrent 
networks and trains only the final layer, is widely used in this context. In this chapter, 
I introduce the basic concepts of reservoir computing. Moreover, I present some 
important physical implementations coming from electronics, photonics, spintronics, 
mechanics, and biology. Finally, I provide a brief discussion of quantum reservoir 
computing. 

1 Introduction 

You know that it is possible to perform machine learning tasks on a computer, but did 
you know that it is also possible to do so with a bucket of water? Precisely that was 
demonstrated in Ref. [12]. Input data was mechanically fed into a bucket, recordings 
of the water surface then could be used for classification tasks. This is a form of 
reservoir computing (RC), which this chapter will provide an introduction to. 

The core idea of RC is that a significant portion of the computing task is performed 
not by a trained network, but by a very high-dimensional system (reservoir) that is 
essentially treated as a black box and whose output is fed into a single readout layer, 
which is the only component of the network that is trained. This setup is illustrated in 
Fig. 1. Since physical systems are generally much more difficult to train than neural 
networks on a computer, RC is a very promising approach for implementing artificial 
intelligence in a physical system (for example a bucket of water or–more relevant in 
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Fig. 1 Illustration of the basic framework of reservoir computing. The input (blue) is fed into a 
recurrent neural network (green) and subsequently into an output layer (red). (A similar figure can 
be found in Ref. [42]) 

practice–optical or magnetic systems). Consequently, RC has attracted considerable 
interest among physicists in recent years. From a computer science point of view, 
on the other hand, RC is useful for the otherwise difficult task of training recurrent 
neural networks. 

The foundations of what is nowadays referred to as reservoir computing were 
independently developed by Jaeger [23], who referred to it as echo state network, 
and by Maass et al. [34], who called it liquid state machine. (There were some earlier 
ideas in this direction–see Refs. [27, 28, 44]–that are largely unknown today [38].) 
The name “reservoir computing” was coined in Refs. [52, 53] to unify these concepts. 
RCs are particularly useful for tasks involving some temporal dynamics without 
needing external memory, since what they do depends also on the value of the input 
signal at previous times. Reviews of RC can be found in Refs. [10, 11, 32, 33, 42], 
a book on the topic was edited by Nakajima and Fischer [38]. 

2 Basic Concepts of Reservoir Computing 

See Fig. 1. 

2.1 How Reservoir Computing Works 

The discussion follows Refs. [10, 36] (and also adapts the notation used there). 
Suppose that we have an .n-dimensional training input signal .utrain(t) (depending 

on time. t) that is supposed to lead to a certain .m-dimensional output signal .ytrain(t). 
For instance, if the system is supposed to predict time series data, .utrain(t) would be 
the first part of a time series and.ytrain(t) the second part (that we want to predict from 
the first part) [10]. The input signal is used to drive a high-dimensional nonlinear 
dynamical system that is referred to as the reservoir.
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Specifically, the state . X of the reservoir at time . ti takes the form [36] 

.X(ti ) = f(X(ti−1),u(ti )) (1) 

with the input signal . u and a function . f . A sufficiently large subset of the state 
variables, summarized in a vector.x(t), must be accessible. Finally, a readout function 
. F maps the vector .x(t) to the output .y(t), i.e., 

.F(x(t)) = y(t). (2) 

This readout function is the only thing that is touched during the training process. It 
is designed to minimize a loss function that typically that depends on the difference 
between the actual output .y(t) and the desired output .ytrain(t). In most cases, . F is 
obtained via linear regression. Once . F is known, one can apply the system to new 
input signals .u(t). 

This strategy has a number of advantages: 

• The training usually only consists in linear regression, which is simple, computa-
tionally inexpensive, and easy to implement. 

• One only needs to train the readout function . F and not the entire system. This is 
helpful if we are dealing with a physical system where the precise interactions 
between the parts are difficult to modify and perhaps not even fully known. 

• One can use the same reservoir for different computing tasks by simply using 
different readout functions . F. 

• It is a good approach for dealing with time series data. 

Almost every physical system can be described by an equation of the form (1), 
and therefore a large variety of physical system can be used as reservoirs (although in 
practice there are restrictions, see Sect. 3). A notable feature of RCs is their temporal 
dynamics. Iterating Eq. (1)  gives  [36] 

.X(ti ) = f(f(f(X(ti−3),u(ti−2)),u(ti−1)),u(ti )), (3) 

showing that the system’s state at a certain time depends on the system states and 
inputs at previous times. This allows the system to react to temporal input signals, 
such as spoken language. 

2.2 Recurrent Neural Networks 

An essential distinction in this context (see also the chapter by Tobias Wand in 
this volume) is that between a feed-forward neural network (FNN) and a recurrent 
neural network (RNN). In a FNN, signals propagate in one direction—the first layer 
activates the second layer, the second layer the third layer and so on. In a RNN,
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on the other hand, information can also “move backwards”. This allows the system 
to have memory: If a system is supposed to process a signal .u(t), then reacting to 
.u(t2) might require also information about .u(t1) with .t1 < t2. This can be achieved 
by feeding back information about previous states of nodes. This distinguishes RC 
from the related concept of an extreme learning machine [21, 54], which employs 
FNNs and does therefore not have memory of this type [7]. 

The existence of closed loops implies in particular that RNNs can have a temporal 
dynamics even in the absence of external inputs. Therefore, while FNNs are (math-
ematically speaking) functions–they map a certain input to a certain output–RNNs 
are (mathematically speaking) dynamical systems [32]. This already indicates how 
they might be related to RC, which, as discussed in Sect. 2.1, is based on dynam-
ical systems. Frequently, in computer science applications, the dynamical system 
constituting the reservoir is a RNN. 

In general, RNNs are difficult to train. FNNs are typically trained via gradient 
descent methods, where the parameters giving the connection weights are gradually 
changed to move the network’s output closer to the target output. Gradient descent 
methods are also frequently, and in many different forms, applied to RNNs [2]. 
However, such methods are considerably more difficult to apply in the context of 
RNNs. Reasons for this include that a gradual parameter change might lead to a 
bifurcation that spoils convergence and that training times are very long since a 
single parameter change requires running the temperal dynamics for some time. RC 
was proposed as a new method for training RNNs that allows to avoid these problems 
by changing the weights only in a non-recurrent readout layer. The RNN itself can 
be created randomly and is unchanged during the training [32]. 

2.3 Why Does This Work? 

At first sight, the idea of RC is somewhat counterintuitive. While it is of course easier 
to train only the final layer of a neural network rather than the entire one, there is 
certainly a reason why one usually trains all layers. Usually one would not get away 
with only changing the final layer, so why is it possible here? 

What is exploited here is the high dimensionality of the reservoir. The informa-
tion that we are interested in is in principle encoded in the input signal, but it is 
mixed up, nonlinearly, with a huge amount of other stuff that we are not interested 
in. The projection onto a higher-dimensional space allows for separability. This idea 
is illustrated in Fig. 2. Suppose we want to classify some inputs into stars and cir-
cles. Unfortunately, due to the way the data is distributed, it does not exhibit linear 
separability, i.e., we cannot find a hyperplane (in this case a line) that gives us the 
border between a region with stars and a region with circles (cf. Fig. 2a). If, how-
ever, we project the data onto a three-dimensional space (cf. Fig. 2b), we can find 
a hyperplane (in this case a plane) that separates stars and circles. The separation 
problem has thereby become much simpler, and can be solved already by a single
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Fig. 2 Projection onto a 
high-dimensional space 
allows for separability. (A 
similar figure can be found in 
Ref. [1]) 

layer that is trained via linear regression. In RC, feeding the data into the reservoir 
corresponds to the projection from the two- to the three-dimensional plane (usually 
more dimensions will be involved) and the training of the readout layer corresponds 
to finding the plane [46]. 

3 What Is a Good Reservoir? 

While the procedure discussed above can in principle be applied very generally, not 
every dynamical system does in practice make a good reservoir. A number of criteria 
have been developed that a reservoir should satisfy to be useful in this context– 
although the broad range of systems that have been used for this purpose (consider, 
for example, the water bucket mentioned above) suggests that in practice these criteria 
are quite flexible [46]. 

First, reproducibility is of course important. If two input signals are very similar, 
the output signals should be similar as well. This is related to the ability of the system 
to generalize from the data it has been trained on to other input data [46]. Second, if 
the input signals are sufficiently different, the output signals should also be different 
(separation). This determines the reservoir’s ability to distinguish different sorts of 
inputs. A reservoir computer that always produces the same output regardless of 
the input obviously satisfies the reproducibility property, but would not be really 
useful. 

Moreover, fading memory is an important property of reservoir computers [10]. 
The computer is supposed to process a time series .u(t), not just the instantaneous 
value of. u (the latter would not require a RNN). Therefore, it needs to have memory. 
On the other hand, the current value of . u should still be what is most important, 
values at earlier times become gradually less important. In other words, the memory 
should gradually fade. The computer should relax to a quiescent state if there is no 
external input [42], and its behavior should not depend on the initial condition. X(0)
of the reservoir. This is referred to as the echo state property—the influence of initial 
conditions should gradually vanish [57]. The timescale of the fading memory should 
be comparable to the timescales of the input signal [26]. Since it depends on the 
application what the timescale of the input signal is, the adequate reservoir system 
may differ depending on the application.
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Also, it is often considered advantageous to operate the reservoir computer in a 
parameter range close to an instability (for example, in the vicinity of a transition 
to chaos), since there its behavior is particularly complex and therefore has a very 
high computational complexity. Intuitively, the reason is that such regimes present a 
compromise between ordered phases (where the behavior is stable and thus reliable, 
but where initial conditions are also quickly erased by the approach to an attractor 
making the system less able to react to an input) and chaotic phases (where the 
system’s behavior is strongly affected by small differences in the initial conditions, 
harming separability) [46]. There are, however, also counterexamples, i.e., systems 
where moving close to an instability actually decreases the performance of a reservoir 
computer [8]. In fact, Herbert Jaeger (in his foreword for Ref. [38]) argues that 
the idea that RC should operate close to chaos or criticality is a “myth”, neither 
mathematically well-defined nor empirically confirmed. 

4 Physical Reservoir Computing 

The discussions so far were concerned with general concepts in artificial intelligence. 
This book, however, has a specific focus on the relation of AI to physics, and there is 
a reason that RC features so prominently in the introductory part of this book. This 
reason is physical reservoir computing. 

In physical RC, the reservoir is a physical system. Thereby, physical RC allows to 
perform machine learning tasks using physical systems. There has, in recent years, 
been a considerable amount of work on the development of experimental setups that 
can be used for this purpose. In this section, I will briefly discuss some examples. Later 
chapters will address specific such as in optics (in the chapter by Kathy Lüdge/Lina 
Jaurigue), spintronics (in the chapter by Atreya Majumdar/Karin Everschor-Sitte), 
and soft matter (in the chapter by Julian Jeggle/Raphael Wittkowski). The classifi-
cation in different types of reservoirs (electronic, photonic, spintronic, mechanical, 
biological, chemical) is adapted from Ref. [49]. Note that this list is not exhaustive. 

4.1 Electronic Reservoir Computing 

Standard computers are based on electronics, and therefore it is a very natural idea 
to use electronic systems. This has been achieved in a broad number of ways (see 
Refs. [31, 49] for an overview), of which I discuss here just one, namely memristors. 
A memristor is a resistor that possesses memory, i.e., whose resistance changes 
based on the current that has passed through it. Memristors are therefore useful 
devices in applications like RC where memory is important. They can be used to 
mimic the plasticity of biological neurons, and allow for nonlinear transformations 
of input signals [49]. A memristor-based RC was first proposed by Kulkarni and 
Teuscher [30].
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4.2 Photonic Reservoir Computing 

In photonics, information processing is based not (solely) on electric currents, but 
on light (photons). RC has developed into a widely used approach in photonics, see 
Ref. [42] for a review (I am loosely following this reference here). An important 
approach is the implementation of RC in on-chip-photonics, where photonic sys-
tems are integrated into chips. This allows the systems to be produced and sold on 
industrial scales and to therefore use them for high-speed low-power-consumption 
computing. This approach was theoretically suggested in Ref. [50] and later realized 
in hardware [51]. 

A further interesting approach is delay reservoir computing [22]. Delay systems 
have been of considerable interest for optics in the past years [29, 45]. They are 
described mathematically by delay differential equations, which differ considerably 
from ordinary differential equations since they possess an infinite-dimensional phase 
space–for solving it, one needs to specify not only the state of the system at a single 
initial time, but on an entire time interval. Using delay systems, one can therefore 
achieve a high-dimensional phase space (which is advantageous in the context of 
RC) even with a very simple setup [42]. 

Photonic approaches to neuromorphic computing are discussed further in the 
chapters by Kathy Lüdge/Lina Jaurigue and by Lennart Meyer/Rongyang Xu/ 
Wolfram Pernice in this book. 

4.3 Spintronic Reservoir Computing 

Spintronics is a field of technology where information processing is based not only 
on the electric charges (as in electronics), but also on the spins (elementary magnetic 
moments) of electrons. Spintronics has become increasingly popular in neuromor-
phic computing in general and RC in particular, see Refs. [11, 13, 18, 31, 56, 58]  for  
reviews. Spintronic systems can be used to build artificial synapses, thereby mim-
icking the structure and functionality of biological brains [18]. An introduction is 
provided in the chapter by Atreya Majumdar/Karin Everschor-Sitte in this book. 

An interesting recent proposal in this context is Brownian reservoir computing 
based on skyrmions [3–5, 41]. Brownian motion [6] is the random thermal motion of 
particles, which is a central phenomenon in soft matter physics, but also arises in mag-
netic systems. An example are magnetic skyrmions, which are whirl-like topological 
magnetic nanostructures that have particle-like diffusion behavior reminiscent of neu-
rotransmitters and can be used as information carriers in spintronics [18]. In Brown-
ian computing, one employs thermal fluctuations–which in most systems are present 
anyway–for computing purposes to achieve a high energy efficiency. It is of course 
helpful if the employed Brownian system can be easily integrated into a computer, 
which is why magnetic nanosystems such as skyrmions are useful here [4]. Brow-
nian RC based on skyrmions was realized experimentally by Raab et al. [41], who 
demonstrated that this approach is very promising for energy-efficient computing.
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4.4 Mechanical Reservoir Computing 

Mechanical systems can make for useful reservoirs. Robotic systems, in particular 
from soft robotics (where the bodies of the robots are flexible), have been repeatedly 
used in this context. Hauser et al. [20] have modeled this using the example of a 
nonlinear mass-spring-damper system connected to a mechanical network, which 
was intended to represent in a simple way the body of a soft robot (or biological 
system) and which exhibits the complex nonlinear dynamics required for successful 
RC. Nakajima et al. [39] employed a silicon-based robot arm inspired by the arm of 
an octopus, with the input being the rotation of the arm and the output being measured 
strain. While the noisy and nonlinear dynamics of soft robots is often perceived as 
disadvantageous, it can be very useful in the context of RC. (This paragraph follows 
Ref. [19].) 

4.5 Biological and Chemical Reservoir Computing 

Reservoir computing has always had a close connection to neurobiology. In particu-
lar, work on RC has been motivated by attempts to understand information processing 
in mammalian brains [47]. For instance, it has been proposed that the cerebellum 
might work like a liquid state machine [55], and experiments on mice [9] suggest 
that the mouse brain exploits principles of RC [9, 31]. Moreover, RC–which is fre-
quently based on random neural networks and noisy systems–might explain why the 
brain works so accurately despite being a rather noisy system [32]. It is therefore 
a promising direction of work to use biological neural networks for RC tasks [47]. 
Biological neurons are in a sense the most obvious, but not the only approach to 
biological RC. For example, it has been proposed to realize RC based on Escherichia 
coli bacteria [24]. Another variant, namely DNA reservoir computing [17], will be 
discussed in the chapter on DNA neural networks in this book. This approach is based 
on employing chemical systems for RC, an idea that is also used in non-biological 
contexts (for example based on electrolyte solutions [25]). See the chapter by Julian 
Jeggle/Raphael Wittkowski in this volume for a discussion of the related concept of 
active matter RC. 

5 Quantum Reservoir Computing 

In the wake of the currently growing interest in quantum computing in general and 
quantum-mechanical approaches to machine learning in particular, quantum reser-
voir computing [15, 16, 35, 36, 48] has attracted some interest. Here, one employs 
quantum-mechanical reservoirs and thereby aims to exploit the advantages of quan-
tum computers for RC. In this section, I will introduce the elementary ideas of how
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this works. The discussion follows Ref. [15], which was one of the first articles on 
this topic. A more general introduction to quantum machine learning can be found 
in the chapter by Ivana Nikoloska in this volume. 

Quantum states are represented by vectors in complex Hilbert states. In the context 
of quantum computing, the minimal information unit is a qubit, corresponding to a 
two-dimensional complex vector in a vector space spanned by the vectors .|0 and 
.|1 . In general, the state of a system of .N qubits is described by a .2N x2N Hermitian 
matrix. ρ,  the  density matrix. The quantum system is said to be in a pure state if. ρ can 
be written as.ρ = |ψ ψ |, where.|ψ is a.2N -dimensional vector and. ψ | is a covector 
to.|ψ . (For instance, if .|ψ (1, 2, 3)T, then. ψ | = (1, 2, 3).) If the density matrix 
at time . t is .ρ(t), then the density matrix at time .t + τ is 

.ρ(t + τ) = e−iHτ ρ(t)eiHτ (4) 

with the Hamiltonian .H (a .2N x2N Hermitian matrix that determines the dynamics 
and whose eigenvalues correspond to the energy levels of the quantum system). For 
an arbitrary observable.Ai , which is also represented by a .2N x2N Hermitian matrix, 
the expectation value is given by 

.ai (t) = Tr(ρ(t)Ai ) (5) 

with the trace . Tr. 
What is now required is a way to feed an input signal.u(t) into the system and to get 

an output signal.x(t) that can then be fed into the readout function. F. Let us consider 
for simplicity a one-dimensional input signal .u(t), which we sample in .M discrete 
time intervals of length. τ to get a sequence.{uk}with.uk = u(kτ) and.k = 0, 1, ...M . 
At each time .kτ , the state of the first qubit is changed to .ρuk = |ψuk ψuk | with 

.|ψuk 1 − uk |0 √
uk |1 . (6) 

The density matrix . ρ is thereby replaced by 

.ρuk ⊗ Tr1(ρ), (7) 

where.⊗ is a tensor product and.Tr1 is a trace over the degrees of freedom of the first 
qubit. Afterwards, the density matrix is time evolved via Eq. (4) for a time . τ .  This  
time has to be optimized in order to optimize the performance of the computer (see 
Ref. [15]). For the output.x(t), we then pick some observables.Ai and assemble them 
in a vector. A. Then, we can obtain the output vector from their expectation values as 

.x(t) = Tr(ρ(t)A). (8) 

Specifically, Fujii and Nakajima [15] choose .Ai as the Pauli operator acting on the 
. i th qubit.
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The dimension of the quantum-mechanical Hilbert space increases exponentially 
with the number of qubits . N , giving rise to an exponentially increasing number 
of nodes in the reservoir. For readout purposes, these are split into true nodes (the 
observed ones) and hidden nodes (the rest). The signals are sampled not only at the 
time.kτ , but also at several times in between. Dividing the time interval into.V parts 
gives rise to .V virtual nodes and allows to increase the number of nodes from . N
to .NV via temporal multiplexing. Thereby, the exponentially large Hilbert space is 
monitored via a polynomial number of signals. This is the distinguishing feature of 
quantum RC compared to other RC approaches [15]. Changing . τ corresponds to 
a change of the dynamics of the reservoir, whereas changing .V corresponds to a 
change of the way it is observed [40]. 

An important feature of quantum systems is also the way in which they interact 
with the environment. Such interactions lead to dissipation and decoherence [43], 
where quantum states are destroyed by interactions with the environment. Moreover, 
performing a measurement of a quantum state generally changes it, a phenomenon 
giving rise to the famous quantum measurement problem [14]. Usually, interactions 
with the environment are not beneficial for the performance of quantum computers. 
One can, however, also try and exploit such effects in quantum reservoir computing, 
as has recently been demonstrated for both measurements [37] and dissipation [43]. 

6 Outlook: Relation to Intelligent Matter 

If we loosely understand “intelligent matter” as “physical materials perform tasks 
similar to those expected from computer systems that we would refer to as (artifi-
cially) intelligent”, then RC seems to be, if not an instance of it, then at least an 
important step towards it. We have here physical systems that can be employed in 
computational tasks of the form that appear in machine learning. 

Nevertheless, according to Kaspar et al. [26], reservoir computing systems in the 
form described here do not constitute “intelligent matter” in the technical sense: 

• The systems possess fading memory, whereas intelligent matter needs to have 
long-term memory. 

• The readout function . F still needs to be trained manually, the system does not 
adapt on its own. 

Regarding the first point, it should be noted, however, that the fading memory can 
be tuned to fade rather slowly if this is desired in a certain context. 

RC does nevertheless have significant potential for the development of “true” 
intelligent matter, in particular when considering its relation to evolutionary dynam-
ics (a topic reviewed in Ref. [46]). After all, RC is a possible working principle of 
biological brains. It is conceivable that RC emerges in evolutionary contexts, as it 
has certain advantages (such as the low cost of learning and the fact that external 
sytems can be used to carry out computations) that could give biological systems
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exploiting this paradigm a fitness advantage. An evolutionary evolving RC system 
would be a system that evolves its computing capabilities in adaptation to the envi-
ronment, bringing it closer to actual intelligence. A possible disadvantage of RC 
in evolutionary contexts, Seoane [46] suggests, is that (since the reservoir needs 
to be high-dimensional), it requires systems to perform a lot of activity that is not 
really used for computing, making it energetically costly (which leads to a fitness 
disadvantage). A fine-tuned neural network can have a smaller number of nodes. 

7 Summary 

In this chapter, I have introduced the basic ideas of reservoir computing. Here, one 
uses a very high-dimensional recurrent neural network and trains only the final layer. 
This makes it possible to use for the rest of the network a physical system whose 
properties might be difficult to tune or not fully known. A variety of systems have 
been used here, ranging from buckets of water to optical and magnetic setups. Reser-
voir computing is a very promising tool for implementing artificial intelligence in 
nanosystems, and will continue to be a thriving field of research in the coming years. 
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Learning Dynamical Systems from Data 

Oliver Kamps, Tim W. Kroll, and Oliver Mai 

Abstract Learning dynamic equations from data has shown great promise in vari-
ous fields of research, such as physics, engineering, and biology. This short review 
provides a comprehensive overview of the methods, challenges, and applications 
involved in learning governing equations from time-series data. We begin by high-
lighting the importance of dynamic equations in modeling complex systems. Sub-
sequently, we present different approaches used for learning dynamic equations, 
including symbolic regression and neural networks. These methods are contextual-
ized within different modeling scopes, which here are largely defined by the prop-
erties of the underlying differential equations. We explore the advantages and lim-
itations of these methods, with a particular focus on symbolic regression. Through 
various studies and examples, we demonstrate the utility of learning dynamic equa-
tions from data and showcase their applicability in the domain of density functional 
theory. Finally, we identify promising directions for future research and discuss 
potential applications of this methodology in advancing scientific understanding and 
solving real-world problems. 

1 Introduction 

One might wonder why there is a demand for discovering dynamic equations in 
the first place. Although alternative methods exist for predicting outcomes or even 
modeling complex interactions in the real world, the language of mathematics and 
the theory of complex dynamical systems are uniquely suited for understanding and 
categorizing the spatio-temporal evolution of virtually anything. Beyond their broad 
applicability, once a set of differential equations is established, it can help simplify 
problems or identify similar patterns across different disciplines. 
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Being able to fully capture complex dynamics opens up a wealth of possibilities, 
including the use of other analytical tools like stability analysis. It also enables the 
design of control strategies or the optimization of system performance. 

However, real-world systems often exhibit intricate and nonlinear behavior that 
is challenging to capture with traditional analytical methods alone. Commonly used 
methods either derive dynamic equations from physical principals or more general 
equations, which may not always be known, or project known equations into a dif-
ferent basis, e.g. Galerkin models. First there are systems, where we do not know 
the true governing equations, as one could argue in the case of brain dynamics. Sec-
ondly even with known equations we can run into troubles. One famous example is 
the cylinder wake in classical fluid mechanics. Here one tries to project the Navier-
Stokes equations onto a set of basis functions, obtained through PCA. Even though 
the governing equations are known, the reduced order model does not correspond 
to the correct dynamics [1, 2]. With the proliferation of sensors and computational 
resources, vast amounts of high-dimensional time-series data are becoming increas-
ingly available across various domains. This availability makes the estimation of 
dynamic equations a viable method to complement traditional theories and exper-
iments. It provides an additional avenue for hypothesis testing, model validation, 
and the discovery of novel phenomena. Existing theoretical models may be adapted 
to accommodate new scenarios or domains, thereby enhancing their generalization 
capabilities. 

In general, modeling approaches can be categorized into several types: analyt-
ical, numerical, data-driven, and hybrid approaches [3]. Specifically, data-driven 
approaches, the main focus of this work, can be subdivided into parametric and 
non-parametric methods. These categories differ in their underlying assumptions 
and estimation techniques. Parametric models, like those employed in spatial point 
pattern analysis [4], are based on specific assumptions about the data and utilize 
methods such as least squares and maximum likelihood estimation. In contrast, non-
parametric models impose fewer assumptions and employ techniques like kernel and 
spline smoothing [5] or artificial neural networks [6]. These methodological differ-
ences can affect efficiency and robustness: parametric models are more efficient when 
their assumptions are met but can be misleading otherwise, while non-parametric 
models offer greater flexibility and robustness to model mis-specifications. The selec-
tion between these approaches hinges on the data’s characteristics and the required 
flexibility and robustness. 

Within the realm of complex dynamical systems, a distinction is often made based 
on system dimensionality. Systems can be classified as either finite-dimensional, 
where ordinary differential equations (ODEs) suffice for modeling, or spatially 
extended, necessitating partial differential equations (PDEs) for accurate descrip-
tion. While many data-driven modeling techniques are applicable to both scenarios, 
the choice of method may depend on its computational scalability in relation to the 
system’s dimensionality. Consequently, there is a slight variation in common prac-
tices between employing ODEs and PDEs, and this work differentiates between these 
two use cases
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In the sections that follow, we will first provide an overview of the most commonly 
used methods in both parametric and non-parametric data-driven modeling. Many 
of these methods are applicable to both ordinary differential equations (ODEs) and 
partial differential equations (PDEs). Subsequently, we will illustrate these methods 
with examples for both types of equations. 

2 Methods 

The necessity or advantage of modeling with ordinary differential equations (ODEs) 
arises from at least two distinct perspectives. Firstly, in some disciplines, there are 
only a few variables that need modeling. Examples include certain areas of biol-
ogy or models for drag in fluid mechanics [7]. Take for example the Navier-Stokes 
equations, which by themselves are hard to solve analytically and computationally 
expensive to simulate. But for specific problems they can be reduced to be handled 
more easily, such as in the case of the Jeffery-Hamel flow, where the flow between 
two planes that meet at an angle can be reduced to an ODE problem under suitable 
assumptions. Secondly, in many fields, reduced-order models are employed to derive 
lower-dimensional representations of more complex ODE or PDE systems. These 
are particularly useful when the large-scale dynamics are unknown or when mod-
eling the system with a few order parameters or structures is advantageous. From 
a scientific standpoint, reduced-order models are valuable for understanding how a 
system evolves in terms of macroscopic structures, offering insights more readily 
than by modeling a wider or more detailed scope, such as using the full extend of 
the Navier-Stokes equations. In such models, modal decompositions like principal 
component analysis (PCA) are often utilized to model the dynamics of PCA modes. 
Typically, Galerkin models are applied in this context, but their use is limited to 
systems where the general dynamics are understood, and they cannot be extended to 
areas like brain dynamics, where no equivalent to the Navier-Stokes equations exists 
yet. 

In both scenarios, there is significant interest in developing models that accurately 
capture the dynamics. Historically, various approaches have been adopted for this 
purpose. Notably, there is a distinction between ‘black box’ models, which are less 
interpretable, and more transparent models that utilize symbolic ordinary differential 
equations. 

For completeness, we will mention a few attempts to use ‘black box’ mod-
els for ordinary differential equations, focusing on how to model the behavior of 
an ODE with neural networks. In recent years, several attempts have been made 
to model the dynamics of ordinary differential equations using neural networks. 
Initial attempts utilized Long-Short-Term-Memory networks (LSTM) to model 
chaotic systems [8]. This approach was also combined with reduced-order modeling 
in [9]. Other attempts involved recurrent neural networks, for example, in psychol-
ogy/neuroscience [10, 11]. Progressing from recurrent neural networks, the concept 
of neural ODEs was introduced [12], which, although initially presented from a neu-
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ral network perspective without dynamical systems in mind, can be applied to the 
problems we are considering here. Stemming from recurrent neural networks, echo 
state networks [13], a type of reservoir computing, have also been explored and can 
be augmented with physical information [14–16]. Another significant development 
is the use of physically informed neural networks (PINNs) [17], where neural net-
works are trained to model dynamics while being augmented by the knowledge of 
physical or general laws of the underlying system. 

This last approach is directly linked to the modeling of partial differential equa-
tions, where PINNs are commonly used. For certain complex systems, instead of 
relying on reduced-order models, we aim to model the underlying partial differential 
equations of the system. With PINNs, for example, we may constrain our neural net-
work to satisfy the Navier-Stokes equations or the Maxwell equations [18]. PINNs, 
which incorporate known physical principles into their architecture, have proven 
effective in modeling complex systems [19, 20]. These networks are part of non-
parametric data-driven modeling approaches, which also include non-parametric 
neural networks [21] and other data-driven models, such as those based on multi-
objective evolutionary algorithms [22]. These approaches are particularly useful for 
identifying and controlling nonlinear systems, offering a promising way to enhance 
model accuracy and reduce uncertainty [17, 23–27]. 

In this article, we will focus on the symbolic modeling of differential equations. 
One of the initial attempts in this area involved the development of the multiple 
shooting method [28]. Unfortunately, this method had several flaws that were chal-
lenging to overcome and numerically quite costly. The field experienced a significant 
transformation with the introduction of the SINDy method in 2016 [29]. This method 
relies on two fundamental ideas: Firstly, it assumes that a set of time-series data can 
be modeled by an ordinary differential equation, which is a sum of various candi-
date functions that we define. Along with knowledge of the system’s time derivative, 
obtained through any suitable numerical differentiation technique, we can frame the 
problem of estimating an ordinary differential equation as a least-squares problem. 
This problem can be solved quickly and reliably, thus estimating the coefficients of 
our test functions. Secondly, based on the observation that most dynamical systems 
are underpinned by simple dynamics (e.g., the Lorenz system, which exhibits a wide 
array of dynamical behaviors with just seven terms up to quadratic order in its three 
variables), we assume our system is sparse in the space of possible test functions. We 
can enhance the least-squares problem by introducing an L1-prior for the coefficients 
of the test functions. Although this concept had been explored previously, Brunton et 
al. applied a novel method called sequential least squares thresholding to efficiently 
find a sparse ODE model. Brunton’s approach has since been further developed for 
various applications. For example, it is now possible to integrate physical knowledge 
to constrain the system a priori [30], or to apply this method to identify right-hand 
sides with rational expressions, such as. x

x+y , commonly found in mathematical biol-
ogy [31]. 

A different approach to SINDy in this domain is symbolic regression using genetic 
algorithms [32, 33], where the right-hand side of the ODEs is encoded by a tree-like 
structure with variables and mathematical expressions serving as leaves and nodes.
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This method has the advantage of utilizing a richer space of possible right-hand 
sides. A notable Python library in this area is PySR [34], which is currently limited 
to estimating symbolic expressions for time series and is not directly applicable for 
differential equations estimation out of the box. However, it has attracted interest for 
postprocessing models that were estimated using neural networks. 

Recently, the symbolic regression approach was augmented by a Bayesian scheme 
to sample the space of possible tree structures more efficiently, as demonstrated 
in [35]. This method has been successfully applied to model various data sets, includ-
ing synthetic data from a noisy Rössler attractor, salmon data from the Fraser River 
in British Columbia, Canada, and friction in turbulent rough pipes. 

A significant advancement for this field is the extension of the SINDy method 
to the estimation of partial differential equations [36]. While parameter estimation 
methods for PDEs date back to the late 1990s [37–40], the adaptation of SINDy 
rejuvenated the field, leading to various methodological enhancements, such as the 
introduction of weak formulation [41] and the incorporation of information crite-
ria [42]. The general workflow for these methods remains consistent with that of 
SINDy, albeit with increased computational demand, as spatial derivatives typically 
need to be calculated. This, in turn, opens up opportunities for approximations or 
other methods to accelerate computations. For another relatively recent overview, 
see [43]. 

3 Examples 

In the following sections, we will demonstrate the application of sparse symbolic 
regression on two example cases: one from the field of ordinary differential equations 
and another from the area of partial differential equations. 

3.1 Ordinary Differential Equations 

In this part we use the SINDy-method from [29] to estimate a model from data. 
The Sparse Identification of Nonlinear Dynamical Systems (SINDy) is a method for 
discovering sparse governing equations of a dynamical system directly from data. 
SINDy identifies the underlying dynamical system by constructing a model for the 
time derivatives of the system’s states based on a library of candidate functions. 

First we assume we have a set of measurements .X = [x(t1), x(t2), . . . , x(tm)]T , 
where .x(ti ) = [x1(ti ), x2(ti ), . . . , xn(ti )]T represents the state of the system at time 
. ti . The biggest assumption is that our system can be described by a set of differential 
equations: 

.
dx
dt

= f(x), (1)
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where .f(x) is an unknown function we aim to identify. In general this function 
could be as complicated as one could imagine, but in real systems we often assume 
that only a few simple terms are sufficient to describe the dynamics. Since we do 
not know a priori which terms those are, we construct a library . (x) of candidate 
functions. This library can include various functional forms, such as polynomials, 
trigonometric functions, and other basis functions, but most of the time polynomials 
up to a certain degree in the states variables are used. For example, if .x = [x1, x2],  a  
polynomial library up to second order could be:. (x) = [1, x1, x2, x21 , x1x2, x22 ].  The  
dynamics can then be expressed as a linear combination of these candidate f unctions:
.
dx
dt ≈ (x , where we want to find the entries of . . To solve this problem we 
calculate time-differences of. x via a suitable numerical scheme like finite differences. 
This leads to the regression problem: 

.Ẋ = (X (2) 

Solving this regression problem leads to spurios terms, which are not present in 
the correct underlying dynamical system and therefore we need to regularise the 
problem and instead solve: 

. = argmin (X − Ẋ 2
2 + λ̃ 1, (3) 

where we promote sparsity by the regularisation parameter . λ̃. To solve this prob-
lem the SINDy method now uses sequential least squares thressholding. Instead of 
directly solving the regularised problem, we solve the non-regularised problem, but 
discard every coefficient of. , that is below a certain threshhold. λ. After doing this the 
non-regularised problem is solved again, but only with terms, that were not discarded 
before. This procedure is repeated for some iteration number . n. This converges to a 
sparse solution. To demonstrate the capabilities of current methods, we will employ 
the SINDy method to estimate the Lorenz equations from data within the chaotic 
regime. The governing equations we aim to estimate are: 

. 
dx

dt
= σ(y − x)

dy

dt
= x(ρ − z) − y

dz

dt
= xy − βz

As mentioned above, the SINDy method utilizes a hyperparameter. λ to determine 
the number of terms that remain in the final equations To illustrate the impact of this 
parameter, we present the integrated time series of models estimated by SINDy for 
different values of . λ. To obtain these results we implemented an own version of the 
SINDy-method. It is possible to recover dynamics close to the original data from the 
Lorenz model; however, the success strongly depends on the choice of . λ. To date, 
no rigorous method has been proposed to efficiently determine . λ. One approach,
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Fig. 1 Simulated data of the Lorenz-attractor (blue) in comparison with different estimated attrac-
tors (left) and comparison of the corresponding timeseries (right) 

augmented by an information criterion, was suggested in [44]. Unfortunately, this 
method was only tested on data with exactly known numerical derivatives, meaning it 
does not account for errors from the derivatives. It merely demonstrates that removing 
too many or too few terms fails to recover the original system. For instance, selecting. λ
to eliminate all coefficients or to retain them all results in either a model that represents 
the data’s mean or a model with the maximum number of non-zero coefficients. 
While the latter may yield a low error concerning the derivatives, it does not produce 
a reliable model of the integrated time series. 

As depicted in Fig. 1, the accuracy of the estimated model heavily depends on the 
choice of the hyperparameter. λ. Depending on. λ, we can recover a model that closely 
resembles the original Lorenz attractor (.λ = 0.01), a model that vaguely captures 
the overall structure of two wings but is otherwise inaccurate (.λ = 0.5), or a model 
that merely produces an oscillation on a two-dimensional manifold (.λ = 1). 

3.2 Partial Differential Equations 

As in [36] we now consider a nonlinear PDE of the general form 

.∂t u = N (u, ∂xu, ∂2
x u, · · · , x), (4)
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where .∂• is shorthand for the differential operator . ∂
∂• in either time . t or space . x

and .N (·) is our unknown right-hand side, which we assume to be some nonlinear 
function of our observed quantity .u(x, t) ∈ R

n and its spatial derivatives. The goal 
now is to find .N (·), which typically only consists of a few terms, thus leading to 
sparse regression methods, which take as many (nonlinear) candidate functions as 
are permissible and try to find those that contribute to the dynamics the most. We 
now write the corresponding PDE similar to Sect. 3.1: 

.∂t u = (u (5) 

but with. ∈ R
n×k as a matrix of. k (possibly nonlinear, spatially extended) functions 

that make up our ansatz and we combine them linearly with parameters. i . The task of 
any sparse-regression algorithm in this case is to find a sparse set of these parameters 
(and their values), that best describe the observed time series data of . u. 

To illustrate this methodology, we look at the Korteweg-De Vries equation, which 
is used to model waves on shallow water surfaces. The equation reads 

.∂t u = −∂3
x u − 6u∂xu, (6) 

where . u describes the height displacement of the water surface from its equilibrium 
height. As we can see our right-hand side consists of only two terms, a dispersion term 
.∂3
x u and an advection term.u∂xu. We first generate time series data using numerical 
time integration methods of our choosing1 and add a slight amount of white noise 
to it. For the initial conditions, we use two soliton peaks of different heights. The 
results can be seen in Fig. 2. 

Most regression-based discovery methods adhere to a similar methodology: de-
noising the data, followed by differentiation in time (and space in case for PDEs), 
constructing a library of candidate terms, and ultimately employing a sparse regres-
sion technique to identify significant terms. For use on PDEs the key difference lies in 
the data structure, i.e. the dimensions of the library, although discretization allows the 
procedures to be virtually identical to those for ODEs. While there may be additional 
procedures related to model selection or hyperparameter optimization, this general 
framework is applicable to a majority of methods. Now we again solve the prob-
lem 3 using a sequential threshold least-squares (STLS) algorithm. For more details 
see [36] and its supplementary material. This method can be adapted to accommo-
date coefficients that vary in space or time [45], or optimization can be improved 
using auxiliary variables in the penalty term [46].

1 Here the initial value problem solver ‘solve_ivp’ of the python package Scipy has been used, after 
discretizing the problem. 

Scipy
 25172 56760 a 25172
56760 a
 
https://docs.scipy.org/doc/scipy/reference/generated/scipy.integrate.solve_ivp.html
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Fig. 2 Data simulated from Korteweg-De Vries equation (6). Left (a) shows the true data and right 
(b) shows noisy data with. γ = 0.01

As in the example that can be found at https://github.com/snagcliffs/PDE-FIND 
we use the following candidate terms in. for re-discovering the Korteweg-De Vries 
equation (6): 

. 1, u, u2, u3, ∂xu, u∂xu, u2∂xu, u3∂xu, ∂2x u, u2∂2x u, u3∂2x u, ∂3x , u∂3x u, u2∂3x u, u3∂3x u

Using the noisy simulation data from before as input, the data is de-noised within 
the optimization procedure and derivatives are being calculated. After the procedure 
is complete the discovered equation reads: 

.∂t u = −1.04 ∂3
x u − 6.07 u∂xu, (7) 

which correctly identifies the two relevant terms with no superfluous terms and gives 
coefficients with errors within single-digit per cent. 

4 Learning Functionals in DFT 

One application of data-driven modeling is the estimation of functionals in density 
functional theory (DFT). Most DFT calculations are conducted within the Kohn-
Sham framework, where complex many-body terms are expressed by an exchange-
correlation (XC) functional, while maintaining a one-body Kohn-Sham equation. 
Although this formulation with the XC-functional can be theoretically exact, the 
explicit form of the XC functional remains unknown. Consequently, approximations 
of the XC-functional are necessary and have been approached in various ways in 
the literature. Techniques ranging from Bayesian methods and genetic algorithms

https://github.com/snagcliffs/PDE-FIND
https://github.com/snagcliffs/PDE-FIND
https://github.com/snagcliffs/PDE-FIND
https://github.com/snagcliffs/PDE-FIND
https://github.com/snagcliffs/PDE-FIND
https://github.com/snagcliffs/PDE-FIND
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to neural networks have been employed to approximate the functional, given neural 
networks’ ability to approximate any continuous function. 

While neural network approaches have achieved high accuracy in DFT calcula-
tions, their interpretability is limited, as they typically function as black-box approx-
imators. In light of this, we turn our attention to a specific publication [47], which 
employs the previously mentioned symbolic regression, yielding an interpretable 
description of the functional. This method encodes a symbolic representation of a 
functional in a machine-readable format, which is then optimized through a regu-
larized evolutionary search algorithm known as symbolic functional evolutionary 
search (SyFES). SyFES iteratively refines functionals by manipulating those with 
optimal fitness within a subset of potential functionals, where fitness is determined 
by a weighted root mean square error between known and computed energies from 
the functional. This methodology was evaluated using the MGCDB84 dataset [48]. 
After demonstrating the capability of SyFES by recovering the well-known B97 
XC-functional, the technique was applied to evolve the known. ωB97M-V functional 
into a novel, more accurate functional named GAS. While this example highlights 
the use of symbolic methods in DFT, numerous other approaches, including those 
employing neural networks in quantum and fluid realms of DFT, exist. Notable con-
tributions in this area include the research by Martin Oettel, as reported in [49–51]. 
Additional relevant research can be found in publications such as [46, 52, 53]. 

5 Conclusion 

This review has explored the diverse landscape of data-driven methods for learning 
dynamic equations from time-series data, highlighting their significance across vari-
ous domains like physics, engineering, and biology. We have discussed the transition 
from traditional modeling approaches to advanced data-driven techniques, empha-
sizing the shift towards harnessing high-dimensional data for uncovering underlying 
dynamic equations. 

Through this exploration, we have underscored the critical role of symbolic regres-
sion and neural networks in modeling complex systems. While neural networks offer 
a powerful tool for approximation, their black-box nature poses interpretability chal-
lenges. In contrast, symbolic regression, particularly within frameworks like SINDy, 
provides a more interpretable model by identifying sparse representations of dynamic 
systems. 

The application of these methods in specific domains, such as the estimation of 
functionals in density functional theory, illustrates their practical value and potential 
for advancing scientific understanding. The ability to recover known functionals and 
discover novel ones underscores the transformative power of data-driven approaches 
in refining existing theories and facilitating new discoveries. 

The continuous advancement of data-driven modeling methods promises further 
insights into complex systems, offering new possibilities for research and application.
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Machine Learning Approaches 
to Classical Density Functional Theory 

Alessandro Simon and Martin Oettel 

Abstract In this chapter, we discuss recent advances and new opportunities through 
methods of machine learning for the field of classical density functional theory, 
dealing with the equilibrium properties of thermal nano– and microparticle systems 
having classical interactions. Machine learning methods offer the great potential 
to construct and/or improve the free energy functional (the central object of den-
sity functional theory) from simulation data and thus they complement traditional 
physics– or intuition–based approaches to the free energy construction. We also give 
an outlook to machine learning efforts in related fields, such as liquid state theory, 
electron density functional theory and power functional theory as a functionally 
formulated approach to classical nonequilibrium systems. 

1 Introduction 

Density functional theory (DFT) is a powerful reductionist scheme for classical 
and quantum many-body systems in equilibrium. The reduction comes about by 
the existence of a unique (free) energy functional, depending only on the one–body 
density of classical or quantum particles. From this functional, all other properties of 
interest, most notably higher order correlations can be derived. For quantum systems 
at zero temperature,.T = 0, the unique mapping between an external potential. V ext(r)
and the particle density .ρ(r) entails the existence of a unique energy functional 
.E[ρ], not depending on .V ext [1]. For finite . T , the argument can be generalized to 
show the existence of a unique free energy functional .F[ρ] both in the quantum 
case [2] and in the classical case [3]. However, in general the functional .F[ρ] is 
different for differing internal Hamiltonians of the system (i.e. differing particle– 
particle interaction potentials) and it is not known except for a few exceptional cases 

A. Simon · M. Oettel (B) 
Institute of Applied Physics, University of Tübingen, Tübingen, Germany 
e-mail: martin.oettel@uni-tuebingen.de 

A. Simon 
e-mail: alessandro-rodolfo.simon@uni-tuebingen.de 

© The Author(s) 2026 
M. te Vrugt (ed.), Artificial Intelligence and Intelligent Matter, Machine Intelligence 
for Materials Science, https://doi.org/10.1007/978-3-032-04129-6_6 

83

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-032-04129-6_6&domain=pdf
mailto:martin.oettel@uni-tuebingen.de
mailto:alessandro-rodolfo.simon@uni-tuebingen.de
https://doi.org/10.1007/978-3-032-04129-6_6
https://doi.org/10.1007/978-3-032-04129-6_6
https://doi.org/10.1007/978-3-032-04129-6_6
https://doi.org/10.1007/978-3-032-04129-6_6
https://doi.org/10.1007/978-3-032-04129-6_6
https://doi.org/10.1007/978-3-032-04129-6_6
https://doi.org/10.1007/978-3-032-04129-6_6
https://doi.org/10.1007/978-3-032-04129-6_6
https://doi.org/10.1007/978-3-032-04129-6_6
https://doi.org/10.1007/978-3-032-04129-6_6
https://doi.org/10.1007/978-3-032-04129-6_6


84 A. Simon and M. Oettel

(like the ideal gas and a system of one–dimensional (1D) hard rods in the classical 
case). Moreover, in the classical case there are a number of Hamiltonians of interest, 
ranging from those of atomic and molecular systems to those of polymeric and 
colloidal systems where the basic particles are macromolecular in nature and their 
particle–particle interactions are already coarse–grained. 

Constructing classical free energy functionals is occasionally more of an art than 
a systematic procedure and entails the use of specific physical and mathematical 
insight into the system of interest. For hard–body systems, e.g., one can use concepts 
from integral geometry to derive fundamental measure theory (FMT) [4]. These FMT 
functionals are perhaps examples for being most advanced and accurate compared to 
simulation data (however, they are not exact except for the 1D case). For systems with 
other interactions one has not reached yet such a level of insight and precision. Here, 
efforts have gone into defining simplified model systems for which functionals are 
constructed with differing success. These simplified model systems include simple 
fluids with repulsive cores and attractive tails (as embodied by the Lennard-Jones 
(LJ) potential) [5], particles with (screened) electrostatic interactions [6], polymeric 
fluids with simple connectivity assumptions between monomers [7], patchy particles 
as examples for associating fluids [8], .... An exception to these simplified model 
systems is water (due to its overwhelming importance) whose functional building 
can be viewed as archetypical for liquids with anisotropic molecules [9]. 

The “cheap” alternative to the difficulties of classical DFT (cDFT) are classical 
simulations, either Monte Carlo (MC) or Molecular Dynamics (MD). One simply 
needs to specify the underlying potential energies and forces and acquires the desired 
properties as statistical averages over snapshots of the system. Such simulations, 
however, can be costly if higher–order correlations are needed, or if free energies need 
to be computed via thermodynamic integrations. Additionally, physical insights into 
the system (such as schematic behavior of certain correlations) necessitate running 
simulations for a large number of parameters (thermodynamic ones such as density 
and temperature, or specific parameters in the interaction Hamiltonian). Nevertheless 
simulation data constitute “ground truth” for a classical model which, as said, can be 
generated in a relatively cheap way, and this situation appears to be highly suitable 
for big data techniques as exemplified by machine learning (ML). Thus, there is 
hope to combine the precision of simulation data with the conceptual power of the 
cDFT formulation, which in the end also would allow for very resource–efficient 
computations. A vision for the description of a classical many–body system would 
consequently be the systematic use of simulation data to construct or “learn” an 
interpretable and manipulable (functionally differentiable) free energy functional. 
The systematic use would include the possibility to refine and improve the “learned” 
functional if needed. 

This small review intends to cover the efforts of the past years to apply ML tech-
niques to cDFT. In Sect. 2, we briefly summarize basic relations of density functional 
theory. Work in the past years has concentrated on the “simplest” of the simpli-
fied model systems mentioned above, and these are introduced in Sect. 3. Specific 
approaches are reviewed in Sect. 4. At the moment, there appears to be no preference 
for or clear advantage of a specific ML technique, so we attempt to describe the gist
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of the used techniques in a tractable manner in this section. Finally, in Sect. 5 we 
describe the relation to the integral equation method of liquid state theory, to some 
ML approaches to the problem of electron (quantum) DFT and give an outlook to the 
general nonequilibrium, time–dependent problem which allows a formulation akin 
to cDFT in terms of a unique power functional [10]. 

2 Classical DFT: Basic Theory 

There are excellent books on classical liquid state theory and more specifically excel-
lent reviews on cDFT, for a selection we refer to [3, 4, 11, 12]. 

We consider rigid particles with positional and orientational degrees of freedom, 
thus particles can be anisotropic to allow for the description of molecular fluids and 
nonspherical colloidal systems. We follow standard classical statistical mechanics in 
the grand canonical ensemble. For the Hamiltonian we assume the following form 

.H = K + u(rN , ωN ) +
i

V ext(ri , ωi ) (1) 

where.K is the kinetic energy of translational and rotational motion. Furthermore,. ri
is the position, and .ωi the orientation (in general specified by three Euler angles) of 
particle. i . The position–dependent part of the internal energy.u(rN , ωN ) is often taken 
to be a sum of 2–body pair potentials but this is not necessary. The external potential 
.V ext(ri , ωi ) is a one–body term acting in general on both position and orientation of 
the individual particle. We introduce the collective variable .xi = [ri , ωi ] combining 
both position and orientation for brevity. The one-body density is then defined as the 
statistical average of all particles’ positions and orientations 

.ρ(x) =
i

δ(x − xi ) (2) 

where. δ is the (Dirac) delta function. Classical density functional theory is based on 
the existence of a functional for the grand potential .Ω[ρ(x)] whose minimization 
gives the equilibrium density .ρeq(x). The functional .Ω[ρ(x)] reads 

.Ω[ρ] = Fid[ρ] + Fex[ρ] + dx V ext(x) − μ (3) 

Here, the one–body piece containing .V ext and the chemical potential . μ is separated 
out, and.F[ρ] = Fid[ρ] + Fex[ρ] is the unique free energy functional only depending 
on the density (and not on the external potential). It consists of the ideal (non-
interacting) part .Fid[ρ] and the excess (over ideal) part .Fex[ρ]. The ideal gas part is 
given by
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.βFid = dx ρ(x) ln(ρ(x)λ3) − 1 , (4) 

and is the exact free energy functional for noninteracting particles (.u = 0). Here, 
.β = 1/(kBT ) is the inverse temperature and.λ3 is a volume factor containing the de– 
Broglie thermal wavelength and a normalization factor of the orientational integral. 
Minimization of .Ω w.r.t. the density results in the Euler–Lagrange equation 

.ρeq(x) = exp −βV ext(x) + βμ + c1[ρeq(x)]) (5) 

Here,.c1[ρ] is the first member of the hierarchy of direct correlation functions (DCF), 
defined by functional derivatives of .βFex[ρ] w.r.t. the density. Specifically, 

.c1(x)[ρ] = −β
δFex[ρ]
δρ(x)

, (6) 

and (owing to its importance) 

.c2(x, x )[ρ] = −β
δ2Fex[ρ]

δρ(x)δρ(x )
, (7) 

is the second–order direct correlation function (often “the” DCF in the literature). 
The excess free energy functional.Fex[ρ] is in general not known. The most famous 

exception is the system of 1D hard rods which therefore has played an important role 
in the past years to test ML methods (see below). The full functional .Fex[ρ] is not 
directly accessible in simulations (as “ground truth”), easily computable is only the 
equilibrium density profile.ρeq(x) for a chosen.V ext(x). The Euler–Lagrange equation 
(5) entails a map 

.ρeq(x) ↔ c1(x)[ρeq(x)], (8) 

and thus simulations can provide us with individual points.{ρeq, c1} of this map. Thus 
the reconstruction of the functional.c1(x)[ρeq(x)] should be suitable for ML methods 
given enough points of the map. Having learned the functional .c1(x)[ρeq(x)] gives 
access to higher–order correlation functions and specific physics contained in those 
(e.g. sum rules) as long as the ML methods allow for functional differentiation. 

Note that the original DFT proof [2, 3] rests on the unique map 

.ρeq(x) ↔ V ext(x). (9) 

If the functional of the excess free energy is not known, the arrow to the right from 
.ρeq to .V ext is actually a typical difficult inverse problem for simulations. Given that 
simulations allow the computation of.ρeq(x) for given.V ext(x) with comparable ease 
(arrow to the left), ML methods should be in principle suited to learn the functional 
.ρeq(x)[V ext(x)]which from the functional perspective complements.c1(x)[ρeq(x)] as 
follows. We define a “local chemical potential” by .ψ(x) = μ − V ext(x). The grand
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potential functional .Ω of Eq. (3) can be viewed as a functional of .ψ(x) whose func-
tional derivatives generate the density profile and the higher–order density fluctuation 
functions [3]. Specifically 

.
δΩ[ψ]
δψ(x)

= −ρeq(x) (10) 

and 

.
1

β

δ2Ω[ψ]
δψ(x)δψ(x )

= −H2(x, x ) (11) 

where .H2(x, x ) is the density–density correlation function defined by 

.H2(x, x ) = [ρ(x) − ρ(x) ] ρ(x ) − ρ(x ) (12) 

One can write .H2(x, x ) = ρeq(x)δ(x − x ) + ρeq(x)ρeq(x )h(x, x ) where . h(x, x )

is linked to the standard pair correlation function .g(x, x ) by .h = g − 1. The func-
tions .h(x, x ) and .c2(x, x ) are linked by the famous Ornstein–Zernike relation 

.h(x, x ) − c2(x, x ) = dx h(x, x ) ρeq(x ) c2(x , x ), (13) 

an integral equation of formidable difficulty in the case of anisotropic fluids and a 
general .V ext(x). 

The link between the structural functions . h and .c2 is the problem of the integral 
equation approach to liquid state theory and can be seen as a specific subtopic of 
the general cDFT problem. We will comment upon recent ML advances in integral 
equation theory briefly in Sect. 5.1. 

3 Model Systems 

The ML methods which are described more in detail below in Sect. 4 concentrate 
on different aspects of cDFT and also apply to different model systems. Here, for 
completeness, we briefly introduce the used model systems. 

3.1 Hard Sphere System in 1D and 3D 

An easy to handle, yet non-trivial model is the one dimensional hard-rod system. 
Here the particles of width . σ are constrained to a line with coordinate . z without the 
possibility of overlapping and no additional interaction between them. It is also one 
of the few models where the exact excess free energy functional is known.
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Fig. 1 Solutions for the density profiles.ρ(z) of the one dimensional hard-rod system for two kinds 
of external potentials. The bulk densities are linearly increasing .ρbσ = 0.1, 0.2, . . . , 0.6,  and  the  
rod  length is. σ

.βFhr
ex[ρ(z)] = Φ(n0, n1)dz = − n0 ln(1 − n1)dz (14) 

with the weighted densities 

.ni (z) = dz ρ(z )ωi (z − z ) = ρ ⊗ ωi (15) 

and the two kernel functions .ω0(z) = δ(σ/2 − |z|)/2 and .ω1(z) = Θ(σ/2 − |z|). 
This exact functional has a form characteristic for many of the approximate func-
tionals. The local excess free energy density, .β fex(z) = Φ(z), depends non-locally 
on the density profile .ρ(z) through weighted (or “smeared”) densities with charac-
teristic weight functions. In Fig. 1, we show characteristic density profiles resulting 
from this exact functional, namely adsorption at a hard wall (left panel, showing the 
characteristic layering effect) and confinement in a trapping potential (right panel). 
Such profiles are frequently used in the machine learning routines described later. 

The hard rod system can also be extended to higher dimensions, although no 
exact functionals are known for the 2D or 3D case. There are however very accurate 
functionals based on fundamental measure theory (FMT), see Ref. [4]  for  a  revie  w.

3.2 Lennard-Jones 

The Lennard-Jones (LJ) system is undoubtedly one of the most extensively studied 
models for a simple fluid, featuring typical short–range repulsion (Pauli exclusion
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of closed electron shells) and longer–ranged attraction (van der Waals interaction), 
giving rise to a gas, liquid and solid phase. It is realistic for noble gases. The LJ 
potential has the form 

.uLJ(r) = −4ε (r/σ)6 − (r/σ)12 , (16) 

where . σ is a particle diameter. No exact free energy functional for the LJ system is 
known, owing mainly to the complications of the attractive part. Here, the random 
phase approximation [11, 12] (RPA) is semiquantitative for supercritical state points 
at high temperature but gives also insights and a qualitative account of the phase 
diagram for lower temperatures. The RPA functional is given by: 

.FRPA
ex [ρ] = F ref

ex [ρ] + 1

2
drdr ρ(r)ρ(r )uattLJ(r − r ) (17) 

where .F ref
ex is a reference functional (usually the one of a hard sphere system with 

optimized. σ ). The attractive part is of typical mean–field form (with the assumption 
of uncorrelated densities), and through defining.natt = ρ ⊗ uattLJ can be written in the 
weighted density form described above. .uattLJ is a suitably defined attractive part of 
the LJ potential, e.g. from the WCA prescription [11, 12]. 

3.3 Kern–Frenkel 

The Kern–Frenkel (KF) potential is a popular model for anisotropic interactions. 
In addition to the repulsive hard-sphere interaction, every particle is equipped with 
.N so called patches, which in the KF model are cones emanating from the particle 
center outwards up to a certain cut-off radius. If any two cones belonging to different 
particles overlap, they are considered to be bonded, with an associated decrease of 
the energy of the system by . ε (see Fig. 2). The bonding energy, the cut-off radius 
. δ, together with the cone angle . θ and number of patches are tunable parameters 
which allow us to adapt the model to different situations. Popular are choices for 
which ensure that the single bond condition between two particles is fulfilled, which 
is the particular limit of an associating fluid where Wertheim theory [12]  gives  a  
semiquantitative account of the phase diagram and bonding statistics.

4 Machine Learning Approaches 

The machine learning approaches in the literature can be roughly classified into the 
following categories: 

• Parameterization of the excess functional [13–17]  (.ρeq → F map)
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Fig. 2 Patch–patch interaction in the Kern–Frenkel model between two particles connected by the 
vector.r̂12. The angle.θmax specifies the opening of the patch cone and the parameter. δ the extension 
in the radial direction 

Table 1 Different methods and their respective input/output pairs and loss terms, if applicable. 
The star superscript denotes the outputs of the neural network 

Approach Input Output Parameters Loss 

Direct 
parameterization 
[13–16] 

.μ, V ext(r), (β) .Fex[ρ] Interaction 
kernels, symbolic 
structure 

.MSE(ρ , ρ) + 
reg. 

Neural DFT [18, 
19] 

.ρ(r) .c1(r, [ρ]) Network weights . MSE(c1, c1)

.c2-matching [17] .ρ(z) .c2(|zi − z j |) Networks weights .MSE(c2, c2) + 
reg. 

Bayesian 
model [21] 

.ρ(r) .V ext(r) External potential 
parameterization 

[Posterior 
sampling] 

Gaussian 
process [22] 

.μ, V ext(r) .ρ(r) Prior 
hyperparameters 

[Posterior 
sampling] 

• Parameterization of the one-body correlation function [18, 19]  (.ρeq → c1 map) 
• (Parametric) Bayesian methods on the .ρeq ↔ V ext map [20, 21] 
• Gaussian Processes for the .ρeq → V ext map for reinforcement learning [22]. 

Below we try to categorize the approaches according to their main idea/ingredient, 
even though one should be aware of possible overlaps (Table 1). 

4.1 Direct Parameterization of the Functional 

In the historical development of cDFT for simple fluids, it was quickly noticed that 
the local density approximation 

.Fex[ρ] = dr fex(ρ(r)) , (18)
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or the (square) gradient approximation 

.Fex[ρ] = dr fex(ρ(r)) + a

2
(∇ρ(r))2 (19) 

have very limited accuracy and cannot capture especially the correlation effect due to 
repulsive cores (“layering”). Nevertheless, the square gradient approximation con-
tributed a lot to our understanding of the physics of liquid–vapour interfaces. For the 
subsequent development, the insight was crucial that the functional has a non-local 
dependency on the density distribution.ρ(x) through convoluted, weighted densities 
.ni = ρ ⊗ ωi with weight functions .ωi which are usually of finite range, see also 
Sect. 3. The weighted-density form for the free energy entails that the minimizing 
equation for the equilibrium profile.ρeq,  Eq.  (5), is a nonlinear integral equation. It is 
usually solved using the Picard iteration scheme, which starts with an initial guess 
.ρi=0(r), usually the uniform bulk density. Inserting .ρi into the EL equation gives a 
new density distribution 

.ρi (r) = exp −βV ext(r) + βμ + c1[ρi (r)] . (20) 

Owing to stability reasons, the next iteration .ρi+1 is obtained by mixing: 

.ρi+1(r) = (1 − α)ρi (r) + αρi (r), (21) 

where . α is a small parameter which can be dynamically adapted. Upon reaching 
a small norm of the difference between two iterations, .||ρi+1(r), ρi (r)|| ≤ , one 
can speak of a “self–consistent” solution, i.e. the free energy functional permits a 
minimization of the grand potential functional up to a certain numerical accuracy. 
For machine–learned functionals, this is a nontrivial condition. 

In the context of machine learning, it appears natural to assume (parametrize) a 
new excess functional.FML

ex [ρ; θ ], which depends on some unknown internal param-
eters . θ . These parameters could either constitute the weights of a universal approx-
imator (e.g. a multilayer perceptron (MLP)) or the variables in an ansatz built on 
existing knowledge of the system. Using a black-box model such as an MLP, prevents 
us from any direct interpretation of the learned internal representation. On the other 
hand, less general, parameterized models might suffer from limited generalizability. 
One may roughly differentiate between the two (idealized) camps of ML/DFT prac-
titioners: 
(i) The ones mainly interested in an accurate emulation of the physical system in 
question, taking advantage of the efficiency of the DFT formalism and 
(ii) those interested in uncovering (“fitting”) interpretable representations of the func-
tional maps.
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4.1.1 Mean-Field and Third Order Terms, Isotropic Case 

The LJ system was investigated in 1D [13] and then later in 3D [15] using a “camp 
(ii)” approach aiming at learning mean-field and higher order correction terms for the 
attractive part of the interaction. Apart from one important detail, namely whether 
self-consistency of the functional was imposed during training, both approaches are 
similar and we will limit the exposition to the more recent Ref. [15]. The topic of 
self-consistency will be brought up again at the end of this section. 

In  the  work  by  Cats  et al. [15] the authors consider the LJ fluid in the reference 
scheme. The standard RPA functional of Eq. (17) is compared with the RPA functional 
plus ML corrections, where the corrections are parametrized as 

.βΔFML2
ex = 1

2
drdr ρ(r)ρ(r )Ω2(|r − r |) (22) 

.βΔFML3
ex = 1

3
drdr ρ(r)2ρ(r )Ω3(|r − r |) (23) 

with the unknown kernels .Ωi . Here, ML2 is second order in density and provides 
a correction to the RPA mean–field kernel, while ML3 adds a contribution of third 
order in density. Training was performed at one supercritical temperature in flat wall 
geometry with external potentials (varying in their steepness), here.ρ(z) only depends 
on the Cartesian coordinate . z. In the flat wall geometry, the functionals (22), (23) 
retain their form with .r, r → z, z and .Ωi → ωi (z) and the new kernels .ωi (z) are 
differentiable parameters of the network. Owing to the isotropy of the LJ interaction, 
the kernels are related by 

.ωi (z) = 2π
∞

z
drrΩi (r), (24) 

.Ωi (|r|) = − 1

2π

1

z

dωi (z)

dz z=|r|
, (25) 

thus the training in the flat wall geometry is sufficient, and the resulting functional 
can be used in any other geometry. 

Training 

The loss consists of two parts. The principal term.L1 quantifies the difference between 
the profiles resulting from the parameterized ansatz and the Monte Carlo data. The 
regularizer term .L2 constrains the interaction kernels to be localized around the 
center regions and smoothly decaying. (Regularizers are usually needed to prevent 
overfitting in ML models.) In order to evaluate the derivative of the complete loss 
with respect to the network parameters it is necessary to solve the Euler–Lagrange 
equation to obtain the ML profile. ρ . All other necessary derivatives can be computed 
analytically once the equilibrium density distribution is known for a certain set of 
parameters.
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Results 

The density profiles generated with the learned correction terms show a large 
improvement compared to the RPA ansatz alone, even for the external potential 
being highly irregular and very different from potentials used during training. ML3 
does not give substantial improvements over ML2 such that the obtained functional 
is a vindication of the RPA ansatz with an optimized kernel (at least for the particular 
temperature chosen). Here, an extension to a larger temperature region is clearly of 
interest. (Note that the 1D investigations of Ref. [13] included more temperatures 
and here a correction to the functional of third order in density showed more sub-
stantial improvements.) Results in radial geometry (not the training geometry!) were 
obtained for the direct correlation function .c2 and the pair correlation function and 
showed good agreement with simulations. 

Self-consistency 

As mentioned earlier, it is possible to either impose self-consistency already during 
training or to check for it after training is complete. While it is of course desirable to 
have this property included into the training already it is not straightforward to do so 
if the ML functional is somewhat “noisy”. The self-consistency condition can only 
be ensured after solving the Euler–Lagrange equation Eq. (5)  fo  r .ρeq, which may be 
time consuming. Further, the solution is usually found using iterative methods which 
makes the computational graph leading to the solution grow very fast, posing a prob-
lem to automatic differentiation approaches. In Ref. [13] this issue was circumvented 
by using only the generative output of the rhs of the Euler–Lagrange equation (5) 
as . ρ , using the ML functional but evaluated with the ground truth .ρsim ≈ ρeq from 
simulations. Having.ρ ≈ ρsim up to a reasonable precision is a necessary condition 
for the existence of the fixed point but not a sufficient one. The approach used in 
Ref. [15] is based on manually calculating the necessary partial derivatives in order to 
do a back-propagation pass with respect to the parameters of the network. However, 
more complicated ansätze will make this procedure more laborious. 

4.1.2 A Mean-Field Functional for the Kern–Frenkel Fluid 

Similar in method (reference functional plus ML mean–field functional) is the inves-
tigation of an anisotropic fluid in Ref. [16]. A major complication results from the 
fact that the model fluid interacts through the angle-dependent Kern–Frenkel poten-
tial, making it necessary to include orientational degrees of freedom beyond the 
orientationally averaged density distribution alone. The training was performed on 
simulated density profiles between hard walls for a range of densities and supercrit-
ical temperatures not far from the critical point. In this geometry, the density profile 
.ρ(x) → ρ(z)α(z, ω) is the product of an orientationally averaged profile . ρ and a 
position– and orientation–dependent orientational profile . α. 

The approach identifies a set of reduced orientational profiles.αi (z) invariant under 
the symmetry group of the particle (tetrahedral symmetry) and include all linearly-
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Fig. 3 Self-consistent, leading orientational moments from learned mean-field ansatz for two 
isotherms with reduced temperature .T ∗ = 0.2 and 0.3. The . y axis shows the first two (scaled) 
orientational moments at distance . z to the wall, which starts at .z = 0.5 in comparison to simula-
tions (faint dashed lines). The result for each bulk density (in the range.ρσ 3 between.0.1 and.0.3, 
covering the critical region) was shifted to the right by.Δz = 1.5, starting from the lowest density 
on the far left. The critical temperature is .T ∗ ≈ 0.17. Reprinted with permission from Ref. [16] 

dependent combinations. The excess free energy . fex = f refex + f ML
ex (here per area) 

is then augmented by the ML mean-field term 

.β f ML
ex [ρ, {αi }] = 1

2
dzdz ρ(z)ρ(z )

i j

Mi j (z − z )αi (z)α j (z ) (26) 

where the kernels .Mi j (z), discretized on a grid, are the differentiable parameters of 
the network. The reference part comes from “functionalized” Wertheim theory for 
associating fluids and depends on the orientationally averaged profile . ρ only. 

Due to the larger state space, the training data (especially for the orientations) is 
more noisy than that of an isotropic systems. This makes training by evaluating on 
the fixed point alone difficult, as it introduces unphysical components to the learned 
parameters. It is therefore necessary to evaluate the derivatives of the loss with respect 
to a self-consistent solution of the Euler–Lagrange equations (fixed point), similar 
to Ref. [15]. While this approach is already sufficient to constrain the fixed point 
in a numerically stable way, it is sensible to assume that the gradient for points 
in the vicinity of the fixed point can help to stabilize the procedure further. This 
could be done, for example, by saving the computational graph of the whole iterative 
procedure up to the final fixed point, in order to later do a backpropagation on it.
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Unfortunately this becomes too memory intensive even for relatively few iterations 
(say in the hundreds). There are some techniques to save memory on repeated function 
evaluations in loops (e.g. jax.lax.scan) and also more sophisticated solvers 
that can reach a solution after fewer iterations. Another way to reduce memory 
consumption is by using implicit differentiation. One trades, effectively, the memory 
savings for the need of solving a linear equation for every backpropagation. This can 
however be done, rather fast. For a fixed point Euler–Lagrange equation of the form 
.α = g(α, θ) (both .α, θ are vectors) one finds the gradient of the fixed point . α

.
∂α

∂θ
= ∂g

∂θ α

I − ∂g

∂α α

−1

(27) 

While this result is exact, solving the matrix inversion can become unstable. By 
approximating the inverse with just the identity matrix, one can save computing time 
and in many cases stabilize the procedure [23]. 

Results 

The mean field kernels were trained on different isotherms since there is an implicit 
temperature dependence of the kernels, that is not explicitly included. As expected 
from a mean-field ansatz, the reproduction of the observed orientation works better 
for high-temperature state points. At lower temperatures, but still above the critical 
temperature, the mean-field ansatz is not able to accurately represent the orienta-
tions for all considered bulk densities (average reduced densities .ρσ 3 ranged from 
0.10 to 0.30), see Fig. 3. In every case, the trained kernels were much stronger than 
those predicted by RPA, which were computed using Monte Carlo integration of the 
relevant orientational integrals. This is very different to the LJ case. 

Due to the training method that was used, the functional could be minimized self-
consistently and could be extrapolated to higher densities. As opposed to the case of 
an isotropic fluid, the ML functional with the learned kernel.Mi j can not be used for 
other geometries since in the flat wall geometry the elements of a general mean-field 
kernel are projected and integrated, and can not be reconstructed. 

4.1.3 Equation Learner Network 

The approach used in Ref. [14] makes use of the Equation Learner Network (EQL) 
[24, 25], which is a neural network used for symbolic regression, i.e. the problem 
of finding symbolic expressions that describe the relationship between two datasets. 
The goal in this context was to discover the symbolic form the free energy functional 
and not just an opaque representation of it. When using the EQL it is necessary to 
specify beforehand the kind of building blocks (sin, cos, .×,÷ etc.) that can appear 
in the learned expression. By additionally specifying the maximum depth or number 
of layers, the amount of representable expression is fixed and finite. It is therefore
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not guaranteed that the EQL is able to find the exact equations with the selected 
basis functions, but the interpretability of the results might be able to steer further 
investigations. 

The main advantage of the EQL consists in being fully differentiable during 
training, one can therefore not only use its output . f (x) to compute losses (and their 
gradients, w.r.t. . θ ) but also . f (x), f (x) and so on. Indeed this is needed for the 
evaluation of .c1 = −βδFex/δρ during training. 

The network was applied to the 1D hard rod and 1D LJ–like system and func-
tionally represents the free energy density . fex[ρ; θ ] where . θ are the parameters of 
the network. An example for the network, aiming at the full functional for the LJ 
system, is shown in Fig. 4. To train the network on ground truth density distributions 
.ρeq(r), the predicted ML output density profile .ρ = ρML is defined as in Ref. [13]: 

.ρML(r) = ρb exp −βV ext + βμex + c1[ρeq(r)] (28) 

where the chemical potential was split into the ideal part .μid = kBTλ3/ρ and the 
excess part .μex. For the 1D hard rod fluid, the training data can be generated fast 
and exact using the functional in Eq. (14), and for the LJ fluid ground truth data were 
simulated using Monte Carlo methods. 

Results 

For the hard rod system, the network in Fig. 4 was used with just the upper three 
weighted densities. Since no other training constraints besides the density profiles 

Fig. 4 Architecture of the functional equation learner network for learning.Fex for the 1D LJ system. 
The density is first fed into a convolution layer with learnable kernels, defining six weighted densities 
. ni . Three of the.ni are multiplied with the reduced LJ interaction strength. = βε in order to capture 
the temperature dependence. After that, two layers of non–linear symbolic transformations follow, 
producing finally the ML free energy density (here denoted as. f ex,ML ). The discretized functional 
derivative is performed and the resulting ML density profile produced, see Eq. (28). Reprinted 
from [14], with the permission of AIP Publishing
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were used, the network could not find the exact functional (see the SI of Ref. [14]) 
and also not the exact virial coefficients but the overall agreement for the equation 
of state and density profiles was very good, also outside the training region. 

For the LJ system, two approaches were pursued. On the one hand, the reference 
ansatz was used in the form 

.Fex[ρ; θ ] = Fhr
ex[ρ] + FML

ex [ρ; θ ] (29) 

where . = βε is the reduced LJ strength and ML accounts for the attraction part of 
the functional. Secondly, the full excess functional was learned, using the network 
in Fig. 4, i.e. the temperature dependence (via . ) is completely transferred into the 
ML functional. 

The calculated self-consistent density profiles for test and extrapolation showed 
a good performance. In addition to the density profiles, the equation of state . P(ρ)

and direct correlation function.c2(x)was evaluated and compared to the MC case. In 
general one sees that the ML version with splitting (“physics informed”) performs 
better than the one without, especially for the direct correlation function, which 
agrees semiquantitatively with simulation. 

The complexity of the produced symbolic expressions can be controlled by a 
regularization hyperparameter that penalizes large values of the expansion parameters 
(cf..W (i) in Fig. 4) and setting those below a certain threshold (e.g..1 × 10−5) to zero. 
While being simple, this regularization produces sparsity only indirectly by putting a 
pressure on the weights, but without accounting for the underlying algebraic structure 
of the expressions. The consequence is, that in order to achieve good results for 
the density profiles, a large regularizer value had to be chosen, producing rather 
complex expressions which are too complicated indeed to gain further insight about 
the mathematical structure of the functional (see SI of Ref. [14]). 

4.2 Parameterization of . c1[ρ]

Here, the map between the first functional derivative, .c1 = −βδFex/δρ, and . ρ is 
learned directly [18, 19] and was dubbed “neural functional theory” by the authors. 
Through Eq. (5), also .c1 is obtainable as ground truth from simulations and thus the 
map can be checked directly on simulation data. The novelty of this approach is 
two-fold. First, it avoids the use of the self-consistent iteration procedure of Eq. (5) 
in training by using the density.ρ(r) as the input and the one-body direct correlation 
function .c1(r) as the target. An additional helpful observation is that .c1(r) is short 
ranged and thus easier to learn. The second idea is to use only a part of the input array 
for inference, instead of the complete information over all of . r.  This  is  physically  
sensible as the effect of the external potentials cannot extend arbitrarily far in . c1
and is mostly felt in the local neighborhood of the point in question, see Fig. 5. 
Corresponding to this is an imposed finite range of weight functions in the functional 
equation learner of Fig. 4.
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Fig. 5 Relationship between 
input and output of the neural 
DFT network, parametrized 
with a standard MLP. The 
value of.c1(z) depends only 
on density points within a 
certain finite interval around 
. z. Reproduced with 
permission from Ref. [18] 

Examples for this neural functional theory were given in Ref. [18] for the 3D hard 
sphere fluid in flat wall geometry and in Ref. [19] for the 1D hard rod system. In both 
cases, density profiles .ρ(z) depend on one Cartesian coordinate. Here we discuss 
Ref. [18]. The neural network is structured as follows: The input layer consists of 
513 nodes which are fed with the discretized values of the density profile .ρ(zi ) for 
.zi ∈ [z − Δz, z + Δz] i.e. only in a window characterized by the cutoff .Δz around 
the value. z. Then follows a fully-connected multilayer perceptron of three layers and 
finally the scalar output.c1(z). Since.c1 is short-ranged, the input window around the 
point of interest. z has enough information content for an accurate prediction. Further, 
one simulation profile can be split into multiple such windows, which increases the 
size of the training set considerably. A further increase can be achieved by using 
mirrored profiles. By making use of automatic differentiation one is able to extract 
the “wall geometry” two-body direct correlation function 

.c̄2(z, z ; [ρ]) = δc1(z; [ρ])
δρ(z )

(30) 

which is sufficiently smooth, due to the chosen activation function of the MLP. 

Derived quantities 

Starting from the one-body direction correlation function, which results directly from 
the network, it is possible to extract other quantities of interest such as the mentioned 
two-body correlation function. Note that the system is trained only in the planar 
wall geometry, but through automatic differentiation (evaluated at bulk densities) the 
bulk 3D direct correlation function .c2(r) is obtainable as .c2(r) = − 1

2π z c̄2(z) z=r
, 

equivalent to the relation between the mean–field kernels (25) of Sect. 4.1.1.  From  
that, the structure factor.S(k), or the radial distribution function.g(r) can be computed
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using the Ornstein–Zernike relation. Note that the excess free energy is also available 
through functional line integration, which needs to be done numerically 

.βFex[ρ] = −
1

0
dα dzρ(z)c1(z; [αρ]) (31) 

The network representation for .c1 can be evaluated at any .ρ(z), i.e. also along the 
path. All these quantities were not included in the original training and can therefore 
be used to reason about the internal consistency of the learned model. An additional 
way to test accuracy and internal consistency is to see whether Noether sum rules 
(following from symmetry transformations on a thermal system) are fulfilled. 

Similar to the case of the anisotropic particles of Sect. 4.1.2, the machine–learned 
.c1 is not applicable to problems in other than flat wall geometries. Extensions to 
genuine 3D situations are certainly desirable. 

Self-consistency 

Since the training process does not involve the self-consistent iteration of Eq. (20), 
it is not clear a priori, whether the neural .c1(z) can be used to solve the Euler– 
Lagrange equation self-consistently and if so, whether the result .ρ (z) corresponds 
to the correct density distribution. This point was investigated by solving the Euler– 
Lagrange equation together with .c1 using the Picard iteration scheme with mixing. 
In order to achieve numerical stability the mixing parameter needed to small in the 
beginning and could later be increased to a larger value, making convergence faster. 
The usual stringent convergence criterion in standard cDFT calculations however 
needed to be relaxed due to possible fluctuations in the MLP representation . c1. 

As the training was done on windows around a point of interest, in applications 
one is not restricted to the box sizes that was used for generating the training data. 
The authors show that the network is able to accurately model the density in slits 
which are larger by an order of magnitude. 

Results 

The model was trained using data from the whole liquid regime with average densities 
ranging from.0.003σ−3 to.0.803σ−3, and is able reproduce the one-body correlations 
up to the accuracy of the input simulation data. This means that the architecture, with 
its choice of parameterization and size, is capable of capturing the relevant physics. 
Of greater interest is the accuracy of derived quantities like the self-consistent density 
profiles .ρ(z),  the  DC  F .c2 and the (integrated) excess free energy. Here we observe 
that the network is exceeding current standard analytical descriptions, like the FMT 
excess free energy or the Carnahan-Starling equation of state, in accuracy and speed. 
This means that in spite of its rather simple design, the neural network is versatile 
enough to encode complex many-body information of the hard-sphere fluid beyond 
the one-body correlation function.
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4.3 Learning .Fex by .c2 Matching 

The approach described in Ref. [17] is again similar to those mentioned in 4.1,  as  it  
is based on finding a parameterized, approximative version of .Fex, denoted by .F (2)

θ . 
This approximative ML network is designed for planar geometry, i.e.. V ext ≡ V ext(z)
and the parameters are not directly interpretable as they constitute the internal repre-
sentation of the neural approximator for the free energy (this is similar to Refs. [18, 
19]). As the novel element, instead of using the equilibrium density profile resulting 
from .F (2)

θ to train the set of parameters . θ , the authors take advantage of the full 
differentiability of the network (here a convolutional neural network or CNN) and 
calculate the (planar) DCF by means of automatic differentiation, according to 

.c̄2(θ, |zi − z j |) = − ∂2F (2)
θ

∂ρ(zi ), ∂ρ(z j )

β

A(Δz)2
(32) 

and impose it to be similar to the (planar) DCF determined from simulations. The 
quantity.Δz is the grid spacing of the discretized grid and. A the area of the simulation 
box in the .xy direction. 

Initially this training procedure looks like a combination of previous approaches 
as it is i) learning a parametrized version of .Fex and ii) using a derivative of .F in 
the loss computation (although a higher-order correlation function than in Ref. [18]). 
However, using .c2 in the loss has a major advantage. Training data of .c̄2 can be 
extracted in a rather straightforward way using simulations of homogeneous bulk 
systems. This is in contrast to the other approaches, that need as inputs inhomoge-
neous simulation profiles to compute either .ρeq or . c1, which depend on the imposed 
external potential. 

Training 

The necessary training data is collected by performing grand-canonical Monte Carlo 
simulations of a Lennard-Jones system above the critical temperature at different 
chemical potentials. From these configurations the radial distribution function . g(r)
and.h(r) = g(r) − 1 are extracted. For the simulation bulk DCF.c2(r), one needs to 
solve the bulk Ornstein–Zernike equation 

.c2(r) = 1

2π2

sin(kr)

kr

ĥ(k)

1 + ρbĥ(k)
k2dk (33) 

where the hat symbol denotes Fourier transformed quantities. Finally, the conversion 
from radial to planar geometry needs to be performed on .c2(r) as described earlier, 
see Eq. (24). 

The (scalar) free energy functional is approximated by a convolutional neural 
network with periodic and dilated convolutions, where the latter means increasing 
the reach of the kernel by stretching and padding with zeros, without adding more 
parameters to the model. The input density profiles are discretized on.320 points, the
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convolution kernel size is . 3, the dilation factor . 2 and the number of layers . 6, with 
.[16, 16, 32, 32, 64, 64] channels for the individual layers. 

Applying auto-differentiation to the scalar output twice produces a Hessian 
.∂2F (2)

θ ∂ρi , ∂ρ j of rank two. In order to limit the computational cost, a randomly 
sampled subset of .10 rows was used for every loss evaluation, defined by 

.L(θ) =
i, j

∞

|zi−z j |
dr2πrc2(r) − c̄2(θ, |zi − z j |)

2

(34) 

By fixing the second derivative of the free energy to a certain value one is still 
left with two “integration constants” in the parametrization of .Fex. The first one is 
determined in a consistent way by adding a regularization loss that constrains the 
first derivative of the free energy to be equal to the excess chemical potential . μex

(which is the direct correlation function .c1 (times .kBT ) for bulk densities), i.e. 

.L reg(θ) = 1

n
i

1

AΔz

∂F (2)
θ

∂ρi
− μex(ρb)

2

(35) 

where .βμex(ρb) = βμ − ln(λ3ρb) and .ρb is the measured bulk density in the grand 
canonical simulations at chemical potential . μ. The second integration constant can 
be determined by the fact that .Fex[0] = 0, i.e. by subtracting the value . F (2)

θ [0] = C
from the neural functional. 

After the training is completed the resulting functional.F (2)
θ can be used to compute 

equilibrium profiles for arbitrary (planar) external and chemical potentials. Similar to 
Ref. [18], the network was never trained on self–consistent density profiles. Therefore 
it is a priori unclear whether self–consistent, converged inhomogeneous equilibrium 
profiles can be determined and are accurate, especially since during training the 
network encountered only bulk systems. 

Results 

The method is compared to two other functionals and Monte Carlo simulations, 
which serve as ground truth. The first functional .FMF, is an analytical mean-field 
approximation of the Lennard-Jones potential using fundamental measure theory for 
the hard-sphere reference system. The other is an identically parametrized neural 
network, trained on the output of the first functional derivative of.Fex(θ), essentially 
a version of the method described in Ref. [18], leading to a free energy .F (1)

θ . 
A variety of quantities can be compared in order to assess the quality of the learned 

functional approximation. Of special interest are the resulting equilibrium density 
profiles for varying external and chemical potentials, the equation of state and the 
value of the free energy itself. The general observation is that .F (2)

θ performes com-
paratively or better than .F (1)

θ , especially (far) outside the training region, where the 
other methods often fail to converge. Ensuring numerical stability and self-consistent 
fixed points outside the training region is notoriously difficult for parameterized free
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energy functionals, probably due to unwanted overfitting to the training data. Con-
ditioning on a higher–order correlation function seems to be a beneficial strategy in 
this regard. 

In summary, pair-correlation (. c2) matching is able to learn a very stable and accu-
rate neural density functional without having “seen” during training inhomogeneous 
density profiles due to an explicit external potential (other than the inter-particle 
potential through the radial distribution function). Taking advantage of the converta-
bility between radial and planar geometry the network could be trained on the com-
putationally simpler to handle geometry without losing information about the radial 
components. Nevertheless, this approach rests on the fact that DCFs are available 
through the solution of the Ornstein-Zernike relation, which especially in the case 
of anisotropic pair potentials becomes a highly non–trivial task. 

4.4 Learning the Map . ρ ↔ V ext

4.4.1 Bayesian Methods 

The methods described in Refs. [20, 21] are based on Bayes’ theorem, namely 

.P(Q|D) ∝ P(Q)P(D|Q), (36) 

where .D is short for the observed data, .Q are the model parameters and . P(Q|D)

is the posterior distribution of .Q given . D. While both works are based on the same 
statistical method, they differ in their aims. The approach in Ref. [20] focuses on 
learning the free energy functional of a 1D hard rod fluid, while in Ref. [21]  the  
mapping of .ρ(x) → V ext(x) is investigated. Here we limit ourselves to the later 
work as the methods used in both are rather similar. 

The principal question formulates a typical inverse problem: Given a density 
profile.ρ(r) (i.e. the data. D in the Bayesian sense) resulting from an unknown external 
potential .V ext is it possible to infer the potential (i.e. its parameters.Q along with 
their uncertainty) given the density profile alone? The answer to this is yes and it is 
given by the distribution over . Q, i.e. .P(Q|D). The interesting point is that . P(Q|D)

contains the uncertainty in the final solution for the external potential; this is relevant 
if the input data would come from noisy simulations, say. 

The authors start by parameterizing the external potentials using a set of param-
eters .{Qi , Qi }, with . i ∈ [1, . . . , imax]

.V (z) =
imax

i=1

Qi exp −(z − zi )
2/ exp Qi (37) 

where. zi are points in the simulation box, corresponding to the center of each Gaus-
sian. The choice of parameterization is essentially arbitrary but a good compromise
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between simplicity and expressiveness is helpful for training and generalization. In 
order to determine .P(Q|D), the two distributions on the right hand side of Eq. (36) 
need to be specified. The prior distribution.P(Q) is somewhat arbitrary and chosen to 
be Gaussian with zero mean and a diagonal covariance matrix, .P(Q) = N (0 Q). 
It remains to specify the quantity .P(D|Q), which tells us how probable a certain 
density distribution is given the parameters .Q of the external potential. For this, the 
probabilistic interpretation of the particle density itself is used: 

.P(D|Q) =
i

ρ(zi |Q), (38) 

where one multiplies the probabilities over all space points. This mapping of the 
parameters. Q to the density profile is not analytically known, but numerically through 
simulations (in general) or through cDFT using the exact functional in the specific 
case of hard rods considered here. In Markov chain Monte Carlo simulations, the 
.Q are included in the sampling and a detailed balance criterion is formulated which 
generates a histogram according to the distribution of Eq. (36). From this histogram 
the final.V ext follows from the most probable values of . Q, and a band of uncertainty 
in .V ext can be drawn from the quantiles. 

Performance 

In order to test the approach it was trained with sets of three different sizes (800, 2400 
and 6000) with configurations coming from Monte Carlo simulations. With increas-
ing dataset size the histograms for the individual parameters .Qi become narrower, 
signaling an increased confidence in the parameter. This also carries through to the 
prediction of the external potential, whose confidence intervals gets smaller with 
increased training set size. As for the maximum a posteriori (MAP) prediction of the 
potentials, one observes slight discrepancies between the ground truth and the pre-
diction of the external potentials. When looking at the corresponding density profiles 
the difference between ground truth and predicted value becomes smaller, signaling 
a certain freedom in the choice of external potentials, see Fig. 6. (This appears to 
be similar to the problem of finding the exact excess free energy functional for hard 
rods in Ref. [14].) Nevertheless the exact .V ext is for the largest part contained in 
the 99% probability region, even for the smaller training set size of 800. Indeed it 
was observed that the minimal training dataset size at which the predictions fail to 
recover the results of the small training set is around 360. 

4.4.2 Gaussian Process 

Reference [22] addresses the map from the external potential to the density profile. 
It will be represented by a typical surrogate model of machine learning, namely 
Gaussian processes (GP), which replaces the cDFT calculation or the direct simula-
tion. The authors exemplify the method for the 1D hard rod system, for the sake of 
laying out the principle. A particular focus lies in formulating a reinforcement learn-
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Fig. 6 Predicted external potentials (a) and corresponding density profiles (b) for two different 
dataset sizes of 800 and 6000 with 99% confidence intervals. The differences in the density profiles 
are smaller than those in the potential representation. Here the 1D coordinate is denoted by. x . Figure 
taken from Ref. [21] 

ing scheme, i.e. in the automated inclusion of new training data if the output of the 
surrogate model for a particular new external potential is of potential low accuracy. 

The input for the map .V ext → ρ is discretized with . p points on the Cartesian . z
axis, forming the vector 

.x = μ − V ext(z) = ψ(z) ∈ R
p, (39) 

and the resulting output is the discretized density vector .ρ ∈ R
p with .ρi = ρ(zi ). 

For multiple inputs.x(1), . . . , x(n) we have the density outputs .ρ(1), . . . , ρ(n), and the 
assumption of the GP model is that the vector of densities .ρ̂ j at one space point . j
follows a multivariate normal distribution 

.ρ̂ j = [ρ(1)
j , ρ

(2)
j , . . . , ρ

(n)
j ] ∼ MN (μ j , σ

2
j R

(n)) (40) 

where .R(n) is the .n × n correlation matrix between densities at a fixed grid point 
with elements.R(n)

i j = K (||x(i), x( j)||). It is through this kernel function that the den-
sity at one grid point depends on the external potential at different grid points. In 
Ref. [22], so-called Matérn kernel functions were used, which depend on a range 
parameter .γ that needs to be estimated. The point is now to consider the . n den-
sities .ρ(1)(x(1)), ..., ρ(n)(x(n)) as input data .D from simulations, say. One adds a 
new external potential .x(n+1) = x∗ with unknown density output .ρ(n+1)

j = ρ∗
j and is 

interested in the distribution .P(ρ∗
j |D) given the input data. Since the joint distri-

bution .P(ρ
(1)
j , ..., ρ

(n+1)
j ) still follows the multivariate distribution (40), one has 

.P(ρ∗
j |ρ(1)

j , ..., ρ
(n)
j ) = P(ρ

(1)
j , ..., ρ

(n+1)
j )/P(ρ

(1)
j , ..., ρ

(n)
j ) which is still Gaussian 

but depends on the means .μ j and variance parameters .σ 2
j . Marginalizing out these
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with certain assumptions on their prior distributions finally leads to a closed form 
for .P(ρ∗

j |D). 
The remaining challenge is to find a suitable strategy for choosing an optimal set 

of inputs for .ρ̂ j and estimating the range parameter . γ in the kernel function. K .  The  
proposed architecture is termed ALEC (active learning with error control) and func-
tions as an adaptive emulator in the following way. After supplying the first batch of 
training profiles the internal state of the estimator is built, i.e. the correlation matrix 
and the corresponding guesses for . θ and . σ are computed. When a new test input 
.x∗ (external potential) is given to the system, it predicts the output .ρ j (x∗) by sam-
pling from the appropriate probability distribution with mean. θ̂ and variance. σ̂ , both 
depending on the covariance between samples in the training set. The parameter. γ is 
estimated such that the performance is maximized. Since the predictive distribution 
.P(ρ∗

j |D) is known analytically, the predictive error can be directly assessed. In case 
the variance exceeds a certain threshold, the systems generates new training data for 
.x∗ and includes it into its training set (augmented set). Since the training set is now 
increased by one, it is necessary to recompute the covariance matrix .R(n+1) and its 
inverse. Reference [22] discusses methods to speed up this process. For benchmark-
ing, ALEC is compared to training setups with a random choice of training samples 
and a different adaptive scheme (D-optimality) and shown to perform better in all 
three cases. 

Although interesting in terms of the adaptive learning strategy, the approach is 
perhaps the most remote of the discussed methods to address fundamental or applied 
problems in cDFT. The map .V ext → ρ is still the easiest, also for simulations to 
generate ground truth data. A surrogate model for simulations would be needed in 
perspective only for very costly simulations, such as complex biomolecules with 
many internal degrees of freedom. 

5 Outlook to Related Problems 

5.1 Liquid State Theory 

A recent review article [26] gives an overview on recent advances in liquid state 
theory using ML methods which we recommend to the reader and therefore restrict 
ourselves to a few points only. 

The integral equation (IE) approach to liquid state theory aims at determining the 
direct correlation function.c2(x, x ) and the total correlation function.h(x, x ) which 
are linked by the Ornstein–Zernike (OZ) Eq. (13). A second equation is needed 
which is usually termed closure equation and which for a fluid with intermolecular 
pair potential .φ(x, x ) takes the form [11] 

. ln(h(x, x ) + 1) + βφ(x, x ) = h(x, x ) − c2(x, x ) + b(x, x ). (41)
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The unknown function .b(x, x ) is called the bridge function. In terms of the Mayer 
expansion it has a clear diagrammatic definition which, however, does not allow for 
analytic resummations, even approximate ones. For simple liquids with repulsive 
cores it has been noted that the approximation of. b by a.bref from a reference system 
system (usually hard spheres) gives good results [27] (bridge function universality). 
Empirical closures have expressed . b pointwise as functions of . h, .c2 and .βφ [11]. 
Recent work [28] has investigated an ML closure for simple fluids where . b is a 
pointwise function of . h, . c2, the derivative of .h − c2 and the fluctuations of the pair 
correlation function .g = h + 1. Indeed it has been found that a variant of bridge 
function universality holds approximately, i.e. that for “hard” potentials (steeply 
repulsive near the origin) one approximate ML closure is found while for “soft” 
potentials (weakly diverging or permitting core overlap) another one is found. 

An explicit connection to cDFT arises if one considers the cDFT derivation of the 
closure Eq. (41)  [29–31]. If the excess free energy functional is functionally expanded 
around a (homogeneous or [if .V ext = 0] inhomogeneous) reference density profile 
and the grand potential is minimized in the additional presence of a test particle 
(.V ext → V ext + φ), then Eq. (41) arises and .b(x, x ) is the functional derivative of 
the Taylor expanded excess functional from which all terms up to second order are 
subtracted. Thus ML representations of the excess free energy functional would also 
contain an approximate solution to the IE problem. 

5.2 Electron DFT 

A dedicated and more comprehensive review on the connection between ML and 
electron DFT is in the chapter on Machine learning in quantum density functional 
theory by Thorsten Deilmann in this book. Here we limit ourselves to discussing 
ML assisted functional building approaches in electronic DFT and relate these to the 
cDFT approaches, if possible. In contrast to cDFT, in quantum DFT (qDFT) only 
one system is of major interest: interacting electrons with their pairwise Coulomb 
repulsion in the presence of nuclei. The Hohenberg–Kohn proof [1] entails that there 
exists a unique energy functional .E[n(r)] where the electron density is denoted by 
.n(r). Conventionally (in the Kohn-Sham approach) it is split 

.E[n] = KS[n] + Eext[n] + EH [n] + EXC[n] (42) 

where.KS[n] = − 2/2m i drφ∗
i [n]∇2φi [n] is the kinetic energy of noninteract-

ing electrons in occupied Kohn–Sham orbitals .φi [33]. . Eext[n] = drn(r)V ext(r)
is the external energy due to the external potential .V ext exerted by the nuclei. 
.EH [n] = (e2/8 0) dr dr n(r)n(r )/|r − r | is the Hartree energy which is the 
classical interaction energy of an inhomogeneous electron distribution and which 
is of typical mean-field form. The quantum–mechanical exchange and correlation 
effects are buried in the exchange–correlation functional .EXC[n] whose exact form 
is unknown; it is the equivalent of the excess free energy functional .F ex[ρ] minus
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the mean–field part in cDFT. Once a specific form for .EXC[n] is assumed, a typi-
cal iteration scheme for finding the minimum of .E proceeds via the solution of a 
one–electron Schrödinger equation in an external potential (Kohn–Sham potential 
.vS[n j ]) which depends on the electron density .n j in the previous step . j , 

. −
2

2m
∇2 + vS[n j ] φi (r) = iφi (r) (43) 

.n j+1(r) =
i

|φi (r)|2 (occupied orbitals), (44) 

and the construction of the density .n j+1 in the next step . j + 1 through the sum 
of the densities in occupied orbitals (fixed by the total number .N of electrons). 
Hereby the Kohn–Sham potential is given by.vS[n] = V ext + δ(EH + EXC)/δn (thus 
.−δ(EH + EXC)/δn is the equivalent of.c1 in cDFT). The procedure is repeated until 
the density is converged. This iteration is the equivalent of the iterative solution (20), 
(21) of the fixed point Euler–Lagrange equation (5)  in  cDF  T.

ML methods in qDFT can be used in similar ways as in cDFT. In difference to 
classical systems, ground truth data do not come exclusively from dedicated sim-
ulations (like quantum Monte–Carlo [34, 35]) owing to numerical challenges. For 
test problems in 1D and few electrons, the many–body Schrödinger equation can be 
solved exactly. For “real world” problems, data sets from experiment or advanced 
(but laborious) and more systematic electron structure calculations can be used (see 
e.g. the Main Group Chemistry DataBase (MGCDB84) [36]) which are inherently 
approximative but deemed more precise than the average qDFT result. 

Calculations in 1D (mostly for electrons with an exponentially screened potential) 
have been a test bed for ML methods. One can introduce a local energy per particle 
.e(r) through .E = drn(r)e(r). Nonlocal mappings .n ↔ e[n] can be represented 
by standard convolutional networks or MLPs. Examples for this can be found in 
Refs. [37–39] which differ in the forms of their loss function (taking into account 
the energy density, its spatial derivative, and the density distribution). An obvious 
choice is to use the density .ρ and energy density .e from converged Kohn–Sham 
(KS) iterations (with an ML functional) in the loss function to guarantee that the 
ML functional delivers self–consistent solutions (this is similar to Refs. [15, 16]  in  
cDFT). However, large training data sets are needed and together with the numerical 
costs of the KS iterations some doubts to the scalability to interesting 3D systems 
arise. An interesting proposal for a partial remedy is in Ref. [39] which suggests 
to use also intermediate energies and densities from the KS iterations in the loss 
function and training process to multiply the training data. 

Nevertheless, ML functionals for realistic 3D systems (i.e. molecules) have been 
published recently by Google collaborations [40, 41]. The Deepmind21 (DM21) 
functional of Ref. [40] addresses in particular the problem of correct dissociation 
curves of molecules by approximately solving the fractional charge and spin prob-
lem of DFT. The price to be paid is the use of approximate density distributions in 
the training and training/evaluation of the ML functional in a non–selfconsistent,
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perturbative manner. As for the other work, the idea followed in Ref. [41] is to learn 
a symbolic (analytic) exchange–correlation functional based on a reduced set of ana-
lytical terms and operations which is motivated by the structure of the most reliable 
“human–made” exchange–correlation functionals. The analytic form allows for self– 
consistency in all functional evaluations. The authors claim a superior description 
of their GoogleAcceleratedScience22 (GAS22) functional across the MGCDB84 
database. In methodology, there is a strong similarity to the Functional Equation 
Learner of Ref. [14] for cDFT (see Sect. 4.1.3). 

The Kohn–Sham approach to qDFT via KS orbitals and the self–consistent iter-
ation of Eqs. (43) and (44) is a quite special trick to approximate the kinetic energy 
.K [n] in qDFT. In cDFT, the kinetic energy of particles is buried in the ideal part 
.Fid[ρ] of the free energy, and the corresponding free energy density is a simple 
local functional. This is not so in qDFT, but it would seem natural to search for an 
explicit kinetic energy functional.K [n] here as well (“orbital free DFT”). In fact this 
was the subject of early work on finding functionals for 1D electrons with ML [42, 
43] where the kinetic energy functional .T [n] was represented using a rather simple 
kernel ridge regression. The obtained functionals still suffered from a comparatively 
poor representation of the functional derivative .δT/δn. These problems had been 
solved including a proper training on the functional derivative [44] and substituting 
the numerically expensive kernel ridge regression by more effective convolutional 
networks representing the map to the energy per particle .n → e[n]. It remains to be 
seen whether these insights for 1D will translate to a workable 3D orbital–free ML 
functional. 

5.3 Power Functional Theory 

We have attempted to show the similarity of the ML problem in cDFT and qDFT 
(despite the differences in the specific treatments) which is simply a consequence of 
the existence of the functional map.ρ ↔ F[ρ] or.n ↔ E[n]. If the general (classical 
or quantum–mechanical) nonequilibrium problem could be formulated with a similar 
functional map, one would expect that ML techniques can be of similar use. For 
classical systems, a functional formulation, power functional theory (PFT), has been 
proposed about 10 years ago which shows a close resemblance to cDFT and suggests 
itself for extending the ML techniques. The current status of PFT is reviewed in 
Ref. [45]. Here we restrict ourselves to the case of Brownian (overdamped) dynamics 
which is of superior relevance in the colloidal domain and describes the thermal 
motion of macroobjects in a solvent. Specifically we consider isotropic particles for 
which the force on a single particle . i is proportional to its velocity, .fi = γ vi . 

The central quantity in Brownian PFT is the ensemble-averaged one–particle 
current .J(r, t) i δ(r − ri )vi (where the average is over initial conditions 
with a prescribed . n–particle distribution function in space). The space and time 
dependent density distribution is linked to the current via the continuity equation 
.ρ̇(r, t) = −∇ · J(r, t). It can be shown that there exists a functional .R[J] such that



Machine Learning Approaches to Classical Density Functional Theory 109

the physical nonequilibrium single particle current .Jneq(r, t) is determined by func-
tional minimization 

.
δR[J]

δJ(r, t) J=Jneq

= 0. (45) 

For the original proof see Ref. [10], some mathematical issues have been clarified 
and corrected in Ref. [46]. Similar to the grand potential functional in DFT, .R[J] is 
split into an intrinsic part and a part accounting for the interactions with a space and 
time dependent external potential .V ext(r, t): 

.R[J] =: Rint[J] + dr J · ∇V ext + dr ρV̇ ext. (46) 

From Eq. (45) then follows an Euler-Lagrange equation of the form. 
δRint

δJ = −∇V ext.

This internal part .Rint[J] (like the free energy functional .F[ρ] in cDFT) is a unique 
functional independent of the external potential and can be split further by the.ansatz: 

.Rint[J] = dr J · ∇ δF[ρ]
δρ

+ Pid[J] + Pex[J] . (47) 

.Pid = γ dr J2/(2ρ) is the ideal gas part of the functional for the dissipated power, 
and.Pex is the (generally unknown) excess part. Note that .Rint is strictly a functional 
of the current . J only, and densities .ρ(r, t) are determined through the continuity 
equation and only depend on the current .J(t < t) at earlier times. With these defi-
nitions, Eq. (45) becomes an implicit equation for the exact non-equilibrium current 
.Jneq: 

.γ Jneq = −kBT∇ρ − ρ∇V ext −ρ∇ δFex[ρ]
δρ

− ρ
δPex
δJ J=Jneq

−ρδRint
ex /δJ

. (48) 

The first two terms here give the exact nonequilibrium current of an ideal gas in an 
external potential. With the third term added, dynamic DFT [47] is recovered in which 
the dynamics solely depends on the instantaneous density profile.ρ(r, t) through the 
equilibrium free energy functional. The fourth term with the functional derivative of 
the excess power corrects the quasi–equilibrium approximation of dynamic DFT to 
recover the full nonequilibrium current. The sum of the third and fourth term can 
be viewed as the functional derivative of the excess part of the internal part of the 
functional .Rint. 

In view of this, the full classical equilibrium and (Brownian dynamics) nonequi-
librium many–particle problem is the problem of finding the two unknown excess 
functionals .Fex[ρ] and .Pex[J]. As described earlier, over the past decades knowl-
edge about.Fex[ρ] has been accumulated and has entered the diverse ML approaches 
described in Sect. 4. This is different in the case of.Pex[J]: currently we do not know an
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exact excess power functional for a simple (even 1D!) model system, and knowledge 
on the general structure of .Pex[J] has only begun to be gathered [45]. 

The problem of a nonequilibrium steady state (.J = const.) is an excellent example 
for which the relevance of .Pex[J] has been demonstrated and for which the afore-
mentioned full problem has been tackled with ML methods [48]. The system is 3D 
Lennard–Jones in a box with periodic boundary conditions to which an external force 
has been applied which produces a steady flow in the. z direction with constant current 
. Jz . The ensemble–averaged density .ρ(z) and velocity .vz(z) are inhomogeneous but 
linked through.Jz = ρ(z)vz(z). With dedicated Brownian dynamics simulations, the 
averaged internal force density 

.Fint(r, t) iδ(r − ri )∇i u(rN ) ρ
δRint

ex

δJ
(49) 

can be obtained as ground truth. This internal force density is the density profile times 
the negative of the functional derivative of the excess part of.Rint[J ] (it contains both 
contributions by .Fex[ρ] and .Pex[J]) and thus offers itself for an ML representation. 
For the steady state problem, a functional dependence on the time–independent. ρ and 
. J is needed but since simulations only realize constant currents it is better to include 
the velocity. v as a functional variable. The authors of Ref. [48] proceeded to represent 
the force per particle .fint = Fint/ρ as a convolutional network . fz,int(z)[ρ(z ), vz(z )]
where the density and velocity distribution around a point. z were mapped to the force 
at . z. From the results, it is gratifying to see that the ML functional representation 
of .fint = −δRint

ex /δJ indeed worked independent of the external force. Furthermore, 
principal shortcomings of the dynamic DFT approximation could be highlighted. 
Conceptually and methodwise, there is a strong similarity to Refs. [18, 19]  (from  the  
same group) which tackled the ML representation .c1[ρ] of the excess free energy 
functional derivative.−βδFex/δρ in equilibrium cDFT, see the discussion in Sect. 4.2. 

6 Summary and Conclusion 

We have discussed in some detail the recent developments in classical density func-
tional theory connected with the use of machine learning techniques. Here, we laid 
particular focus on work which addressed the maps between density distribution and 
free energy functional (or its first derivative) and density distribution and external 
potential. We have not treated the use of machine learning techniques to classify and 
interpret results of high through–put DFT calculations [49] which is a topic which 
appears to be particularly relevant in quantum DFT and materials science (see also 
the chapter on Machine learning in quantum density functional theory by Thorsten 
Deilmann in this book). Most of the tested techniques (explicit parametrizations 
of functionals, multi-layer perceptrons, analytical learning schemes, Bayes tech-
niques) have been applied to the one-dimensional hard rod system where the exact 
functional is known. One can fairly say that these demonstrations were successful
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and the representability of functional maps using ML is possible with quantitative 
accuracy. However, to date there have been limited applications to more realistic, 
three–dimensional systems with truly novel results. This will certainly constitute a 
challenge for the future. Possible roads for the future are (i) the standard inclusion 
of a.ρ → c1[ρ] training in simulations as an efficient way to organize the simulation 
database [18], (ii) further elucidations of the analytic structure of functionals in 3D 
systems [15, 16] and (iii) accounting for uncertainties in machine–learned represen-
tations [21]. It will be interesting to see whether machine–learning supported cDFT 
can expand to systems where currently there are little analytical insights into func-
tionals, such as particles with internal degrees freedom (which are not decoupled), 
particles of complex anisotropic shape or biomolecules. Regarding functional build-
ing and the use of machine learning, we have noticed a strong conceptual overlap 
to quantum DFT, in particular with regard to orbital–free approaches. The problem 
setting in classical DFT is however much more diverse: While in quantum DFT 
only the system of interacting electrons is of paramount importance, there are many 
Hamiltonians in the classical realm which deserve scrutiny and which need differing 
attention. In our outlook we also noted the great potential which lies in the functional 
formulation of classical many–body dynamics which then can be tackled similarly 
to equilibrium DFT problems using methods of machine learning. 
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Machine Learning in Quantum Density 
Functional Theory 

Thorsten Deilmann 

Abstract In this chapter we discuss applications of machine learning (ML) to 
the field of quantum-mechanical simulations. Since the discovery of the quantum 
mechanics more than hundred years ago, a large number of computational methods 
have been developed to enable the calculation the physical and chemical proper-
ties of molecules and solids. One of the most used first-principles methods is the 
density functional theory (DFT). Compared to similar methods, it provides a reason-
able approximation while keeping manageable computational costs. Nowadays, it 
can even be used as a black box tool which allows for high-throughput studies. The 
abundance of data makes DFT appealing for machine learning. On the one hand, it 
enables the learning of general structure-property relations with or without the aid 
of human theories, and, on the other hand, these data can be used to develop ML 
models for the functionals employed in the quantum-mechanical calculations. 

1 Introduction 

One of the long-standing goals of physics, chemistry, and materials science is the 
understanding of the direct link between the atomic structure and the properties of 
the resulting molecules or solids [1–6]. The phrase atomic structure refers to the 
positions and chemical type of the atomic cores, as well as the electrons spread 
around and in between them. Roughly speaking, solid materials can be classified 
depending on the number of atoms and their periodicity. Atomic structures are typi-
cally called molecules if the number of atoms is small, crystalline solids if periodic 
patterns are present, or amorphous solids otherwise. This chapter will focus on the 
first two. The properties that may be of interest are numerous. For example, this 
could be mechanical properties, like the volumetric mass density or the bulk modu-
lus, chemical, electrical, magnetic, optical, or thermal properties. While the dream to 
connect structure and property has been alchemy in older days, modern science has 
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Fig. 1 The general structure-property problem. In blue the typical human approach is shown, in red 
possible starting points for machine learning. Note that the reverse direction is even more demanding 

found several ways to describe and even to predict optimal atomic structures as well 
as their resulting properties [7–10]. The reverse direction is even more challenging, 
i.e. to ask which atomic structure is required (or the most efficient) to achieve a 
desired property (see Fig. 1). 

From an engineer’s point of view, the input to our algorithm are suitable positions 
and types of atoms and the output are all materials properties. To find a general 
algorithm seems practically hopeless. The quantity of potential combinations is just 
too high, already if the number of atoms is small. By studying several materials 
experimentally, humans have deduced the Schrödinger and, in more general, the 
Dirac equation. These have been very successful in describing systems ranging from 
atoms to infinitely crystal solids and are the foundation of quantum mechanics [7–10]. 
However, the possibility to write down the Schrödinger equation for a system does 
not necessarily mean that we can solve it. While this is possible analytically for 
the hydrogen atom only (and other ions with only one electron), all other systems 
have many-body character and require more sophisticated ways to handle them. In 
Sect. 2 we discuss the approach used in density functional theory in a simplified way. 
Several features are similar compared to the previous chapter by Alessandro Simon 
and Martin Oettel on classical density functional theory [11]. 

Machine learning approaches promise help at different levels, prominently demon-
strated by AlphaFold [12]. On the one hand, one may try to learn the structure-
property link directly. This mostly bridges quantum mechanics, or in other words, 
such approaches should include all quantum phenomena implicitly. Of course, a lot 
of high quality data is required already if we are only interested in materials simi-
lar to the training set. Due to its reasonable accuracy at moderate computing times, 
DFT is often used for the purpose of high-throughput studies which can serve these 
training data for neural networks but also for active learning [13, 14]. In Sect. 3 we 
discuss some of the large number of works in this direction and briefly motivate 
the construction of simpler methods like force fields [15, 16]. Another example is 
demonstrated in the next chapter discussing the inverse design by Teng Long, Yixuan 
Zhang, and Hongbin Zhang. On the other hand, machine learning can be employed 
to assist solving the Schrödinger equation. In particular, in DFT it is required to find a 
relationship (and in practical applications this means an approximation) between the 
density of electrons and their energy contribution, the so-called exchange-correlation
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functional. Here machine learning may be applied to challenge the previous human 
proposals in Sect. 4. 

As this field is on the border between physics, chemistry and material science, 
there is rapidly growing literature from different perspectives. For example, with 
a focus on electronic structure methods the roadmap of Kulik et al. [1]  is  closely  
connected to physical and chemical techniques, while Himanen et al. [3] also discuss 
the infrastructural challenges, and Cai et al. and many more [18–23] tend towards 
new materials. 

2 Introduction to Quantum Mechanics 

To understand the challenges of quantum-mechanical calculations and possibilities 
to use machine learning, we need to introduce/recap some basics depending on the 
background of the reader. Experiments at the beginning of the 20th century have 
shown that classical physics was insufficient in the description at atomic scales, i.e. 
physical effects occurring on the order of nanometre. 

To explain the measurements, Schrödinger proposed 

.Ĥψ(r, t) = i
∂ψ(r, t)

∂t
. (1) 

Here.Ĥ is the Hamilton operator which contains all interactions of the system,. ψ(r, t)
is the wave function, its absolute square can be understood as probability density, 
and on the right-hand side . i , . , and . ∂

∂t are the imaginary unit, the reduced Planck 
constant, and the time derivative, respectively. The equation puts the wave function 
in the center of the quantum-mechanical description of a system and characterises 
its evolution. Later it turned out that this Schrödinger equation can be generalized to 
the Dirac equation to include the description of spin and relativistic effects. For the 
sake of simplicity we stick to Eq. (1) here. 

The first step to solve the Schrödinger equation is typically to decouple the dynam-
ics of electrons and cores, see e.g. [24]. The implied errors are often small due to the 
large difference of the masses of electrons and atomic cores. Furthermore, we are 
often only interested in static phenomena, i.e. after some steps Eq. (1) becomes the 
eigenvalue problem .Ĥelψel(r) = Eelψel(r), where .Eel is the total energy (as usual, 
we suppress the index in the following). .Ĥ includes the kinetic energy of each elec-
tron, the repulsive Coulomb interaction in between each pair of electrons, and the 
attractive Coulomb interaction to each atomic core. When we write the Hamiltonian 
for the electrons explicitly (the interaction with the nuclei is denoted as external 
potential .Vext), 

.Ĥ =
i

T̂e(i) +
i

Vext(i) + 1

2
i j

Vee(i, j), (2)
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where the kinetic energy is denoted by . T̂e, and the Coulomb repulsion between the 
electrons . i and . j as .Vee, this leads to a few up to .1023 terms (order of the Avogadro 
constant) for molecules to macroscopic systems, respectively. Such large numbers are 
only manageable if the system is periodic (i.e. the Bloch theorem [25] for crystals 
can be applied). The wave function becomes similarly complex as it needs to be 
antisymmetric under the exchange of each pair of electrons. 

From a mathematical point of view, the Schrödinger equation is a high dimen-
sional differential equation. Besides for the Hydrogen atom, no analytic solution has 
been found (for many-electron systems) yet. Therefore, further approximations are 
necessary to get closer to the solution. Several methods have been proposed [25], 
like Hartree-Fock or density functional theory. We will only briefly motivate the 
latter here. In 1964 Hohenberg and Kohn showed that unique functionals1 connect 
all properties to the ground state density . n0. One year later, Kohn and Sham found 
the Kohn-Sham equation 

. T̂e + Vext + VH(n) + δExc

δn
ϕi = iϕi (3) 

by extremalising the Hohenberg-Kohn functional (we suppress the dependence on. i
on all four terms of the Hamiltonian). This is an effective one-particle equation for 
the.i-th particle with wave function.ϕi and energy. i . Besides the kinetic part and the 
external potential, the remaining interaction is given by the repulsion of the electron 
.ϕi with the density . n (the Hartree term .VH) and the so-called exchange-correlation 
(xc) potential. The latter is written as the functional derivative of the xc energy. 
.Exc is the central quantity in DFT. All non-trivial many-body effects resulting from 
the exchange (i.e. the interchange of two electrons) and the correlation (i.e. remain-
ing effects between electrons) enter. By Eq. (3) we have reformulated the problem 
without introducing any further approximations. Consequently, the form of .Exc is 
unknown and the challenge of DFT is to find a good approximation. Until today sev-
eral approximations have been proposed. In this short introduction we are only able to 
name a few of them. The most simple is the local density approximation (LDA). Here 
the idea is to replace the evaluation in the real system at the position . r by using the 
result of a single particle in the homogeneous electron gas of the corresponding den-
sity.n(r), i.e..ELDA

xc [n] = n(r xc(n(r))dr.  Fo  r. xc(n(r)) = x(n(r)) + c(n(r)) the 
exchange part can be approximated analytically, while the remaining correlation is 
typically parametrized by the results of Monte Carlo simulations for the electron 
gas [26]. In addition to the local density .n(r), the generalized gradient approxima-
tion (GGA) includes the derivative.∇n(r), meta-GGA the second derivative.∇2n(r),

1 A functional is the analog to a function (which maps the argument.x f (x)). In contrast, a func-
tional maps an entire function. f to the value, e.g., the area underneath the graph. f 1

0 f (x)dx
or just the value of function. f f (a) (at the point/parameter. a). As a simple example, we might 
be interested in minimizing the expression .I [ f ] = b

a f (x)( d
dx f (x))dx . For finding the minimal 

value, we have to vary the entire function. f , or in other words perform a functional derivative. δ I [ f ]
δ f . 

For more information on the mathematical details, we refer to the relevant literature [25]. 
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etc. Furthermore, these functionals have been mixed with exact exchange to so-called 
hybrid functionals. Although more complex functionals typically improve the com-
parison to experiment for some materials or quantities, several fundamental problems 
remain which are further discussed in Sect. 4. 

Besides the discussion which functional to choose in which case, many of them 
are able to predict many properties with a very reasonable accuracy. For this reason 
and because the required computational time is lower than for comparable or more 
accurate many-particle methods,2 DFT is well suited for high-throughput screening 
discussed in next Sect. 3. We note in passing that several methods beyond DFT (e.g. 
.GW for extended system [10, 27]) can also become highly relevant for machine 
learning, as they might help to learn and overcome the drawbacks in typical func-
tionals. 

3 Direct ML: DFT Results for Machine Learning 

In the ideal case, sufficient experimental high quality data of various materials with 
various properties under various conditions is available for machine learning. But this 
is not the case today. Due to the favorable computational price-quality ratio, DFT is 
appealing for high-throughput studies and is able to offer large data sets with the pos-
sibility for further data where required. Several databases like AFLOWLIB, CMR, 
GDB, Material Project, NOMAD, or OQMD (see e.g. [3, 28] for more extended 
lists) have been collected mostly in the last decade. These databases store thousands 
of experimentally observed as well as hypothetical structures alongside various cal-
culated physical and chemical properties. 

A typical high throughput calculation is shown in Fig. 2. Depending on the 
database different strategies to select the initial structures have been used. Either 
they are inspired by experiments or hypothetical structures are generated. After these 
materials have been optimized, they are classified and checked for decomposition 
and duplicates. For reasonable candidates their stability and further properties are 
evaluated in DFT and stored in the database. In a next step the desired quantities are 
identified, e.g., if the material is a metal or a semiconductor, whether it is magnetic, 
etc. The final selected (few) candidates are then investigated in more detail. 

This “classical” procedure opens several interesting applications for machine 
learning. The large set of data including the structures, basic and advanced mechan-
ical, electronic, magnetic, and optical properties can serve as training and test data 
sets. ML can investigate the relationship between different properties or between the 
structure and a property, e.g. the band gap. We will discuss an example below. In 
addition, ML can be utilized to predict novel materials with promising properties.

2 While typical approximations of the DFT exchange-correlation potential employ only the density 
(and its first/second derivatives), many-particle methods describe the correlations more accurately 
(e.g. by configuration interaction or many-body perturbation theory [10, 27]). . 
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Fig. 2 Typical flow of a high throughput calculation. Multiple structures are relaxed, classified, 
and several properties are determined. Finally, the results are screened 

Fig. 3 Machine learning (Gaussian process regression) predicted gap vs. DFT gap for the many-
body tensor representation (MBTR, left) and the PDOS fingerprint (middle). The right panel shows 
the prediction scores (mean absolute error by standard deviation) of the heat of formation (. H ), 
the gap, and the static polarization (. αi ), respectively, comparing different fingerprints. Modified 
from Ref. [29] 

Figure 3 shows an example for two-dimensional materials in the CMR [30]. 
In a sufficiently complex ML model the materials should be characterised only by 
its atomic positions including the chemical elements and the periodicity. As such 
fundamental models are not possible yet, further information need to be included 
in the fingerprint describing the material. Three possibilities are evaluated: (i) The 
Ewald fingerprint which includes Coulomb matrix elements (not shown in detail). 
(ii) The many-body tensor representation (MBTR) uses atomic numbers, distances 
and angles. (iii) The PDOS fingerprint includes the projected density of states. The 
results of the latter two using Gaussian process regression (Fig. 3 left and middle 
panel) show a moderate success. MBTR shows a mean absolute error of 0.35 eV 
for the training set, and even much larger for the test set with 0.74 eV. Employing 
the PDOS fingerprint the accuracy can be improved (MAE of 0.1 and 0.21 eV, 
respectively), however several outliers remain and the required chemical accuracy 
is not achieved. These numbers are given for the band gap using the HSE06 hybrid 
functional, a property which is closely connected to the PDOS. For further properties 
like the heat of formation which is an important property describing the stability, the
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MAE is larger which becomes even worse for the static polarization. The latter is 
problematic for all the three fingerprints. 

Similar studies have been performed for many sets of materials and different 
properties [2, 18, 23, 28]. Examples include molecules for solar cells [20], materials 
for CO. 2 reduction [21], or the class of MXenes [22]. Nowadays, basically all material 
classes and properties are covered [23]. In addition to these DFT results, machine 
learning has been employed to predict the wave function or densities [31, 32], which 
can then be employed to calculate further properties. On the one hand, more advanced 
ab initio methods3 like the random phase or the .GW approximation [33–35]  have  
been used, while on the other hand, force fields (which are conceptional simpler 
compared to ab initio methods) are parametrized by ML [36, 37]. While traditional 
force fields use a static set of parameters, ML allows adapting and improve the 
parameters by fitting DFT results and thus drastically increase their accuracies. 

In their current state, many ML models have appeared to described various prop-
erties individually. As discussed in Refs. [2, 23], for instance, it is currently unclear 
which algorithms will prevail. For larger data sets deep neural networks may be favor-
able. If the data sets are smaller, active learning (using Gaussian process regression) 
is an alternative in which DFT can be used to calculate the required new input. Even 
if much data is available publicly, this is much less true for the details of the ML 
models which makes their quantitative comparison very challenging. 

4 Assisting ML: Learning the Density Functional 

Besides the direct material-property link, ML can be utilized to improve the solution 
of the Schrödinger equation. In the case of the DFT this means the improvement of 
the chosen functional. Even if many researchers have previously worked on this topic 
(e.g. [38, 39] and many more), the topic has been highlighted when Kirkpatrick et 
al. published their work [40] in 2021. Here we will briefly discuss this work. 

The previous discussion in Sect. 2 has been given in a simplified way. On the 
one hand, we have not discussed the spin, a purely quantum mechanical property 
similar to the angular momentum. In DFT, this requires the use of spin up and 
down densities.n(r) = n↑(r) + n↓(r) (and in general spin-orbit interactions coupling 
them to the structure). Especially for magnetic systems and molecules/radicals with 
free electron spin this make the state more complex. Besides the spin, the typical 
DFT functionals introduced above suffer from the general problem of fractional 
electrons [41]. Even if the concept of fractional electrons may seem counterintuitive, 
their quantum mechanical nature can lead to situations where they are part of two 
subsystems, i.e. only a fraction can be part of the system to be calculated. E.g. if

3 As discussed in Sect. 2, the many-body Schrödinger equation (1) can be solved approximately. The 
Random Phase Approximation approximates the total correlation energy relying on the dielectric 
response function of the material. The.GW approximation leads to reliable predictions of band gaps 
and positions employing the self energy given by. = iGW . 
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Fig. 4 Schematic dependence of the energy on the occupation (left). Grey (black) arrows indicate 
unoccupied (occupied) electron spins. The energy of H. +2 depending on the distance is shown on the 
right. The corresponding DFT results with typical functionals are marked in red 

we consider a hydrogen atom and vary the number of electrons between zero and 
two, the energy of this system should vary linearly from zero to one and one to two 
(Fig. 4). This derivative discontinuity is typically not well reproduced in functionals 
and is a result of their construction using the homogeneous electron gas. Another 
demonstrative example is the H. 

+
2 molecule. At the optimal bonding distance the 

situation can be described approximately by two positively charged cores with the 
electron in between them. However, if we separate the cores the electron has to decide 
and should be found close to only one of the cores. The allowed fractional electrons 
lead to a situation in which half an electron can be located close to each of the cores. 
Such unphysical situations are often not problematic if we take the entire system (or 
time averages) into account, but in common functionals they are imprinted separately 
at every point where the exchange-correlation is evaluated. 

Other electronic structure methods like Hartree-Fock or similar take the exact 
exchange into account and are able to handle such systems more precisely. Also, den-
sity functionals have been proposed with efforts in this direction. E.g. the GLLBSC 
functional separates the Coulomb part of the exchange hole and the response part 
from the pair correlation function [42], and often leads to band gaps much closer to 
experimental findings. 

As an alternative to the human designed functionals, ML has been employed to 
design new functionals for some time, e.g. Refs. [38, 39]. In the following we will 
focus on the recently developed version DM21 [40]. This functional aims to tackle the 
factional electron and spin problem and its general idea is shown in Fig. 5 including 
its results. On each mesh point the spin-dependent density, the norm of the gradient, 
the kinetic energy density .τ± and the Hartree Fock exchange energy densities . eHF

are evaluated. By a neuronal network (multilayer perceptron, MLP) enhancement 
factors are evaluated and used to integrate the exchange-correlation energy. From a 
physical point of view, inputs similar to common functionals (.n↑, .n↓, etc.) are no 
longer connected by strict mathematical conditions, but their importance and their 
interdependencies are hidden in the neural network. As training data highly accurate 
calculations for several hundreds of atoms/molecules have been used. Depending on 
the exact constraints applied, Kirkpatrick et al. have fitted several versions of the
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Fig. 5 At each mesh point the DM21 functional calculates the feature vector with different quan-
tities like spin densities, Hartree Fock exchange energy densities, etc. which are weighted by a 
neuronal network (multilayer perceptron, MLP). The right panels show the fractional occupation 
of H comparing Monte Carlo (oracle) with three functionals B3LYP, SCAN, and DM21. The inset 
shows the deviation from the linear trend. Below the binding energies of H. +2 is shown depending 
on the distance. Data taken from Ref. [40] 

functional. Here we focus on DM21 which respects fractional charge and spin but 
violates the uniform electron gas limit. 

The result for different occupations of a hydrogen atom are show in the right 
panel of Fig. 5. The most precise results can be expected from Monte Carlo calcula-
tions (labeled oracle). State-of-the-art results from hybrid and meta-GGA functionals 
B3LYP and SCAN deviate from the linear trend by up to 25 kcal/mol (.∼1eV, see 
inset). Even if DM21 is not linear, its deviation is much smaller compared to the 
previously mentioned. For the dissociation of H. 

+
2 a similar improvement of DM21 

compared to state-of-the-art functionals is found. Especially the limit of zero bind-
ing energy is fulfilled. Eventually further insights on the importance of the different 
contributions may also help to improve current standard functionals. 

Further results on fractional spin systems or reactions suggest an overall improve-
ment using DM21. However, DM21 only focuses on main group elements in non-
periodic system. Nevertheless, it clearly shows the potential of ML to improve func-
tionals more generally in the future. 
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Generative Deep Learning for the Inverse 
Design of Materials 

Yixuan Zhang, Teng Long, and Hongbin Zhang 

Abstract Beyond the forward inference of materials properties using machine 
learning, generative deep learning techniques applied on materials science allow the 
inverse design of materials, i.e., assessing the composition—processing—(micro-) 
structure—property relationships in a reversed way. In this review, we focus on the 
(micro-)structure—property mapping, i.e., crystal structure—intrinsic property and 
microstructure—extrinsic property, and summarize comprehensively how genera-
tive deep learning can be performed. Three key elements, i.e., the construction of 
latent spaces for both the crystal structures and microstructures, generative learning 
approaches, and property constraints, are discussed in detail. A perspective is given 
outlining the challenges of the existing methods in terms of computational resource 
consumption, data compatibility, and yield of generation. 

1 Introduction 

Developing and employing advanced structural, functional, and quantum materials 
is of significant importance helping us tackle the challenges like energy shortage and 
information explosion [1]. Conventional materials science research relies mostly on 
the trial-and-error experiments and individual domain expertise, leading to resource-
and time-costly materials development and exploitation. Recently, the data-driven 
approaches based on machine learning have emerged unlocking the fourth paradigm 
of materials science, in addition to the approaches based on empirical experimen-
tation, phenomenological theory, numerical simulations using quantum mechanics 
[2]. For instance, focusing on the core problem of materials science, i.e., to map out 
the composition—processing—(micro-)structure—property (CPSP) relationships, 
machine learning can be applied to quantify each link, e.g., identifying synthesis
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recipe [3], engineering microstructure in additive manufacturing [4], and statistical 
modelling of various physical properties [5]. However, despite many progresses 
enabling the acceleration of materials design [2, 6–8], the CPSP relationships 
covering the whole compositional and functional space are still far from quanti-
tatively revealed [9, 10], which can be attributed to the high dimensionality of the 
underlying design space [11]. Therefore, even with the help of machine learning, 
the current materials design practices are mostly following the many-to-one pattern 
along the CPSP chain, i.e., predict and synthesize unreported compounds, perform 
the measurements, and select the one with optimal properties [2, 12, 13]. 

To further accelerate materials design, it is essential to access the CPSP chain in 
a reversed way, e.g., predicting the compounds with target properties together with 
the processing conditions for the desired microstructure. This leads to the concept of 
inverse design, which can be carried out based on high-throughput (HTP) combina-
torial screening, global optimization, and generative models [14]. Taking the crystal 
structure – intrinsic property (as given by the crystal structures) as an example, 
the HTP computational workflows usually consist of three steps: (1) generating 
new crystal structures by substituting possible atoms of typical prototypes [10]; (2) 
conducting density functional theory (DFT) computation on the hypothetical struc-
tures [15]; (3) screening the compositions with desired properties. In this regard, 
the HTP method follows again the massive generation and screening scheme, which 
is still resource-demanding, though it can reduce the cost of materials design by 
providing guidance to experimental investigations. For solid state materials, HTP 
screening is performed mostly for the mapping of crystal structure – intrinsic prop-
erty link based on DFT calculations [16–18], which rely on the implementation of 
automatized workflows based on platforms such as atomic simulation environment 
[19], atomate [20], AiiDa [21], etc. Such workflows can nowadays be constructed 
for many classes of advanced materials such as magnetic materials [22]. It is inter-
esting to get the other simulation tools such as molecular dynamics, phase fields, and 
finite element (FE) modelling integrated into operative HTP workflows, so that the 
other links in the CPSP chain can be explored, as well as experimental workflows. 
Furthermore, the global optimization method relies on extracting effective descriptors 
that affect material properties based on existing databases, and constructing reliable 
surrogate models in order to automatically adjusts these descriptors to achieve better 
properties for the newly discovered materials [23–31]. Such methods include but are 
not limited to Bayesian optimization and genetic algorithms, which avoid extensive 
calculations and thus reduce the cost of the design process [32]. An obvious advan-
tage of the global optimization approach formulated based on Bayesian optimiza-
tion is to implement and execute the so-called closed-loop adaptive design strategy, 
which can be directly integrated with experimental investigations and allows an 
iterative optimization based on active learning [33]. Such a closed-loop adaptive 
design strategy comprises database curation, surrogate modelling, balanced explo-
ration (searching new regions of the design space) and exploitation (refining known 
optimal regions), and guided experimental synthesis/characterization, and has been 
successfully applied to optimize the compositions of NiTi-based shape memory 
alloys [34], BaTiO3-based piezoelectric ceramics [35], ferroelectric perovskite with
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higher Curie temperature [36], high entropy alloys with enhanced hardness [37] and 
as Invar alloys with reduced thermal expansion [38]. 

In machine learning, the concept of vector space is fundamental and crucial. A 
vector space is a collection of vectors that can be linearly combined through addi-
tion and scalar multiplication. For regression problems in materials science, each 
vector in the vector space typically represents a sample with multiple features, such 
as the chemical composition and physical properties of a compound. In this space, 
machine learning algorithms aim at finding a function (i.e., a distribution in terms of 
statistics) to fit the relationship between sample data and target outcomes [39–41]. 
However, the actual chemical or physical parameter space is often high-dimensional 
and complex. Directly learning and optimizing in a high-dimensional space can 
encounter efficiency and accuracy issues. This challenge can be mitigated by intro-
ducing the latent space, which is ideally a continuous low-dimensional represen-
tation used to describe data in the original high-dimensional vector space [39, 40] 
and is valuable to better assess the distribution of physical properties. Through an 
appropriate encoder, every original descriptor vector can be mapped to a unique 
vector in the latent space; Whereas through a decoder, vectors in the latent space 
can be decoded back into descriptor vectors with explicit physical meanings. Such 
a latent space greatly facilitates the applications of Bayesian optimization for mate-
rials design, where sampling can be efficiently performed with acquisition functions 
balancing between exploration and exploitation. 

Importantly, with the help of the properly constructed latent spaces, generative 
deep learning can be valuable to go beyond the known design space to further 
promote inverse design. On the one hand, there is one unique vector in the latent 
space corresponding to the original descriptor vector as inputs and hence one 
specific compound, and all the vectors in the latent space can be decoded into 
descriptor vectors with explicit physical meaning. On the other hand, such a latent 
space should be constructed in such a way that the joint distribution P(x, y) of 
target physical properties y and descriptors x should be faithfully reproduced, which 
distinguishes it from deterministic models focusing on the conditional distribution 
P(y|x) [11]. Given such a challenge to construct a robust latent space, inverse design 
based on generative deep learning models has not been extensively done. Further-
more, there are three major machine learning approaches which can be used for 
generative models, i.e., generative adversarial nets (GAN), variational autoencoder 
(VAE), and diffusion-based generative model (DGM), including various types such 
as denoising diffusion probabilistic models (DDPM), denoising score matching 
(DSM) and discrete denoising diffusion probabilistic model (D3PM) [42–45]. The 
implementation and application of such models are a bit more technical involved, 
in comparison to those frequently used forward inference models, such as random 
forest [46], support vector machine [47], neural networks [48], and transformer 
[49]. Additionally, another challenging task is how to perform the optimization 
of physical properties, which is best done in a multi-objective manner and hence 
entails exploring the usually large chemical/parameter/latent space efficiently to 
recommend proper candidates fulfilling the requirements [50].
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In this review, we focus on the (micro-)structure – property relationships, i.e., 
crystal structure—intrinsic property and microstructure – extrinsic property (as 
defined by microstructure), and summarize the current approaches realizing the 
inverse design of materials based on the generative deep learning. For each section 
(i.e., crystal structure and microstructure), we elaborate on three critical aspects, 
namely, 

(1) how to achieve efficient communication between machines and humans, i.e., 
how to generate machine readable descriptors informed with domain expertise, 

(2) how to improve the performance of machine learning models, 
(3) how to apply constraints so that materials with desired properties will be 

predicted[11, 14, 51–56]. 

Specifically, advances in inverse design are discussed in terms of descriptors or 
representations for materials, deep learning algorithms, and the integration of prop-
erty constraints, with related studies summarized in Tables 1 (for crystal structures) 
and Table 2 (for microstructure), respectively. Finally, the pending challenges will 
be outlined, together with a bird-view outlook.

2 Section I: Inverse Design of Crystal Structures 

The generative deep learning-based inverse design method actively optimizes the 
non-linear relationship between material structures and properties without external 
intervention, thus attracting intensive attention [51, 76, 77]. In general, such a 
method extracts knowledge from the existing structure–property datasets and applies 
the learned knowledge in designing new materials. One of the main challenges 
of applying the inverse design method for crystal structures is the descriptors of 
crystalline materials. In Table 1, we summarize the state-of-the-art crystal structure 
generative models based on the representations of crystal structures, the model archi-
tectures, whether there are constraints, the reversibility of the used representations, 
the application scope of the models, and their generation efficiency. 

Representations, also known as descriptors or features, are a set of parameters that 
represent the structural features of materials. In this section, they refer to the param-
eters corresponding to the crystal structures that are used as input for the machine 
learning models. It is noted that crystalline parameters as specified in standard .cif 
files are often not sufficient for machine learning because the three-dimensional (3D) 
periodicity is not automatically encoded, and also that the crystal structures in real 
space are bidirectionally mapped to the descriptors in the latent space. 

Models are deep learning generative models used to predict new crystal structures. 
These models are a type of machine learning model that learns to generate new data 
similar to the data used for training. From the mathematical perspective, these models 
attempt to mimic the distribution of the training data through various approaches and 
metrics.
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The term constraint comes from nonlinear programming problems in operations 
research, referring to additional conditions that must be satisfied while achieving the 
main objective. In inverse design, the main objective is the generation of new crystal 
structures, whereas desired intrinsic properties can be considered as constraints when 
generating crystal structures. A constraint that can be integrated into the objective 
function or as a tolerance for screening after the generation process. 

Reversibility refers to the ability to achieve bidirectional mapping between crystal 
structures in real space and descriptors in latent space. Specifically, it includes two 
aspects (1) whether the model can correctly recognize the known crystal structures, 
i.e., uniquely encoding and decoding the existing crystal structures, and (2) whether 
the newly designed crystal structure can be correctly recognized, i.e., sampling the 
latent space for reasonable descriptors which can be decoded to crystal structures 
in the real space. Therefore, this indicator is generally characterized by the repro-
ducibility rate of the lattice parameters and atomic positions in the crystal structures 
during the transformation between real and latent spaces. 

The scope indicates the compositional space covered by the inverse design model, 
e.g., binary/ternary means that the model can only be used in a specific binary/ternary 
system (sometimes transferrable for other binary/ternary compositions), whereas a 
multicomponent model can generate new crystal structures with more than three 
elements. 

Efficiency refers to the ability to generate new materials effectively, i.e., the ratio 
of the number of crystal structures fulfilling the constraints with respect to the total 
number of generated structures via decoding. 

3 Crystal Structure Descriptors 

In order to enable the inverse design of crystalline materials, it is necessary to create 
descriptors mapping the crystal structures for the deep learning models [78, 79]. 
Descriptors of crystalline materials can be divided into three categories: (1) elemental 
descriptors that describe the chemical information of materials constituents [80–82], 
(2) structural descriptors that describe the geometric information of crystal structures 
[83, 84], and (3) combined descriptors describing both the chemical and structural 
information [59, 85]. Either the elemental descriptors or the structural descriptors 
highlight only partial information of crystalline materials, which are not sufficient 
to specify the crystalline materials. Even though it is possible to combine them, the 
heterogeneity and poor connectivity make the description of crystalline materials 
inefficient. In comparison, the combined descriptors integrate the essential informa-
tion of crystalline material as a whole and therefore have the potential to reconstruct 
the crystalline materials. However, not all combined descriptors can be used in the 
deep learning methods, as inverse design methods also require that identifiable crys-
talline materials should be extracted via decoding from the corresponding descriptor 
[86]. Since all crystalline materials are a periodic arrangement of atoms in the 3D 
space, the unit cells are good starting points for generating descriptors [87]. In general,
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a unit cell is composed of lattice parameters, atomic coordinates, and atomic species. 
The lattice parameters describe the size and shape of the unit cell, the atomic coor-
dinates indicate the atomic position in the unit cell, and the atomic species mark 
the elements at the corresponding positions. Thus, the descriptors of the crystalline 
material used in generative models should allow the extraction of all such infor-
mation to reconstruct the unit cell. There are deep learning models focusing on the 
chemical information [88–90] and its extracting [91, 92], the structural information 
is indispensable. In this regard, generative deep learning to predict crystal structures 
remains a significant challenge [61]. 

Nevertheless, there are a few existing solutions which have been applied success-
fully for generative deep learning, including the voxel method [58], the vector method 
[64, 65, 73–75], and the graph theory method [63], as demonstrated in Fig. 1.  The  
voxel method uses 3D grids to voxelize the crystal structures, i.e., creating 3D voxels 
to record the atomic species at the corresponding atomic positions [86], and either 
the voxels themselves or the vectors obtained by encoding the voxels are used to 
get the latent space [93–95]. Due to usually required dense grids for voxelization 
and comparatively limited number of atoms in unit cells, the voxels are significantly 
sparse (if only the atomic positions are labeled). Thus, severe information loss will 
occur during the reconstruction process, i.e., the positions of the atoms cannot be 
reproduced accurately. In order to avoid sparsity, atomic positions can be transformed 
into atomic densities by introducing a Gaussian smearing with element types being 
scale parameters. Such a representation scheme can achieve a reconstruction ratio of 
about 70%, making it an acceptable solution for generative deep learning of crystal 
structures.

Subsequently, Noh et al. proposed an improvement to this method [58], with three 
essential modifications: (1) the lattice parameters are also treated using voxels, i.e., 
one extra voxelization explicitly created to store the shape and size of the unit cell, 
dubbed as the cell voxel hereafter, (2) The scale parameters for Gaussian smearning 
are considered as hyper-parameters, instead of using the element types, and 3) indi-
vidual voxels are created for different elements (called the basis voxels) and stored 
in different channels. The improved voxel method was successfully applied for the 
binary V–O system, with a reconstruction ratio of more than 90%. The voxel approach 
was extended to multicomponent systems by Court et al. [66] by abandoning using 
multiple channels to store elemental information and resolving back to describing 
different elemental species by scale parameters, while retaining the lattice parameter 
voxelization. Such a scheme enables the design of multicomponent crystal structures 
[66] with the cost of a reduced reconstruction ratio. Long et al. further improved the 
voxel approach by decomposing different elements into different channels, fixing the 
scale parameters, and introducing empty channels to maintain the consistency of the 
voxel data, resulting in an overall reconstruction ratio above 85% [62]. It is noted that 
Kim et al. successfully used the voxel method to describe porous materials, demon-
strating the potential of the voxel approach for microstructure representation [69]. 

The voxel approach has become one of the most successful solutions in crystal 
structure representation, with a high reconstruction ratio and the potential to extend 
to microstructure. However, it exhibits a few shortcomings: (1) it does not reflect the
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Fig. 1 Common descriptors of crystal structures, with the crystal structure on the left and the voxel 
descriptors, graph descriptors and vector descriptors from top to bottom on the right

symmetry information, which is vital in crystallography, (2) it cannot identify the 
similarity of the structures after rotation, i.e., it cannot ensure the rotational symmetry 
of the descriptors, and (3) it requires a significant amount of computational resources 
for data processing. 

The graph theory approach uses nodes and edges to describe atoms and interatomic 
connectivity, as well as channels to reflect the elemental information weighted based 
on the interconnections between the individual atoms [60, 96, 97]. In this regard, 
it accounts for the translational and rotational symmetry properly. For example, the 
properties of the corresponding atoms and bonds are added by the channels in crystal 
graphs, giving rise to the necessary description of the crystal structures. The graph-
based descriptors have become one of the most attractive methods [59]. Xie et al. used 
the one-hot features to store information for both vertices and edges and found that 
such features suffered from poor reversibility to reconstruct the crystal structures. 
This dramatically limits the application of the graph theory approach in generative 
deep learning. Even though the method has been further developed by Park et al., 
there is still no report about reconstructing crystal structures from graphs [60, 96, 
97]. Yao et al. have solved the problem from a different perspective, i.e., using nodes 
to represent a group of atoms in the graph and edges to represent the interactions 
between groups [63]. This approach enables the description of massive systems 
with the cost of relying on other computational methods to achieve reconstruction. 
The method has shown good performance in the design of materials such as MOF. 
Therefore, we believe the graph theory approach can accurately capture the symmetry
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and periodicity of crystalline materials, but its poor reversibility limits its applications 
in generative models. 

The vector method uses vectors to directly describe the atomic species and 
positions and the lattice parameters. Kim et al. proposed a method to incorporate 
symmetry and robustness through data augmentation, such as adding perturbations 
and rotations to the original data during the training process, and successfully applied 
it for the Mg-Mn–O system [70]. However, this did not solve the problem of the low 
reconstruction ratio of the vector method. Given that the atomic position information 
is complicated to reconstruct accurately, Ren et al. enhanced the description of atomic 
positions by describing the structures of crystalline materials using both Cartesian and 
Fourier transformed coordinates [67]. After encoding and decoding, such two types 
of information can be cross-validated, thus significantly improving the reconstruc-
tion ratio of the crystal structures. However, the generation process has extremely 
low efficiency due to the redundant representation. In contrast, Xie et al. proposed 
a solution by using elemental species, atomic coordinates, and lattice constants as 
descriptors. Assuming that the lattice parameters can be accurately reconstructed, the 
scale of the noise of elemental species and atomic coordinates can be measured by 
scoring neural networks with data argumentation [64]. As a result, a more accurate 
reconstruction of elemental species and atomic coordinates can be achieved. At the 
same time, they proposed a pre-optimization scheme to determine the corresponding 
atomic coordinates and elemental species during the generation process, which guar-
anteed the stability of the generated structures. Furthermore, Zhao et al. improved 
the validity of the generation by introducing the element properties, atomic pairwise 
distance constraints and structural symmetry into the generation model, resulting in a 
higher success rate and more symmetrized structures in generation [71, 72]. Recently, 
Yang et al. have defined a four-dimensional scalable vectorized material representa-
tion UniMat based on the periodic table of elements utilizing the a priori knowledge 
of the periodic table [74], with also good performance for both reconstruction and 
generation. In short, the vector method turns out to be a good solution for describing 
crystalline materials and becomes extremely promising after the solution proposed 
by Xie et al. In particular, the rise of DGMs based on Markov diffusion processes 
can improve the reconstruction rate significantly, which guarantee robust forward 
and backward mappings and hence reliable reconstruction and generation of crystal 
structures. 

4 Crystal Structure Generative Models 

Generative models are the key to inverse design, in order to learn existing crystal 
structures and design new ones. Three typical generative deep learning models, 
namely, variational autoencoder (VAE), generative adversarial network (GAN), and 
diffusion model, are illustrated in Fig. 2.

The VAE model consists of two parts, i.e., the encoder and the decoder. The former 
takes descriptors as discussed above as inputs and maps them into vectors in the latent
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Fig. 2 The architectures of commonly used generative deep learning models, e.g., VAE, GAN, and 
diffusion model, where z denotes the latent space

space. The vectors in the latent space should satisfy a specific distribution, and they 
contain all necessary information to reconstruct the inputs. The decoder uses the 
latent space vectors as input to perform the reconstruction. After training the VAE 
model, new vectors are randomly sampled in the latent space according to the learned 
distribution, hence generating new crystal structures [42]. Decoders and encoders are 
generally neural network models, specifically common types are convolutional neural 
networks (CNNs) [98] and graphical neural networks (GNNs) [99]. 

Gomez-Bombarelli et al. applied the VAE model to design molecules [100]. 
The first successful application of the VAE model to crystal structure design was 
conducted by Noh et al. [58], where a 2D CNN-based VAE model was used to design 
new V–O materials with high efficiency. It was demonstrated that the VAE model is 
more efficient in generating new V–O materials than the global optimization model. 
The VAE model was subsequently used by Court et al. to generate Heusler alloys, 
chalcogenides, and binary alloys with various compositions [66]. They adopted the 
idea of using voxel descriptors, but they constructed a 3D CNN model directly on 
the voxels without using crystal images [77]. However, this study also pointed out 
the shortcomings of the VAE model, i.e., the generated structures were mostly not 
stable and needed to be re-optimized by further DFT calculations. 

Since descriptors based on the vector method can be applied to better specify 
the crystal structures, Ren et al. applied the VAE model with vector descriptors 
using CNN constructs[68]. Due to a large amount of noise in the vector descriptors 
generated with the VAE method, only a few portion of the generated descriptors can 
be transformed into reasonable crystal structures [101]. The efficiency of the VAE
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model in generating new materials is therefore low, with a success rate of less than 1% 
[102]. Xie et al. proposed the crystal diffusion VAE (CDVAE) model to address this 
problem[64]. They assumed that there was a deviation of the structures generated by 
the VAE model from their stable state, so the feasibility of finding the target materials 
could be increased by analyzing the noise distribution [103–105]. Such analysis 
relies on the noise conditional score network (NCSN) model. Besides, CDVAE also 
takes the stability of the materials into account by exhausting the possibilities of the 
generated materials, so only optimal structures can be selected [103]. The CDVAE 
model also demonstrates the possibility of using GNN constructions in the VAE 
model. 

In general, the VAE model can generate complex images and control the hidden 
space distribution. It is believed that the choice of distribution functions integrates 
the domain knowledge on the crystalline materials, which is the key to accelerate 
model training [52]. However, the choice of the distribution functions in VAE signif-
icantly affects the model performance, which may lead to a significant drop in the 
performance of such models. 

Conceptually, the GAN model consists of a generator and a discriminator where 
the generator aims to generate new descriptors from a set of random arrays, while the 
discriminator will determine whether the distribution of the generated descriptors is 
statistically consistent with the descriptors of the known crystal material [43, 106]. 
Thus, the generator tries to ensure that the generated descriptors cannot be iden-
tified by the discriminator as generated descriptors by improving the similarity to 
the existing structures, while the discriminator will be trained to find the difference 
between the generated and the actual descriptors. The generator and the discrimi-
nator are trained to compete against each other simultaneously, and eventually, the 
generator will be capable of generating descriptors of crystalline materials that are 
sufficiently good. 

The GAN model was first applied to generate crystal structures in the Crys-
talGAN model by Nouira et al. [57]. They used vectors to describe the structures of 
binary materials, i.e., A-H and B-H, and used the GAN model to generate ternary 
structures, A-B-H. Although the generation ratio demonstrated in this work was not 
high, CrystalGAN successfully generated Ni-Pd-H crystal structures using Ni–H and 
Pd-H crystal structures as inputs, enabling the generation of heterogeneous crystal 
structures. Subsequently, Long et al. used 2-dimensional crystal images based on 
voxelization as inputs and outputs of a GAN model [61]. This method was successful 
when acting on a specific binary system, Bi-Se, and was able to find new Bi-Se struc-
tures that did not exist in the training set, with a decent generation ratio. Kim et al. 
successfully generated new structures of Mg-Mn–O using the GAN method with 
higher generation rates compared to the VAE models. This demonstrates the advan-
tages of the GAN method in exploration [70]. Long et al. then embarked on an attempt 
to use the GAN model for multicomponent systems, successfully generating crys-
talline materials with various compositions [62]. Nevertheless, the generation ratio 
dropped in its application of multicomponent systems, mainly due to the limited 
number of crystal structures in the training dataset for a vast space of compositions.
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The GAN model has demonstrated advantages in generating new structures using 
image-based descriptors, and also has the potential to be combined with vector-based 
descriptors (no research has been reported). It is worth noting that GAN models learn 
the distribution of the latent space by themselves implicitly and therefore are not 
immune to mode collapse. This leads to a decrease in the structural generation ratio 
of such models. 

Diffusion models, which are inspired by non-equilibrium thermodynamics, use 
denoising to generate data. The process of learning by denoising involves two Markov 
Chain processes: the forward process and the reverse process. During the forward 
process, random noise is gradually added to the data at a series of time steps from 
t1 to tn, with samples at the current time step drawn from a Gaussian distribution 
conditioned on the samples at the previous time step, and the variance of the distri-
bution following a predetermined schedule. After long enough forward time steps, 
the samples become standard Gaussian distributions. In the reverse process, starting 
from a standard Gaussian distribution, the noise is reduced at each time step in the 
backward direction from tn to t1 [44, 107]. After training, we can use the DGM 
to generate data by simply passing randomly sampled noise through the learned 
denoising process. In fact, the Markov chain process in the algorithm shifts the goal 
from matching distributions in the data space and the potential space to finding a 
strategy that describes the direction in which the noisy samples at the current time 
step are most likely to change towards a steady state within every time step, i.e., what 
the DGM actually does can be seen as finding a hypothetical potential energy surface 
which, by inputting a noisy sample and the corresponding timestep, will output a 
more stabilized state at the next timestep. 

Xie et al. employed the score-based network NCSN as a decoder to denoise the 
perturbed structures to the stable crystal structures [64, 65]. Pakornchote et al. added 
an extra DDPM model on the top of CDVAE, where CDVAE is used to predict 
the lattice parameters and the number of atoms in the unit cell, and the DDPM 
model helps to denoise the fractional coordinates and predict the atomic coordi-
nates [73]. Yang et al. directly applied the DDPM on their UniMat representation 
for both unconditional and conditional crystal structure generation [74]. Based on 
the CDVAE descriptors, Xie et al. applied the D3PM, DSM and DDPM with limit 
distribution for atom type denoising, fractional coordinate denoising and lattice distri-
bution denoising, respectively, where the matching of these three denoising models 
is by score evaluation using an SE(3)-equivariant GNN named GemNet-dT [75]. 

The current trends show that crystal structure generation is a complex problem and 
requires multiple models acting together. In addition, the consideration of whether 
a crystalline material can be synthesized is an interesting direction, as it has been 
mostly discussed for molecules [108, 109]. Currently, crystal structure generation 
models are mostly CNN-/GNN-based VAE and GAN models, but diffusion models 
are also starting to enter the mainstream. Nevertheless, if transformers can be applied 
to construct generative deep learning models, their capability will possibly be further 
enhanced [110, 111].
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5 Crystal Structure Constraints 

While current generative deep learning models have been mostly applied on gener-
ating new crystal structures, integrating the physical property prediction in such 
models has started to attract more and more attention in recent years. In this regard, 
the property constraints can be incorporated either as a screening approach or as an 
optimizing approach, as shown in Fig. 3. The former involves two steps: (1) genera-
tion of the new structures and (2) screening structures with desired properties. Noh 
et al. applied this approach by firstly generating many VxOy structures using the VAE 
model and then selecting those with good thermodynamic stability with formation 
energies below -0.5 eV/atom [58]. Such an approach allows for exploring a larger 
chemical space, but it cannot be applied to optimize the target properties during the 
design process, which dramatically slows down the design of functional crystalline 
materials. This problem was ameliorated in the work by Court et al. [66], where 
they generated a large number of crystal structures using the VAE model and used a 
forward prediction model, i.e., the CGCNN model developed by Xie et al. to predict 
the properties (including bandgap, mechanical properties, and formation energy) of 
the generated structures. Such a scheme improved the efficiency of screening func-
tional materials by selecting only crystal structures exhibiting target properties in 
the generation process [59], without considering the material properties during the 
training process though. 

To address such an issue, Long et al. added material properties in the loss function 
of the GAN model as a back propagator to achieve joint optimization of material 
properties and crystal structures [61]. It is noted that modifying the loss function 
will affect the discriminator’s evaluation of the generated structures. For instance, 
if the formation energies of the generated structures are too high, the value of the 
loss function will increase and therefore prevents the generation of such structures. 
Detailed analysis reveals that this approach improves the efficiency of generating 
the structures with target properties by 100 times, which can significantly improve

Fig. 3 Two methods of adding constraints to the generative models: the screening method (left 
panel) and the optimizing method (right panel) 
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the generation ratio of functional crystalline materials [62]. Kim et al. added heat 
absorption as a constraint in their GAN model to design porous materials, enabling 
the prediction of porous crystalline materials with heat absorption in a specific range 
[69]. Yao et al. also added other functional properties to the loss function in the VAE 
model, leading to the direct design of functional MOF materials [63]. Taking this a 
step further, Xie et al. introduced the process of structure optimization directly into 
the generative model. By generating lattice parameters, atomic positions, and element 
species individually and exhausting the possibilities based on the above constraints, 
they could predict materials with desired properties [64]. Unlike the cases of GAN 
and VAE, in diffusion models, the cross-attention layers enable the incorporation 
of constraints into the joint distribution, thus controlling the direction of structure 
generation towards distributions with target properties. The corresponding control 
nets can be added during the initial model training process as done in UniMat [74], 
or later to fine-tune the pre-trained model as implemented in Mattergen [75]. 

In short, the essence of property constraints is to balance exploration and exploita-
tion. Unconstrained models can be considered as explorative models, focusing on the 
design of new crystal structures in the latent space that are distinct from the existing 
ones [112]. In contrast, constrained models explore the latent space to identify crystal 
structures with desired properties, emphasizing the design of novel structures based 
on the available information. According to our research on adding constraints, the 
balance of exploration and exploitation will significantly affect the performance of 
generative models, which could be a future research direction for generative deep 
learning models. 

6 Section II: Inverse Design of Microstructure 

Microstructure is a general term that describes the geometrical features and topo-
logical arrangements at a particular length-scale. e.g., nanoscale or macroscale. That 
is, it refers to the arrangement of a material’s constituent components, including 
atoms, molecules, grains, and phases, at a microscopic level, which can be formu-
lated as the size, shape, orientation, and distribution of microstructural units including 
grains, phase boundaries, defects, inclusions, and precipitates. Microstructure plays a 
crucial role in determining the extrinsic properties of materials, such as their strength, 
ductility, toughness, hardness, conductivity, magnetization, and corrosion resistance. 
For example, a material’s strength depends on the size and distribution of the grains, 
while its thermal conductivity depends on the shape and orientation of the grains., 
Therefore, understanding the morphology of microstructure is critical for designing 
new materials with desired properties. 

Microstructure morphology can be analyzed using both experimental and compu-
tational methods. These methods help to identify key features of the microstructure, 
which can be used to investigate material properties and design new materials with 
desirable properties. Experimental techniques used for microstructure characteriza-
tion include optical microscopy, scanning electron microscopy (SEM), transmission
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electron microscopy (TEM), X-ray diffraction (XRD), electron backscatter diffrac-
tion (EBSD), atomic force microscopy (AFM), X-ray computer tomography (XCT), 
micro computed tomography (micro-CT) scans, and Four-dimensional scanning 
transmission electron microscopy (4D-STEM), etc. These techniques produce 2D 
or 3D microstructure images with varying levels of resolution and depth, as summa-
rized in Table 3 (see [131, 132] for more details). Computational methods can be used 
to further analyze microstructure morphology, including quantification and recon-
struction of statistically equivalent microstructures. The features considered in such 
theoretical methods can be classified into several categories, including statistical 
functions (e.g., two-point correlation function, linear-path function, and two-point 
cluster correlation function), deterministic physical descriptors (e.g., volume frac-
tion, total surface area, and number of clusters), statistical physical descriptors (e.g., 
cluster’s nearest center distance and orientation angle of a cluster’s principle axis), 
spectral density function, texture synthesis and multiple-point statistics [133].

Once the explicit or implicit features of microstructure have been characterized, 
it is possible to reconstruct the microstructure using different methods. For example, 
if statistical descriptors are used for the characterization, reconstruction can be 
achieved through optimization using methods such as simulated annealing (SA), 
genetic algorithms, or other gradient-based algorithms. Alternatively, reconstruction 
of texture synthesis or multiple-point statistics can be done through Gaussian pyra-
mids [133]. There are also established software tools, such as Dream3D[134] and 
OptiMic [135], which incorporate these statistical and computational algorithms for 
simulating microstructure. These tools are designed to facilitate the reconstruction 
process and provide a platform for analyzing and designing materials with specific 
microstructures and properties. 

While statistical and physical features can be useful for characterizing microstruc-
ture morphology, they are limited to specific microstructure systems or morpholo-
gies. Additionally, they may overlook important features or relationships within 
the microstructure, such as small-scale variations or complex interdependencies. 
Machine learning generative models offer a more comprehensive and flexible 
approach to microstructure representation and design. These models can learn 
from large datasets of microstructures and generate new ones that conform to 
specific constraints or objectives. Moreover, they can uncover complex relationships 
between the microstructure features and material properties, enabling the design of 
microstructures with optimized and novel properties. In recent years, generative deep 
learning models have shown a great promise in advancing microstructural materials 
science, and are becoming increasingly important for designing new microstructures 
with tailored properties. Therefore, the development and application of generative 
deep learning models for microstructure design are a critical area of research that 
will have significant impact on a wide range of technological fields. In Table 2, 
we summarize the state-of-the-art microstructure generative models in terms of the 
representations of microstructure (mainly the data types and feature scales used by 
the model), the model architectures, the constraints applied during the generation, 
and the accuracy and interpretability of the models.
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Table 3 The experimental measuring approaches of microstructures 

Experimental 
approach 

Resolution 
(typical) 

Data 
Type 

Merits Drawbacks Comments 

Optical 
microscopy 

Micrometers 2D Simple, widely 
used 

Low 
resolution 

Useful for 
observing 
overall 
morphology and 
microstructure 

Scanning electron 
microscopy 
(SEM) 

Nanometers 2D High resolution, 
surface imaging, 
compositional 
analysis 

Requires 
vacuum 
environment, 
sample 
preparation 

Widely used in 
materials 
science 

Transmission 
electron 
microscopy 
(TEM) 

Nanometers 2D High resolution, 
internal structure 
and composition, 
crystal defects 

Requires thin 
samples, 
complex 
sample 
preparation 

Useful for 
studying 
microstructure 
and composition 
at the nanoscale 

X-ray diffraction 
(XRD) 

Angstroms 2D Determines crystal 
structure and 
composition, 
non-destructive 

limited to 
crystalline 
materials 

Useful for 
identifying and 
characterizing 
different 
materials and 
their properties 

Atomic Force 
microscopy 
(AFM) 

Nanometers 2D/ 
3D 

High resolution, 
surface topography 
and roughness, 
mechanical 
properties, 
non-destructive, 
operates in air and 
liquids 

Slow 
scanning 

Useful for 
studying surface 
properties and 
topography at 
the nanoscale 

Electron 
backscatter 
diffraction 
(EBSD) 

Nanometers 2D Determines 
crystallographic 
orientation, 
non-destructive 

Surface 
analysis only 

Useful for 
studying 
crystallographic 
orientation and 
deformation 
history 

X-ray computer 
tomography 
(XCT) 

Micrometers 3D High resolution 3D 
imaging, internal 
structure, 
non-destructive 

Requires 
high dose of 
X-ray 
radiation 

Useful for 
imaging 
biological and 
porous materials

(continued)
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Table 3 (continued)

Experimental
approach

Resolution
(typical)

Data
Type

Merits Drawbacks Comments

Micro computed 
tomography 
(micro-CT) scan 

Micrometers 3D High resolution 3D 
imaging, internal 
structure 

Requires 
X-ray 
radiation, 
limited to 
relatively 
small 
samples 

Useful for 
imaging 
biological and 
porous materials 

Four-dimensional 
scanning 
transmission 
electron 
microscopy 
(4D-STEM) 

Nanometers 2D High resolution 
imaging, electron 
diffraction 

Requires 
complex data 
analysis, 
limited 
temporal 
resolution 

Useful for 
studying 
dynamics at the 
nanoscale

7 Microstructure Representations 

In contrast to the representation of crystal structures, which only requires a quan-
titative description of atomic positions, atomic species, and crystal lattices, the 
construction of microstructure descriptors is impeded by the numerous metrics that 
entail intricate intercorrelations with the desired properties and the vast visual phase 
space of microstructures. As microstructural morphology becomes more complex, 
traditional microstructure representations such as volume fractions, Minkowski 
tensors and spatial correlations [133, 136] become less effective. Contemporary 
microstructure generation tends to train a machine learning model directly using 
real or synthetic microstructure images. However, the preparation of microstructure 
samples is complex and expensive, the existing experimental images are insufficient 
to comprehensively cover the vast visual phase space. Consequently, a complete 
construction of microstructure features as microstructure descriptors is currently not 
feasible [137]. At present, the assessment of microstructural features is largely based 
on human intuition and varies depending on the specific system being analyzed and 
the method of measurement employed. However, with the advent of computer vision 
(CV) technology, it has become possible to quantitatively detect and analyze abstract 
information within images [138, 139], CV algorithms can be employed to digitize 
experimental microstructure images and then processed to achieve various research 
goals. Consequently, utilizing experimental or synthetic digitized microstructure 
images directly to describe the microstructures is a more feasible and depend-
able approach compared to constructing statistical microstructure descriptors. This 
approach addresses the first issue mentioned earlier in this paragraph. In order to 
gain a better understanding of the visual phase space of microstructures, CV algo-
rithms can be combined with unsupervised generative machine learning models, as 
discussed above for crystal structure generative deep learning models. The resulting 
algorithms can extract abstract features from digital crystal images, comprehending
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the distribution of microstructures, and such generative deep learning models with 
the learned distributions can be applied to generate new microstructure images in the 
reversed way with desired physical properties optimized. 

To build a high-quality uniform generative model from scratch, a large and diverse 
dataset with over 50,000 samples is essential. Although established microstructure 
image databases, such as the NFFA-EUROPE SEM Dataset (~21,169), ASM Micro-
graph Database (~4100), UHCSDB [123] (~961) and DoITPoMS(~818) provide 
tens of thousands of high-quality microstructure images and are wildly used for 
benchmarking new analysis techniques or training machine learning models, the 
current scale of existing micrograph datasets falls short of the threshold required for 
a uniform generative model. Therefore, proper pre-processing and data enrichment 
are vital as they help machine learning models capture and understand the underlying 
features in the images. Due to the limitations of experimental approaches, there is a 
deficiency of intermediate data that covers the vast visual phase space. As a result, 
the current generative model tends to focus on local features by segmenting a large 
image into small ones or on a small region of the visual phase space with a special-
ized dataset. To choose between a local generative model trained on specific exper-
imental micrographs or a uniform generative model trained on simulated synthetic 
augmented micrographs, one must weigh the benefits and trade-offs. The local-
ized generative model provides a precise description of the local data distribution, 
leading to an accurate understanding of the microstructure-property relationships in 
the specific system. This approach can help to uncover system-specific mechanisms 
and theories. In contrast, the uniform generative model provides more opportunities 
to explore unexplored regions in the visual phase space, increasing the probability 
of finding potential new materials with desired properties. The following paragraphs 
will describe specific examples or applications of each approach, combining the 
summarized information in Table 2 to illustrate their benefits and trade-offs further. 

Firstly, for the generative models that focus on local features, the key character-
istic is that only a few microstructures (less than 10) exist in the database. The main 
idea behind local feature generation models is to use convolutional layers to capture 
the underlying statistical features of the images and then reconstruct or generate 
the microstructures for specific use. It is worth mentioning that the reconstructed 
microstructures may differ from the original structures, but the morphological statis-
tical distribution remains the same. Therefore, these models are mainly used for 
constructing larger microstructures for simulation purposes or recovering defects or 
blurred regions caused by experiments. 

Ref. [116, 118, 119] constructed generation models by randomly sampling regions 
in a single image, focusing solely on the local features of a specific material 
compound. These models are primarily aimed at microstructure modeling for simu-
lation calculations or image inpainting to recover blurred regions. Particularly, Chun 
et al. used a size 3000 × 3000 pixels SEM image of a class V cyclotetramethylene-
tetranitramine pressed energetic material, and generated a training dataset containing 
12,500 images with a size of 161 × 161 by cropping the original image in random 
position. Fokina et al. tested two systems during their investigation, the SEM image 
of Alporas aluminum foam and the digital rock by micro-CT. For Alporas aluminum
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foam, 16,000 size 128 × 128 images were random cut from the original 751 × 751 
SEM images; Whereas for the digital rock, 10,000 400 × 400 2D slices of Berea 
sandstone and 10,240 256 × 256 2D slices of Ketton limestone were randomly cut 
from the original micro-CT images separately. Squires et al. used FIB-SEM of a 
three-phase solid oxide fuel cell anode and a hypoeutectoid steel image from DoIT-
PoMS as their benchmark tests for image inpainting, an occluded region was first 
set and in each training iteration a batch of training images were sampled from the 
unoccluded region. 

Ref. [121–124] also focused on capturing local features but in 3D reconstruc-
tion. The same strategy of conducting random segmentations on microstructure was 
employed to build the training database. The segmented 2D or 3D samples were used 
to train the generative models, which were then utilized for 3D structure reconstruc-
tion for simulation purposes. Specifically, Kench et al. [121] selected 87 out of 818 
2D micrographs in the DoITPoMS dataset based on a set of exclusion criteria, and 
the inpainting technic was applied to remove the scale bars in the images, to main-
tain the data features to the great extent under the extremely data-scarce situation. 
Hsu et al. [122] trained their 3D Wasserstein-GAN (WGAN) model using the 3D 
data of the solid oxide fuel cell (SOFC) anode containing yttria-stabilized zirconia, 
nickel, and pore phases measured by Xe plasma focused ion beam combined with 
SEM (Xe PHIB-SEM), with the volume of 110 × 124 × 8 µm3, during the training 
a subvolume of 65 × 65 × 65 nm3 were randomly sampled. Henkes et al. [123] 
used two datasets to train and test their model performance, one was the dataset of 
synthetic spherical inclusions microstructure with 323 voxels, another was a micro-
CT scanned wood-plastic composite microstructure of 950 × 240 × 850 voxels, and 
then 1000 samples of 64 × 64 × 64 voxels were picked out via Latin-Hypercube 
sampling for model training. Gayon-Lombardo et al. [124] also used two datasets 
for model benchmarking, the first was a Li-ion battery cathode measured by XCT 
with a size of 100.7 × 100.3 × 100.3 µm3, the second one is the same SOFC anode 
dataset as in Ref.[122]. During the training of each dataset, more than 10,000 subvol-
umes were extracted using an 8-voxel-stride sampling function. It is noteworthy that 
all current generative models for 3D microstructures focus on local features. This 
could be attributed to the challenges posed by the scarcity of 3D data and the signifi-
cant information demand required for the reconstruction process during the model’s 
training. 

Secondly, for generative models that focus on small regions of visual phase space, 
the dataset size lies between hundreds to thousands across several morphologies of a 
specific compound system. These models can well describe the local morphological 
distribution of the system and thus often have good interpretive ability in describing 
the process-structure–property linkage. 

Among the papers listed in Table 2,  Ref  . [115, 117, 120] investigated the perfor-
mance of generative models in describing the local morphological distribution of 
microstructures. Lambard et al. [115] used a datasets of 3000 SEM images of 30 
ferrite-martensite dual-phase steels with different martensite fractions to train a 
StyleGAN2 model. Ma et al. [117] used 272 SEM-BSE images of depleted U-10Mo 
alloy from 10 classes, each class denoted a different processing history. The original
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images were cropped into 10,080 512 × 512 pixels images with the augmenta-
tion including horizontal shift, rotations and horizontal/vertical flipping. The classes 
information was used for training a random forest (RF) classification model. Lee 
et al. [120] collected four distinct datasets to evaluate the performance of different 
GAN models in microstructure generation, including one large dataset containing 
19,216 256 × 256 pixels steel micrographs with different magnifications (9216 from 
OM and 10,000 from SEM), one dataset containing 6231 256 × 256 pixels steel 
micrographs with × 2000 magnifications (3186 from OM and 3045 from SEM), 
one dataset of 971 spherical and 1130 wiry SEM micrographs of size 128 × 128 
pixels, and one dataset containing 1200 hand-drawn sketches of steel SEM images 
and another 440 martensite steel SEM images. 

Ref. [113, 114, 125, 126] took a step further, they used constrained model to inves-
tigate these local regions where more promising properties are expected. Yang et al. 
[113] used a 5000 synthetic micrograph database of size 128 × 128 pixels gener-
ated by GRF model, where the parameters in GRF model were carefully controlled 
to guarantee the dispersity of the data. Iyer et al. [114] cropped the original 172 
steel SEM images in UHCSDB into 7000 size 128 × 128 pixels micrographs. Cang 
et al. [125] used a small dataset of 200 sandstone micrographs and considered the 
properties including Young’s modulus, diffusivity and fluid permeability to test the 
performance of their morphology constrained VAE model. Kim et al. [122]  used  
4000 statistically synthetic dual-phase steel micrographs for their GPR-VAE model 
performance benchmark. Azqadan et al. [128] utilized 27 AZ80 magnesium alloy 
components with different casting-forgings to train a DDPM conditioned on different 
processing parameters. Lee et al. [130] used 300 SAOED composites Micro-CT 
images to train a unconditioned DGM and generated 5760 random samples. The 
target properties of 1920 out of 5760 samples were calculated using FE modeling 
and were used to train a U-Net surrogate model. The target properties of the rest 
samples were predicted by this U-net model, where the conditioned DGM model 
was trained based on such a dataset with 5760 samples. 

Finally, for uniform generative models, besides the requirement of large datasets, 
it is also essential to have a stable model to ensure the reliable understanding of 
global data distribution. In Düreth et al.’s [127] work, they trained their state-of-
the-art DDPM on a large dataset consisting of more than 13,000 raw data in 13 
different classes, sourced from NFFA-Europe and UHCSDB. Lyu et al. [129]  used  a  
2D database comprising various types of structural features consists of 8000 micro-
graphs and 3D porous material database consisting 3000 microstructures to train 
their class-conditioned DDPM. These large and diverse datasets on the one hand 
ensured good coverage of the visual phase space and on the other hand met the large 
data requirements due to the huge scale and complex diffusion process of the DDPM
model.
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8 Microstructure Generative Models 

According to the analysis above about using VAE and GAN models for the inverse 
design of crystalline materials, it is clearly that researchers have roughly the same 
preference for VAE or GAN models. However, the situation changes dramatically 
for microstructure generative deep learning models. As shown in Table 2, there are 
only 2 out of 15 investigated papers using VAE models. This is partially because the 
generated images from VAE are always blurred than those obtained using GAN. Such 
an issue can be straightforwardly solved in crystalline material inverse design via an 
extra procedure, for example, DFT or molecular dynamic structural relaxations which 
can be done in a HTP way. Similar extra treatments are challenging for microstructure, 
because there are no reliable physical simulations available which can reproduce 
experimentally available microstructures. Nevertheless, to understand the reason for 
the blurry generations of VAE, we need to start with the essential difference between 
the VAE and GAN models in terms of how they describe their data density function. 

VAE is designed to learn an explicit density function in the latent space, which 
serves as an effective feature representation to approximate the true distribution in 
addition to enabling the generation of new data. That is, VAE also expects to model the 
data distribution explicitly and obtains the well-defined latent representation which 
can be used for inference. This is achieved by optimizing the loss function of VAE, 
which involves maximizing the evidence lower bound of likelihood. The optimization 
process ensures that the encoded posterior distribution of latent vectors, conditioned 
on the current samples, is as close as possible to the normal distribution with the help 
of reparameterization (calculated by the Kullback–Leibler (KL) divergence), and that 
the decoded results from these vectors with added noises are as close as possible to the 
original data. However, VAE assumes that all the data obeys a multivariate Gaussian 
distribution with independent components, which may not hold for real arbitrarily 
complex distributions. Consequently, this assumption can lead to suboptimal sample 
quality in the latent space and correspondingly blurred reconstructed results in the 
physical space. 

In Table 2, investigations that utilized VAE were primarily interested in its 
capacity to construct effective latent representations. Cang et al. [125] introduced 
a morphology constraint during the training of the VAE model by implementing 
an additional morphology style loss penalty generated by a pre-trained VGG net. 
Despite the VGG model being trained on image training sets rather than VAE latent 
representations, the structural-morphology distribution learned by VGG prevented 
the mismatching of neighboring latent samples to significantly deviated images. 
Besides, to prevent the model from generating a cluster distribution, a model collapse 
loss was also incorporated. Furthermore, the added losses resulted in a reduction in 
the weight of the KL divergence loss in the total loss, indicating a decrease in the 
uncertainty considered during training. These two factors combined to guarantee a 
higher efficiency of training and higher clarity of the micrograph generation of this 
constrained VAE than normal VAE. Kim et al. [122] employed Gaussian process 
regression (GPR) to depict the associations between the latent space vectors and
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mechanical properties. Additionally, they utilized the trained GPR to identify the 
highest uncertainty points, which served two purposes: firstly to enhance the diver-
sity of the dataset, and secondly to swiftly identify the microstructures with desired 
target properties. 

In contrast to VAE, GANs do not operate using an explicit distribution func-
tion. Instead, they learned to generate samples from the training distribution through 
a zero-sum game between the generator and discriminator. This gives rise to two 
fundamental differences between GAN and VAE. Firstly, there is no uncertainty in 
the mapping from the latent space to the samples, and secondly, the inference using 
latent space representation is problematic. Furthermore, optimizing the zero-sum 
game using Jensen-Shannon (JS) divergence can lead to instability during the opti-
mization process and often ends up in saddle points. Various attempts have been 
proposed to address this instability by modifying the model structure, latent space 
and loss function. This trend can also be seen implicitly in the development of 
microstructural GAN models. 

In the case of 2D microstructural GAN models, Ref. [113, 114, 116, 119] modi-
fied the loss function and latent space of the GAN model to tackle their specific 
problems. Yang et al. [113] incorporated the same style loss and model collapse 
loss used in Cang et al. [125] into the GAN model, and they also introduced a GP-
Hedge Bayesian optimization (BO) to control the sampling in latent space in order 
to generate microstructures with more promising optical properties. Iyer et al. [114] 
proposed an auxiliary classifier Wasserstein GAN with gradient penalty (ACWGAN-
GP) model for synthesizing steel microstructures under specific processing condi-
tions. To achieve this, they trained an additional classifier alongside the GAN model 
to ensure the model could differentiate between different processing conditions. 
As a result, the classifier loss and a gradient penalty loss (to prevent model from 
collapse during training) were incorporated into the loss function, and an extra 
processing condition vector was introduced into the latent space. Chun et al. [116] 
employed the modified latent space and loss function to a simple GAN model, they 
achieved the morphology generating control of HMX microstructures by extending 
the loss of GAN into patch-based loss, and applying a combined latent vector (the 
global morphology parameter sampled from an uniform distribution and the local 
stochasticity parameter sampled from an uniform random distribution) of each grid. 
These modifications resulted in a scalable mapping of each grid to some specific 
region within the model perception in the micrograph, consequently enabled tractable 
control of the microstructure morphology generation. Squires et al. [119] proposed 
a deep convolutional GAN (DCGAN) model for the inpainting tasks of recovering 
defects and unwanted artifacts in micrographs via generator optimization approach 
or seed optimization approach. To address the requirement of matching boundaries 
during inpainting, for the generator optimization approach, a content loss function 
for annulus region was included in the loss function; And for the seed optimization 
approach, an extra seed optimization was carried out separately when generating 
new micrographs. 

The remaining 2D microstructural generation models primarily addressed their 
target problems through modifications to the model structure. For example, Fokina
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et al. [118] utilized a StyleGAN architecture in combination with image quilting 
technique for their microstructure reconstruction, which resulted in the generation of 
high-resolution and high-quality micrographs. In the StyleGAN model, a multi-layer 
perceptron (MLP) was used to learn an affine transform to project the latent vectors 
into an intermediate latent space that is disentangled from the data distribution. This 
transform was then applied to each convolutional block through a normalization 
algorithm called adaptive instance normalization to achieve better control over the 
generation process. Similarly, Lambard et al. [115] employed an updated StyleGAN2 
architecture on a small dataset consists of 3000 dual-phase steel micrographs. An 
adaptive discriminator augmentation (ADA) was also implemented to stabilize the 
training of GAN model within limited data regime. This allowed for the generation 
of microstructures with good quality and good interpolations between microstruc-
tures. Ma et al. [117] tested the performance and interpretability of two different 
GAN models: the progressively growing GAN (pg-GAN) and the pix2pix GAN. 
The pg-GAN model trains progressively from low to high resolution data layer by 
layer, using reliable weights obtained from previous layer as a weighted residual 
during the training of the next layer. The pix2pix GAN uses a labeled image as a 
constraint to a U-net type generator to achieve point-to-point mapping. Finally, Lee 
et al. [120] employed DCGAN for generating new virtual micrographs, resulting 
in highly realistic and visually appealing microstructures. They also utilized Cycle 
GAN and Pix2Pix GAN to conduct style transform between OM and SEM or sketches 
and SEM images. 

In 3D microstructure generation, due to the further reduction of data amount 
compared to that of 2D microstructure, the aims were mainly focused on recon-
structing larger 3D microstructure from the data of a single microstructure, where 
only the local features were required. Therefore, the original GAN architecture 
was sufficient for handling such tasks. For example, Gayon-Lombardo et al. [124] 
applied a DCGAN in their study, and Hsu et al. [122] and Henkes et al. [123] 
used the WGAN with the Wasserstein distance as the loss function to guarantee 
the smooth gradient during the model training. They also explored the performance 
of an S4 equivariant network that considers rotational equivariance. While the S4 
CNN showed better quality in generating microstructure, it required a significant 
amount of computational time and memory. 

As we can see from previous part, generative models have advanced considerably 
in the last few years, with efforts focused either on improving the performance of 
VAE within reasonable computational limits via better variational posteriors, or on 
improving the stability of GAN through better loss functions and discriminators. 
However, a fundamental question arises: Can we reap the benefits of both VAE and 
GAN, rather than being forced to choose between Scylla and Charybdis? Specifically, 
is it possible to create a generative deep learning model that trains a simple objective 
function and is compatible with highly expressive neural networks? The DDPM 
model proposed by Ref. [44, 107] modified the goal of generator from ‘mapping 
standard Gaussian distributions to data distributions’ to ‘fitting the inverse process 
of a defined Gaussian Markov Chain which maps standard Gaussian distributions 
to data distributions’. In this way, the generator only needs to match each small



154 Y. Zhang et al.

step of the inverse process corresponding to the forward Markov Chain, rather than 
optimizing the generator and the variational posterior/discriminator simultaneously. 
The  work  in  Ref. [127–130] has demonstrated the great potential of DDPM on 
capturing complex microstructural morphologies and controllable new micrograph 
generations. 

9 Microstructure Constraints 

Microstructure plays a critical role in determining the mechanical, thermal, electrical, 
and magnetic properties of materials. The morphology properties of microstruc-
tures, such as grain size, shape, orientation, distribution, and phase composition, 
as well as porosity, connectivity, and tortuosity of the pore network, which have 
significant influence on material properties such as strength, ductility, electrical 
and magnetic behavior, can be characterized using a variety of experimental tech-
niques. For instance, the mechanical properties of microstructures, such as strength, 
ductility, toughness, and fatigue resistance, can be characterized using techniques 
like nanoindentation, tensile testing, and fatigue testing. The thermal properties of 
microstructures, such as thermal conductivity, specific heat capacity, and thermal 
expansion coefficient, can be characterized using techniques such as laser flash 
analysis, differential scanning calorimetry (DSC), and thermomechanical analysis 
(TMA). The electrical properties of microstructures, such as electrical conductivity, 
resistivity, and dielectric constant, can be characterized using techniques such as 
impedance spectroscopy and dielectric spectroscopy. The magnetic properties of 
microstructures, such as magnetization, coercivity, and remanence, can be character-
ized using magnetic measurements techniques, such as vibrating sample magnetom-
etry (VSM) and magnetic force microscopy (MFM). Understanding the relationship 
between microstructure and material properties is crucial for optimizing the perfor-
mance of materials in various applications, including energy storage, catalysis, and 
biomaterials. 

In addition to experimental methods, simulation methods can also be used to 
evaluate extrinsic properties driven by microstructure, usually multiscale simula-
tions in order to capture the underlying mechanisms and to bridge to device perfor-
mance. For instance, FE analysis is a widely used simulation method for evaluating 
mechanical properties of microstructures, such as stress distribution and deformation 
behavior. Molecular dynamics (MD) simulations can be used to study thermal and 
mechanical properties of microstructures at the atomistic level, providing insights 
into properties such as thermal conductivity and strength. Phase-field simulations can 
be applied to model the evolution of microstructure during various processing routes, 
such as solidification or annealing, and predict the resulting microstructure proper-
ties. Monte Carlo simulations can be used to simulate the behavior of a system with 
randomly distributed variables, such as the distribution of pores in a microstructure, 
and predict the resulting properties. These simulation methods are increasingly being
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used in conjunction with experimental techniques to gain a more comprehensive 
understanding of extrinsic properties and their relationship to microstructure. 

Despite the plethora of experimental and simulation methods available for evalu-
ating such microstructure-derived extrinsic properties, there is still a lack of a compre-
hensive process-microstructure-property database comparable to those available for 
crystalline materials, such as the Materials Project or the Inorganic Crystal Structure 
Database (ICSD). The diversity and complexity of microstructures, as well as the 
vast number of morphologies that can influence their properties, make it challenging 
to develop a complete and accurate database. As a consequence, apart from the 
screening method or optimizing method like crystal constrains, microstructure gener-
ative models also developed active learning type constrains on the top of these two 
methods to generate new microstructures with desired properties. The development 
of such microstructure constraint generative models represents a promising avenue 
for advancing the field of microstructure design and understanding the relationships 
between microstructure and extrinsic properties. 

For microstructure-property constraints, Cang et al. [125] added a style penalty 
evaluated by a pre-trained VGG net and Gram matrices to the VAE. It is showed that 
adding a meaningful additional loss can greatly improve the performance of the VAE, 
providing theoretical support for the application of physical constraints in generative 
models. Yang et al. [113] transplanted the same type loss function to a GAN model 
and added GP-Hedge evaluation to actively generate new structures with desired 
optical properties. Kim et al. [126] used the same GPR active learning strategy on 
a VAE model to establish the relationship between microstructure and mechanical 
properties. Lyu et al. [129] used a class-conditioned DDPM to generate porous 3D 
microstructures with different permeabilities. Lee et al. [130] embedded volume 
fraction, effective elastic modulus and light intensity change ratio as three controlling 
properties into conditional DGM for the inverse design of mechanoluminescence 
particle composites. 

In addition to the microstructure-property linkage, the processing-microstructure 
mapping can also be used as a constraint to the microstructure generative model. This 
relationship describes how the microstructure is influenced by the processing history, 
such as the thermal treatment conditions. By incorporating such processing informa-
tion into generative models, a more accurate prediction of the resulting microstructure 
and its properties can be achieved. This can be done by treating the processing condi-
tions as different classes to the microstructures and introducing a classifier into the 
generative model. The relationship between the processing conditions and resulting 
microstructures can be learned from a large dataset collected through either exper-
imental or multi-physics simulation approaches, such as FE analysis or MD. The 
resulting generative model can then be used to predict new microstructures under 
different processing conditions and to optimize processing conditions for optimal 
microstructures. 

There have been various attempts to incorporating processing-structure 
constraints into generative models. For screening-type constraints, Ma et al. [117] 
used a random forest classifier to predict processing conditions and evaluate 
microstructure representations. In contrast, Iyer et al. [114] incorporated processing
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constraints in an optimizing way, predicting different cooling methods using an addi-
tional classifier built into the discriminator and introducing corresponding scoring 
loss and latent vectors in the GAN architecture. The work of Düreth et al. [114] found 
that DDPM could generate different classes of microstructures by comparing descrip-
tors such as spatial three-point correlations or Gram matrices, without the need for 
an explicit classifier in the DDPM model. Azqadan [128] applied the same class-
conditioned DDPM structure to AZ80 magnesium alloy to achieve the processing 
parameter control without any explicit classifier. This is because the MC process used 
in DDPM naturally ensures a healthy and traceable distribution mapping, which 
provides good classification ability. These methods enable microstructure genera-
tion under different processing conditions and complete major parts in the closed-
loop of CPSP inverse design, providing a more comprehensive understanding of the 
mechanisms behind microstructure formation and its impact on material properties. 

10 Section III: Challenges and Outlook 

Given the strong interest of the materials science and relevant communities and signif-
icant progresses on data-driven acceleration of materials design, the inverse design 
strategy offers an opportunity to tackle the CPSP relationships in an innovative way, 
boosted by the application of generative deep learning and Bayesian optimization. 
However, there are still many challenges to be properly handled. 

For the crystal structure inverse design, the low success rate in designing crys-
talline materials can be attributed to several factors. Firstly, the exploration space of 
materials that humans can investigate is limited. Traditional experimental methods 
for discovering new materials are time-consuming and resource-costly, thereby 
restricting the number of materials that can be explored. Additionally, the complex 
nature of crystal structures makes it challenging to synthesize new materials even with 
predictions made available based on automated inverse design methods. Secondly, 
an essential challenge in crystal structure inverse design is the development of effec-
tive descriptors. The existing descriptors may not capture all the critical information 
needed, e.g., how to properly describe and impose the crystallographic symmetries 
including the point group and the translational symmetry (i.e., 3D periodicity) during 
the crystal structure generation. Thirdly, the efficiency of generative models is a crit-
ical factor in crystal structure inverse design. Generative models must be able to 
sample a vast space of possible crystal structures, identify promising candidates 
with desired properties, and fine tune themselves with the examined new structures 
efficiently. Therefore, the updating of generative models that can better describe the 
latent-real space distribution is of vital importance. 

Similar challenges hold for the microstructure inverse design such as limited 
exploration space and high demand for efficient models. Although the use of synthetic 
micrographs can help to expand the database and overcome the shortage of data, the 
subtle differences between the real and synthetic microstructures and the complex
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parameter settings during the machine learning simulations can lead to biased distri-
butions. From the physical point of view, the formation and evolution of various 
microstructures is driven by the thermodynamic and diffusive processes depending 
on the initial compositions and heat treatments. That is, it is critical to evaluate 
the composition – processing – (micro-)structure links in the CPSP chain by either 
systematic experimental investigations or quantitative simulations of such processes, 
e.g., via phase field modelling [140]. This entails the establishment of an inverse 
design paradigm for the composition – processing – (micro-)structure links. Such a 
paradigm is valuable so that extra physical constraints can be applied in the genera-
tive models, giving rise to better efficiency when dealing with deficient datasets. On 
the other hand, it makes a lot of sense to curate digitized microstructure database 
following the FAIR principles [141], so that generative models can be developed to 
minimize the differences between the real and synthetic microstructures. 

Thus, to address the challenges in the development of generative deep learning 
models for both crystal structures and microstructures, it is crucial to improve the 
quality and diversity of the available data. While experimental data collection remains 
an essential approach, the high resource- and time–cost involved in syntheses and 
measurements make it impractical to rely solely on the experiments to increase the 
amount of data. As an alternative, one possible solution is to establish a synthetic-real 
data linkage using style-transfer or multi-fidelity ML models. This approach allows 
for the modelling of more real structures using synthetic ones, or the simulation of 
more properties using real structures. Additionally, data mining of previous results 
using generative pre-trained models, such as GPT4 [142], has proven to be a useful 
tool in collecting and analyzing data and images from papers and technical reports, 
leading to the development of a homogeneous and extensive database. Ultimately, 
improving the quality and diversity of data will enhance the performance and accu-
racy of generative models, allowing for more efficient and effective applications in 
crystal and microstructure inverse design. But in contrast to fields like images or 
natural language, where vast amounts of data are generated daily on the internet, the 
natural sciences often struggle with limited data availability, even with the aid of 
the previously mentioned data augmentation methods. Therefore, in the short term, 
relying solely on enhancing the dataset to improve the expressive power of structural 
generation models is not a practical solution. Instead, we may need to explore better 
self-supervised learning methods to overcome this challenge. 

In terms of descriptors and representations, crystal structures present challenges 
due to their large number of atoms and lattice sizes, which exceed the limits for 
voxel-based descriptors. Including more materials without reducing reconstruction 
accuracy can lead to memory issues. Vector-based descriptors also face challenges 
due to their inherent heterogeneity, requiring significant zero padding. Additionally, 
the meaningful atomic positions due to the periodicity in crystal structures make 
vector-based descriptors difficult to use. The graph theory methods have not fully 
addressed the challenge of reconstructing crystal structures, but optimization during 
reconstruction may be a possible solution. For both types of generative models, 
physics-informed descriptors that map between the structures and properties are 
crucial for success. These descriptors should be explainable and understandable,
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providing insights into the underlying physical mechanisms governing processing-
structure–property relationships. 

From the modelling perspective, the learning speed of generative models, being 
VAE or GAN, is not yet fast enough. In order to improve the efficiency of generative 
model structures, it is necessary to incorporate more physics. Quantum machine 
learning shows promising acceleration effects for unsupervised learning model 
training, which may help to solve the problem of slow training [143]. The diffu-
sion models simplify the training objective function, make the generative models 
much more stable and compatible with highly expressive neural networks. In addi-
tion to the advancements in model structures, current transformer architectures have 
demonstrated promising results in terms of enhancing data comprehension. For 
instance, the Graphormer [144] applies the transformer architecture to the GNN to 
tackle over-smoothing problems, leading to a significant improvement in the GNN’s 
expressive ability. Therefore, there is still a considerable scope for further improve-
ments through the combination and reconfiguration of model architectures. Further-
more, multiscale models that can connect crystal structures and microstructures can 
provide a more comprehensive understanding of the processing-structure–property 
relationships. One possible approach to achieving this is to use the weight from 
the crystal generative model as additional information in the low-depth layer of the 
microstructure generative model. 

All of the aforementioned approaches provide an opportunity to develop a large, 
general model similar to GPT and generalize all tasks within this model with the assis-
tance of domain knowledge models. Furthermore, with a quantitative mapping of the 
CPSP relationships, generative deep learning models can make efficient and reliable 
predictions, resulting in an effective surrogate model which can be combined with 
the experimental investigations to further improve the closed-loop adaptive design 
approach. In particular, the resulting inverse design strategy is promising for the 
realization of future autonomous experimentation for inorganic solid state mate-
rials [145], which will significantly accelerate the materials discoveries and utiliza-
tions. Such a promising paradigm involves leveraging a generic generative model to 
predict possible new materials with desired properties and the processing conditions 
to synthesize and optimize the microstructure, as well as using robotic systems to 
conduct high-throughput experimentation, enabling the rapid exploration of a vast 
search space of synthesis conditions and material compositions. By analyzing the 
experimental data, the generative model can be trained and improved, forming a 
closed loop that guides subsequent rounds of autonomous experimentation. In this 
regard, high-throughput DFT can be further accelerated using ML to acquire suffi-
cient training data (see the chapter by Thorsten Deilmann in this volume). Moreover, 
with the emergent quantum machine learning (see chapter by Ivana Nikoloska), it 
is hoped that the generative deep learning approaches can be further accelerated to 
explore a more comprehensive latent space. It is also noted that the generic inverse 
problem can all be tackled using such approaches, including the classical modelling 
such as classical DFT theory (see chapter by Alessandro Simon/Martin Oettel). 
Therefore, we believe the potential for the generative deep learning approaches 
to revolutionize the field of materials discovery and engineering is enormous and
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disruptive, as they explore the latent space beyond the known design space, hence 
facilitating the development and employment of novel materials with unprecedented 
properties for various applications. 
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Machine Learning for Identifying 
Dynamical Phases in Topological Lasers 

Stephan Wong, Doris E. Reiter, and Sang Soon Oh 

Abstract Identifying phases and analyzing the stability of dynamic states are com-
mon and important problems that appear in a variety of physical systems. However, 
drawing a phase diagram in high-dimensional and large parameter spaces has proven 
to be challenging. In this chapter, we will look at a data-driven method to obtain the 
phase diagram of lasing modes in photonic topological insulator lasers. The classi-
fication is based on the temporal behaviour of the topological modes obtained via 
numerical integration of the rate equation. An unsupervised learning method is used 
and an adaptive library is constructed in order to distinguish the different topological 
modes present in the generated parameter space. We start by introducing photonic 
topological lasers and Su-Schrieffer-Heeger lattices with saturable gain. Then, we 
look at different dynamic mode decomposition methods for a parameter space defined 
as the gain and loss parameters. Finally, we classify the topological phases of the 
topological lasing modes using the library automatically determined by top-down 
and bottom-up classification approaches. 

1 Introduction 

A laser is a light emitting device composed of an optical resonator, called optical 
cavity, and gain medium which provides optical gain. Nowadays lasers are widely 
used in our life as well as in various fields of scientific research. The optical cavities 
of those lasers are made up of one optical resonator or an array of coupled optical 
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resonators. The laser is referred to as a photonic topological insulator (PTI) laser 
when the optical resonators are coupled to each other to form a topological insula-
tor and lase with topological modes. They are also called topological lasers. These 
PTI lasers are particularly interesting because they can lase with topological edge 
modes [1] or corner modes [2] which are robust to structural defects and show phase-
locking between the optical resonators. Therefore, significant research efforts have 
been made on PTI lasers especially focusing on spatial stability, i.e., the robustness 
of lasing modes to geometrical defects. However, lasers are open systems and thus 
non-Hermitian systems in which energy is exchanged with the surrounding external 
systems making the lasing modes dynamic with time-varying optical fields and car-
rier populations. Moreover, they are nonlinear due to the optical gain that depends 
on the mode intensities and complex light-matter interactions in the gain medium. 
Consequently, without taking into account their dynamic nature, a description of 
lasing is incomplete. 

To explore the dynamics and temporal stability of lasing modes, one can use 
the linear stability analysis to solutions of coupled rate equations [3]. However, it 
becomes challenging when we apply it to more complex systems such as lasing modes 
in coupled lasers. This is because the analytical approach easily fails due to the lack 
of analytical solutions for high-dimensional parameter space and the emergence of 
complex and diverse dynamic phases [4]. Yet, numerical methods can offer solutions 
for the coupled rate equations enabling us to classify the lasing modes based on 
simulation results. For a high-dimensional and large parameter space, however, the 
simulation can be very costly and drawing the phase diagram is not a straightforward 
task. It is even more challenging when we do not know all the possible phases present 
in the laser system. Unfortunately, this is true for most of dynamic systems in nature. 

Machine learning (ML) can be advantageous in tackling such problems that 
require repeated numerical simulations, since it can significantly reduce the number 
of simulations. Depending on the type of dataset, i.e., whether the data are labelled 
or not, different strategies of ML can be used: a supervised learning and an unsuper-
vised learning. On one hand, the supervised learning strategy relies on labelled data, 
a dataset of input-output pairs. This strategy has been utilized in topological photon-
ics [5] to draw topological phase diagrams [6], calculate topological invariants [7], 
or explore topological band structures [8]. On the other hand, in the unsupervised 
learning strategy, we extract information from the dataset which does not have labels. 
This strategy is useful for dimensional reductions which keep only the main features 
of the high-dimensional structure of the dataset, or for clustering problems where 
the data is classified into different types [9]. For instance, this has been successful in 
obtaining the phase transition in the Ising model [10], and clustering Hamiltonians 
that belong to the same symmetry classes [11]. 

In this chapter, we introduce a representation classification method to study the 
spatio-temporal dynamics of nonlinear topological systems. The results will be ana-
lyzed based on the phase diagram of the Su-Schrieffer-Heeger (SSH) lattice [12] with 
a domain wall and with saturable gain [4, 13]. Without involving any detailed knowl-
edge on the complex system, the algorithm constructs an appropriate library of the 
different phases automatically. To build the library, we will employ two approaches:
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a top-down approach in which the library has numerous phases that are merged into 
the equivalent phases, and a bottom-up approach in which the library is constructed 
on the fly to obtain the most accurate classification. 

2 Physics of Photonic Topological Insulator Lasers 

The field of PTI lasers has sparked interest since the first topological lasers were 
demonstrated [1, 14], resulting in a great success story [15–17]. While we refer to 
recent overview articles on the latest developments on PTI lasers [18, 19], we here 
briefly highlight the main concepts of a PTI laser. 

2.1 A Brief Introduction to Photonic Topological Insulator 
Lasers 

PTI lasers combine the advantages of topological photonics with laser physics by an 
optical cavity designed with a topological array. A topological array or a topological 
insulator is a special photonic crystal structure that features unique edge modes that 
are topologically protected. Such edge modes form when combining two materi-
als that differ in their properties regarding their wave function, mostly quantified 
by a winding number. The topological array can be one-dimensional (1D) or two-
dimensional (2D) and the arrangement can be of different types depending on how 
different coupling coefficients are arranged. 

The 2D photonic topological structures are interesting because it is possible to 
create waveguides which guide the light without losses in arbitrary paths, in par-
ticular around edges. In contrast, a perfect bending of light is not possible in con-
ventional waveguides, where bending always leads to scattering losses. Designing 
such topological waveguides is achieved by topological edge modes. Examples of 
2D photonic topological structures are the perturbed honeycomb lattice [21] and 
the perturbed kagome lattice [16]. The honeycomb lattice features a photonic Dirac 
cone, but when slightly distorted, i.e., when the hexagons are stretched or com-
pressed, bands with distinct topologies appear [21]. Combining a stretched with a 
compressed honeycomb lattice results in the occurrence of topological modes at the 
interface. The topological modes are topologically protected and as such also robust 
against defects and disorders. 

Examples of 2D photonic structures are shown in Fig. 1.  In  Fi  g. 1a, a combination 
of a compressed Kagome lattice (upper part in red) and a stretched Kagome lattice 
(lower part, blue) are shown. Then, a topological edge mode is formed at the interface 
between the two parts which due to construction has sharply curved corners. In the 
lower panel the light field amplitude of the edge mode travelling along the interface 
is displayed. Due to its spatial symmetry, bending the light is possible without scat-
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Fig. 1 Structures for PTI lasers: a A combination of two Kagome lattices supporting a topo-
logical edge mode between them. Light can travel along the edge mode with minimal losses, even 
though there exist strong bendings as shown in the simulated electric field. Kagome lattices can 
be used for PTI lasers. Reprinted (adapted) with permission from [16]. Copyright 2020 American 
Chemical Society. All Rights Reserved. b Artistic view of two honeycomb lattices featuring an edge 
mode between them. Each site is a VCSEL made from semiconductor nanostructures. Due to their 
arrangements, the VCSELs lase into the topological mode, forming a PTI laser. Figure provided 
by Sebastian Klembt, a similar figure can be found in Ref. [17]. c Schematic of a one-dimensional 
topological array on a hybrid silicon platform. Each ring is a nanostructure of InGaAsP quantum 
well layers on top of silicon. Every other ring has an additional layer of Cr. This structure is an 
implementation of the 1D-SSH model. Figure reproduced from [20], published under a CC BY 4.0 
license 

tering and reflection losses, which in a regular waveguide would be associated with 
significant losses [16]. 

In a PTI laser, topological edge modes or topological cavities are combined with 
lasing materials to make use of the great advantage of photonic topological modes. 
Figure 1b shows a PTI laser based on the deformed honeycomb lattice. In the outer 
part the hexagons are compressed, in the inner part the hexagons are stretched. 
Each site is a vertical microcavity featuring a gain medium between distributed 
Bragg mirrors, thus, forming a vertical-cavity surface-emitting laser (VCSEL). When 
pumped, in total 30 of the VCSEL structures lase coherently into the topological 
mode [17]. 

PTI lasers also exists in 1D, as shown in Fig. 1c. The lattice is now formed by the 
combination of two nano-rings, each composed of a layered semiconductor structure. 
Every other ring has an additional Cr layer. On the right and left side the arrangement 
changes, such that in the center a topological mode is formed, which can feature
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lasing. This 1D structure is interesting, because it is a realization of the SSH model 
[20], which is a well-established theoretical model in the condensed matter physics. 

2.2 Su-Schrieffer-Heeger Model for PTI Lasing 

The SSH model describes a one-dimensional chain lattice with topological fea-
tures [12]. Originally it was derived to describe electrical conductivity and soliton 
physics, while nowadays it is a standard model in topological photonics. A sketch 
of the SSH lattice is shown in Fig. 2a. Two lattice sites .A and .B form the unit cell. 
Within that unit cell the sites are coupled via the parameter . t1, while the coupling 
between unit cells is given by the parameter . t2. In the center, the lattice changes and 
accordingly a topological mode is formed. 

To include lasing in the SSH model, at each site. n a linear gain.gn and a linear loss 
.γn is introduced. This leads to a dynamics at each lattice site, which can be described 
by solving the equations of motion 

Fig. 2 Phase diagram of the domain-wall-type Su-Schrieffer-Heeger (SSH) lattice with sat-
urable gain. a Sketch of the SSH lattice feature unit cells composed of site. A and site. B. The coupling 
within the unit cell is of strength. t1 and between cells. t2. In the center the lattice changes leading to a 
topological mode. To introduce lasing, gain of the strength.gA acts on each site. A and losses.γAB act 
on all lattice sites. b Representative time-evolution of the total intensity.IA (and.IB )  of  the. A (and 
. B) sublattice for the non-oscillating (top) and oscillating (bottom) topological lasing mode. c Phase 
diagram of the SSH lattice shown in panel (a). The red pentagon and star mark the parameter space 
position of the time-evolutions plotted in panel (b). The oscillating (red star) and non-oscillating 
(red pentagon) topological modes displayed are chosen at (.γAB , gA − γAB) = (0.16, 0.44) and 
.(0.48, 0.06), respectively
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.i
dap

dt
= i

gA

1 + |ap|2 − γA ap + t1,2bp + t2,1bp−1, (1) 

.i
dbp

dt
= i

gB
1 + |bp|2 − γB bp + t1,2ap + t2,1ap+1, (2) 

where .ap and .bp are respectively the amplitudes of the .A and .B sites on the .p-th 
unit cell, .gσ and .γσ are the linear gain and linear loss at the site .σ = A, B, and 
the couplings .t1,2 (and .t2,1) are either . t1 or . t2 (and . t2 or . t1) depending on the lattice 
sites [see Fig. 2a]. If the dynamics is coherent, lasing occurs. We quantify this by 
considering the dynamics of the amplitude .IA of the sum of all lattice sites .A (and 
.IB respectively). 

In our calculations, we set the gain just to occur at the . A sites with .gA, while the 
gain at all . B sites is zero.gB = 0. The losses are assumed to be the same for all sites 
with.γA = γB = γAB ,  as  in  Refs. [4, 13]. We take a lattice consisting of.Ns = 21 sites. 
Depending on the parameters, we can find two different behaviours/modes as shown 
in Fig. 2b: In the non-oscillating mode (top) the amplitudes .IA,B stay constant for 
all times and no dynamics occurs. In the oscillating mode (bottom), the amplitudes 
.IA,B oscillate in a steady state. 

The parameters to distinguish between the modes are given in the phase diagram 
shown in Fig. 2c with the examples in Fig. 2b marked by red symbols. For one-
dimensional cases like the SSH model with gain/loss, the equations of motion can 
be solved and the phase diagram can be calculated exactly. However, as soon as we 
consider higher dimensions obtaining the phase diagram is not as simple and new 
methods have to be sought. 

In the following, we will thus explore whether ML learning techniques are helpful 
to draw the phase diagram of the PTI laser. For this, we need to classify the dynamical 
behaviour of the lasing modes. The solutions presented in Fig. 2c, from Ref. [4], will 
act as a benchmark for the ML results, by showing the shaded areas in our results. 

3 Dynamical Behavior Identified by Representation 
Classification 

Given a set of samples with unknown dynamical behaviors, we aim to identify their 
dynamical behaviors using representation classification. The fundamental idea of the 
representation classification method consists of identifying the samples based on a 
constructed library . L. The manual construction of the library constitutes the super-
vised learning part of the representation classification method where the dynamical 
behaviors of interest are utilized to construct the library for subsequent identifica-
tion of their dynamics. Figure 3 shows the outcomes of this classification method. 
While it fails to correctly reproduce the phase diagram in the literature [4], leverag-
ing the supervised learning part in an adaptive construction of the library gives more 
reasonable results [22], as we will see later in this chapter.
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Fig. 3 Outcome of the representation classification. Phase diagram obtained with representa-
tion classification (a) from a fixed library composed two regimes (one oscillating and one non-
oscillating), b from a top-down adaptive library, c from a bottom-up adaptive library. The purple, 
green and yellow dots correspond respectively to the identified oscillating, non-oscillating and tran-
sient regimes. The black dots represent the regimes used for the construction of the library. The fixed 
library is composed of the black dots located at (.γAB , gA − γAB) = (0.48, 0.06) and.(0.16, 0.44), 
.γAB and.gA are, respectively, the linear loss and gain on the A sites. The white and grey areas are 
overlays of the referenced phase diagram obtained in Fig. 2 

The process of constructing the library .L in the representation classification 
method relies on the dynamical behaviors we want to identify. If we assume that 
the dynamical behavior of the topological laser evolves on a low .D-dimensional 
attractor, meaning that the system will behave the same over time once the transient 
is passed, then the underlying behaviors of the system can be accurately approxi-
mated by a reduced-order model. In particular, this means that the dynamics of the 
system can be described by a low.D-dimensional vector space, where the basis vec-
tors. = {φi }i=1,...,D are used to approximate the system’s spatio-temporal dynamics 
.x(t) (or the measured state at time . t) close to the attractor as: 

.x(t) ≈ xD (t) :=
D

i=1

φiβi (t) = t) (3) 

where.βi are the weighted coefficients in the above linear combination of basis states 
. φi . The library will therefore be composed of the bases representing each nonlinear 
regime of interest in order to identify the dynamical regimes of each samples, namely 
to classify the samples into different phases. Specifically, the library .L is a set of 
bases each of them spanning the appropriate desired dynamical behaviors: 

.L = { 1 J } = {φ j,i } j=1,...,J , i=1,...,D, (4)
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where. J is the number of regimes,. j are the bases of each of the dynamical regime. j , 
and.φ j,i are the corresponding basis states. Therefore, the spatio-temporal dynamics 
.x(t) can now be approximated as: 

.x(t) ≈ xJD (t) :=
J

j=1

D

i=1

φ j,iβ j,i (t) =
J

j=1

jβ j (t) (5) 

where .β j,i are coefficients corresponding to the contributions of the dynamical 
regimes in the library. 

The dynamical regime of each sample is identified by finding the basis with the 
highest contribution to the approximated reconstruction dynamics [Eq. (5)]. More 
precisely, the classification strategy consist of finding the vector space within each 
dynamics in the library that has the highest projection measurement at a particular 
time . ti (or time window.[ti : ti+Nw

]): 

. j∗ = arg max
j=1,...,J

Pj x(ti : ti+Nw
) 2, (6) 

where .x(ti : ti+Nw
) is the notation for the state measured within the time window 

.[ti , ti+Nw
]with.Nw the time step window size, namely the vector.[x(ti ), . . . , x(ti+Nw

)], 
and .Pj is the projection operator onto the bases of the regime . j in the library . L: 

.Pj = j
+
j (7) 

with .
+
j being the pseudo-inverse of . j .  In  Eq  . (6), . 2 is the .

2-norm of a vector 

defined as . v 2 := i |vi |2, and .argmax is the function that returns the index 
corresponding to the maximum value. 

3.1 Decomposition Method 

The basis vectors . j approximating the dynamical regime . j can be found via dif-
ferent decomposition methods. Depending on the decomposition methods, the clas-
sification will yield different results as it focuses on different features (see Fig. 4). In 
this section, three methods will be covered with an highlight on the features trans-
lated into the bases: The proper orthogonal decomposition (POD), the dynamical 
mode decomposition (DMD), and the augmented dynamical mode decomposition 
(aDMD). 

Common to all the decomposition methods is the use of the data matrix .X built 
from the dynamical data at hand. The data matrix is a .(Ns × Nt )-matrix that gathers 
the .Nt data snapshots .x(ti ) into columns: 

.X = (t1), . . . , x(tNt ) . (8)
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Here, .Ns is the number of sites in the system, namely .Ns = 21. In the remaining of 
the chapter, the vectors .x(ti ) are chosen to be the complex-valued amplitudes of the 
modes at the A and B sites. Exploring alternative “observables”, such as the absolute 
values or the total intensities per sublattice, is reserved for a future investigation and 
is beyond the scope of this chapter. 

3.1.1 Proper Orthogonal Decomposition 

The proper orthogonal decomposition (POD) [23] method is a common decomposi-
tion method based on the singular value decomposition (SVD) of the data matrix. 

The data matrix is first decomposed via SVD: 

.X = U V † (9) 

where.U and.V † are.(Ns × N ) and.(N × Nt ) unitary matrices, respectively, and. is 
a diagonal.(N × N )-matrix.diag(σ1, . . . , σN ), with.N = min(Ns, Nt ). The diagonal 
entries of. are the so-called singular values, and are ordered in ascending order. σ1 >

σ2 > . . . > σN ≥ 0. Because the singular values can be obtained from the eigenvalue 
of .XXT , they can be interpreted as the variance of the data matrix. The columns of 
. U , called the singular vectors, are thus ordered according to the variance .σi they 
capture in the data matrix. 

Intuitively, the POD method can be seen as performing a space-time separation 
of the data matrix as the SVD of .X can explicitly be written as: 

.Xim =
N

n=1

UinσnV
†
nm, (10) 

where the columns of .U contain the spatial information, while the rows of .V † have 
the temporal information at each spatial grid point. 

The POD method consists of choosing the singular vectors, also called the POD 
modes, as being the basis . j used for approximating the spatio-temporal dynamics. 
Yet, given the data matrix is typically large, the resulting size of the POD basis 
is correspondingly large as well, making the computation of the projector in the 
classification [Eq. (7)] impractical. To reduce the number of basis vectors used to 
approximate the dynamics, the POD basis.U is truncated according to a cut-off value 
. r while retaining the main information of the data matrix. More precisely, this is 
realized by keeping only the. r highest terms in the decomposition [Eq. (10)], namely 
by keeping the POD modes with the. r highest variance they capture in the data matrix 
. X : 

.Xim

r

n=1

UinσnV
†
nm . (11)
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In a matrix form, the truncation reads: 

.X Ur r V
†
r , (12) 

where.Ur ,. r and.V †
r are the truncated matrix of. U ,. and.V †, respectively. Although 

the cut-off value. r can be chosen based on different criteria [24],. r implicitly depends 
on the dimension of the vector space needed to approximate the attractor and is 
typically chosen so that the POD modes retain a certain amount of the variance . σX

in the data, namely: 

.

r

n=1

σi > σX . (13) 

The vectors used to build the basis . j are therefore the reduced POD basis, namely 
.

(POD)
j = Ur . 
However, the POD modes represent a static picture of dynamics and do not explic-

itly model the temporal dynamics of the time series. This method will therefore most 
likely fail to identify the correct dynamical regime in the classification step [see dis-
cussion in Sect. 3.2]. Nonetheless, for didactic purposes, it is important to introduce 
this concept. 

3.1.2 Dynamical Mode Decomposition 

The dynamical mode decomposition (DMD) [23, 25, 26] method is an alternative to 
the POD method for learning the dynamics of nonlinear systems. 

Indeed, the DMD method can extract the spatio-temporal patterns of the data 
matrix by considering the linear mapping, namely the matrix. A, between the dynam-
ics starting at time .t1 and at time . t2. Explicitly, the linear mapping .A is defined 
by 

.X2 = AX1, (14) 

where .X1 is the data matrix starting at some time steps . t1, and .X2 is the data matrix 
starting at the next time step . t2, namely: 

.X1 = x(t1), x(t2), . . . , x(tNt−1) (15) 

and 
.X2 = x(t2), x(t3), . . . , x(tNt ) . (16) 

The definition of the matrix .A [Eq. (14)] is similar to the equation for a linear sta-
bility analysis of discrete maps. Solving the eigenvalue problem for the matrix . A
will therefore give us information about both the spatial profiles and the temporal 
evolutions with its eigenvectors and eigenvalues, respectively. In particular, if the 
eigenvalue problem is written as:
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.A = (17) 

where the columns of. are called the DMD modes.ψi and the corresponding DMD 
eigenvalues .λi are the diagonal entry of . , then the DMD modes .ψi give us the 
spatial profile of the eigenmodes while their corresponding eigenvalues .λi have 
their temporal information. Because the DMD eigenvalues .λi are eigenvalues of an 
evolution operator, they are of the form.λi = e i t , with. t = t2 − t1. The temporal 
evolution quantities of interest are thus given by . i : 

. i = ln (λi )

t
= iωi + μi (18) 

where.ωi is the oscillation frequency of the DMD modes.ψi , and.μi is its growth (or 
decay) rate if .μi > 0 (or .μi < 0). 

At its core, the DMD method decomposes the data into a set of coupled spatio-
temporal modes. Conceptually, the DMD combines the POD method in the spatial 
domain with the discrete Fourier transform in the time domain for the oscillating 
behavior. Notably, DMD goes even beyond these comparisons by additionally pro-
viding an estimation of the growth (or decay) rate in time via .μi > 0 (or .μi < 0). 

In the DMD method, the basis vectors used for the construction of the library . L
are the DMD modes . . However, the eigendecomposition is not feasible by direct 
computation as the size of the matrix .A is typically large, and all the DMD modes 
are not needed for similar reasons to the POD method. Instead, the DMD modes 
and eigenvalues can be obtained via the truncated data matrices of .X1 and .X2.  The  
algorithm starts with the truncated SVD o f.X1 ≈ Ur rV †

r in which Eq. (14) becomes: 

.X2 ≈ AUr r V
†
r . (19) 

The matrix . A is then projected onto the truncated POD subspace: 

.Ar := U †
r AUr ≈ U †

r X2Vr
−1
r . (20) 

The eigenvalue problem for .Ar is solved with: 

.ArW = W (21) 

from which the truncated DMD modes can now be written as [27]: 

. r = X2Vr
−1
r W, (22) 

and still approximately satisfy the relation in Eq. (17). The basis vectors used in the 
library construction are therefore .

(DMD)
j = r . 

Nevertheless, it is the DMD eigenvalues .λi that carry the temporal information. 
Akin to the POD method, the DMD basis captures only the spatial information, lead-
ing outcomes comparable to those of the POD method [see discussion in Sect. 3.2].
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3.1.3 Time-Augmented Dynamical Mode Decomposition 

The time-augmented DMD (aDMD) consists in incorporating the temporal informa-
tion into the DMD basis [28]. 

Indeed, although the DMD captures the temporal evolution of the dynamics, 
the temporal information is not directly incorporated in the DMD modes used for 
constructing the basis of the attractor’s vector space. Instead, the set of vectors 
.{(ψr,i ), (λiψr,i ), (λ

2
i ψr,i ), . . . , (λ

Nw

i ψr,i )} gives an idea of the evolution of the DMD 
mode.ψr,i ,  a  s.λi is similar to a time-evolution operator, i.e., multiplying by.λi is equiv-
alent to shifting by one time step. The temporal information is therefore included in 
the DMD by constructing a time-augmented basis [28]: 

.ψ
(Nw)
r,i =

⎡
⎢⎢⎢⎣

ψr,i

λiψr,i
...

λ
Nw

i ψr,i

⎤
⎥⎥⎥⎦ . (23) 

Because the time-augmented vectors Eq. (23) exhibit the time-evolution of the DMD 
vectors, these vectors constitute the basis used for constructing the library. L, namely 
.

(aDMD)
j = (Nw)

r,i , with .
(Nw)
r,i = [ψ(Nw)

r,1 , ψ
(Nw)
r,2 , . . .]. 

The identification is now slightly different than for the POD and DMD, as the 
projection measurement is realized over a time window .[ti , ti + Nw],  as  shown  in  
Eq. (6). In consequence, the outcome of the aDMD method gives now better results, 
even though this is far from being accurate as we will see in the next section. 

3.2 Classification 

After acquiring the basis composing the library . L, we can now proceed with clas-
sifying the samples using the basis derived from the representative dynamics. The 
representative dynamics are here randomly chosen within each known dynamical 
phases, namely the oscillating and non-oscillating modes [see Fig. 2], and they are 
depicted by the black dots in Fig. 4. In order to avoid the transient regime and to get 
closer to the attractor’s dynamics, the bases are constructed from the time series after 
starting at the .1800-th time step. 

The phase diagram results from the identification of the sample with respect to the 
representative dynamics as shown in Eq. (6). In the phase diagrams, we color-coded 
the different identified regimes, where the purple (and pink) dots always mark the 
oscillating regime, and the green dots the non-oscillating regime. As we will see 
later, the yellow dots correspond to the transient regime and the orange dots to the 
transition regime. The white and grey areas are overlays of the referenced phase 
diagram obtained in Fig. 2.
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Fig. 4 Representation classification using different decomposition methods. Phase diagrams 
derived using a fixed library composed of two regimes (one in the oscillating and one in the non-
oscillating phase), and with the bases in the library generated using the a POD, b DMD, c aDMD 
with.Nw = 25. d Same as in panel (c) but with four regimes in the fixed library (one in the oscillating 
and three in the non-oscillating phase) The purple and green dots correspond respectively to the 
identified oscillating and non-oscillating regimes. The black dots represent the regimes used for 
the construction of the library. These black dots are located at (.γAB , gA − γAB) = (0.16, 0.44) and 
.(0.48, 0.06) for panel (a), (b) and (c); and additionally at .(0.31, 0.11) and .(0.17, 0.24) for panel 
(d). The white and grey areas are overlays of the referenced phase diagram obtained in Fig. 2 

Figure 4 shows the phase diagrams obtained from the different decomposition 
methods described in the previous section. In Fig. 4a, b and c, the purple (green) dots 
are the identified regime. j∗ [see Eq. (6)] from the oscillating (non-oscillating) regime. 
On one hand, Fig. 4a, b display the phase diagrams obtained from the POD and DMD 
method, respectively. As anticipated, the POD method fails to accurately reproduce 
the reference phase diagram [see Fig. 2] as the bases do not contain any temporal 
information: We observe that many time series are not correctly identified [Fig. 4a]. 
Similarly, the DMD method does not correctly identify the dynamics [Fig. 4b] as the 
bases from the DMD are similar to the POD bases. On the other hand, Fig. 4c illus-
trates that the aDMD (with .Nw = 25) has better classification results: Less samples
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are being misidentified as the aDMD basis contains the temporal information of the 
dynamics. 

While one might consider utilizing a different set of representative dynamics in 
the parameter space to construct the library . L for potential improved results, such 
an approach would likely results in only marginal improvement of the classification. 
Instead, Fig. 4d demonstrates that redundantly increasing the number of representa-
tive dynamics in the library . L–in this case, four in total–yields much better results 
in correctly identifying the oscillating to the non-oscillating regime. In this context, 
the blue and red dots are the identified samples from the two new added represen-
tative dynamics: The identified oscillating and non-oscillating regimes now have a 
better fitting with the referenced phase diagram [Fig. 2], despite belonging to distinct 
regimes, namely having different index. j∗. Therefore being able to identify the three 
colored for the oscillating regimes (green, blue, red) as corresponding to a single 
oscillating regime would give a more accurate diagram. This is the rationale of the 
methods, termed top-down and bottom-up adaptive classification, developed in the 
next sections: Adding redundant representative dynamics in the library . L and being 
able to merge them corresponding to the oscillating or non-oscillating regime could 
potentially bring us closer to the desired phase diagram. The implications of these 
adaptive classification methods are two-fold: Firstly, prior knowledge of the system 
would not be needed, only measurement of its dynamics; secondly, the phase diagram 
would be constructed automatically from the samples. 

4 Top-Down Adaptive Representation Classification 

The top-down adaptive representation classification consist of adaptively refining 
the library initially composed of a redundant set of representative dynamics. This 
eliminates the manual process of selecting representative dynamics known from prior 
knowledge of the complex system considered. In practice, this top-down approach 
starts with many samples for the construction of the library, and then reduce the library 
size by merging some of them. From the previous section, this would mean that we 
merge the three phases in the non-oscillating region in Fig. 4d, and consider them 
as a single regime. Based on some measures in the decision process, this automated 
construction of the library thus removes the manual construction of the regimes. 

The regimes are merged when considered to be equivalent, which is defined based 
on the dissimilarity between the subspace of different regimes. More precisely, the 
equivalence relation relied on the subspace alignment .γi j that measures the dissimi-
larity between two subspaces . i and . j by projecting one subspace onto the other: 

.γi j := Pi Pj
2
F

Pi F Pj F
, (24)
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with. F the Frobenius norm of a matrix,. M F := i j |Mi j |2, and the projection 
operator defined as .Pj = j

+
j [Eq. (7)]. Therefore, the regimes . i and . j are said 

to be equivalent, denoted by .i ∼ j , if the fraction of information retained after the 
projection onto each other, .γi j ∈ [0, 1], is high enough: 

.γi j > γth, (25) 

where .γth ∈ [0, 1] is a hyper-parameter deciding the threshold value for merging 
different regimes. Essentially, the relation Eq. (25) is numerically computed with a 
crucial emphasis on preserving the transitivity property of the equivalence relation, 
meaning that if .i ∼ j and . j ∼ k then .i ∼ k. The relation Eq. (25) is then indeed an 
equivalence relation because the reflexive (.i ∼ i) and symmetric (.i ∼ j ⇒ j ∼ i) 
property of the relation is automatically satisfied from the definition of.γi j [Eq. (24)]. 
Figure 5a illustrates the algorithm of the top-down approach. With an initial library 
.L composed of a large number of representative regimes, the subspace alignment 
between all the bases is calculated, which can be viewed as being the .(i, j) entries 
of a symmetric matrix. γ [left of panel of Fig. 5a]. Then, the bases having a subspace 
alignment higher than .γth are grouped together, while ensuring the transitivity rela-
tion is satisfied. Visually, this grouping procedure resemble a block diagonalization 
procedure of the subspace alignment matrix [middle panel of Fig. 5a]. Finally, for 
each of the blocks, one basis is selected and considered as the representative of the 
dynamical regime, which are plotted Fig. 5c. 

In its core, the top-down representation classification entails in identifying the time 
series based on a comprehensive library of bases. It is only after this classification 
that equivalent identified regimes are merge using alignment subspace .γi j and the 
equivalence relation specified in Eq. (25). Figure 5 shows the phase diagram resulting 
from the top-down algorithm with an initial library composed of .J = 60 randomly 
chosen regimes. With this top-down approach, the resulted phase diagram is closed 
to the reference one [see Fig. 2] as we can see that the oscillating (purple dots) 
and non-oscillating (green dots) regimes can be distinguished. We can also see that a 
third regime is being distinguished from the oscillating and non-oscillating dynamics 
present in the literature. This is the transient regime (yellow dots) situated close to the 
.γAB = 0 or.gA − γAB = 0 axis. Because we start looking at the dynamics after a time 
. t0, the transient regimes is an indication that a longer starting time and therefore longer 
simulation might be needed to consider them being in either one of the oscillating or 
non-oscillating regimes. In general, varying the parameter values also changes the 
relaxation times of the system, and the transient regime may then be the dominant 
regime. If that is the case, this would mean that the simulation has not run long 
enough to observe the main dynamical regimes. 

The threshold parameter .γth controlling the merging process is a critical quantity 
in the algorithm, as a low threshold .γth will easily merge regimes while a high . γth
will still yield a relatively large size of the library as demonstrated in Fig. 5d. As a 
consequence, the two extreme cases will either consider all the dynamical regimes 
as being equivalent and identify all of them as being the same, or will not be able
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Fig. 5 Principle of the top-down adaptive representation classification. a Schematic of the top-
down library generation: Starting with an initial library composed of.J = 60 regimes, the subspace 
alignment matrix.γi j is plotted (left panel), grouped into equivalent regimes with.γth = 0.75 (middle 
panel), then the subspace alignment matrix from the reduced library is plotted after the equivalent 
regimes are merged (right panel). b Representative time-evolution of the total intensity.IA (and.IB ) 
of the A (and B) sublattice for the non-oscillating (top), oscillating (middle) topological lasing mode, 
and for the transient mode (bottom). c Phase diagram obtained using the top-down representation 
classification approach with an initial library composed of randomly chosen.J = 60 regimes, with 
the hyper-parameter threshold.γth = 0.75. d Library size against the hyper-parameter threshold.γth, 
with an initial library composed of randomly chosen .J = 60 regimes. e Phase diagrams obtained 
using the top-down classification approach with.γth = 0.55 (left) and.γth = 0.95 (right). The purple, 
green, yellow and orange dots correspond respectively to the identified oscillating, non-oscillating, 
transient and transition regimes. The white and grey areas are overlays of the referenced phase 
diagram obtained in Fig. 2
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to see similarities between the time series, respectively. Therefore, the threshold 
is arbitrarily chosen based on the refinement of the desired library [see Fig. 5d, 
e]. Figure 5e shows examples of the phase diagram obtained with two different . γth
values. With .γth = 0.55, the threshold value is too low as all the oscillating and 
non-oscillating regimes are being considered as equivalent, despite being able to 
distinguish the transient regimes with the others. However, using the same initial 
library but with a finer threshold value.γth = 0.95, the top-down classification method 
is able to resolve six regimes grouped into four main regimes: The oscillating and 
non-oscillating known from the reference phase diagram [see Fig. 2], along with the 
regimes corresponding to the transient regime and to the transition between the two 
topological phases. Out of the six regimes, two are grouped into the oscillating phases, 
and two are grouped into the transient phases. The transition regime is different 
than the transient regimes, as the dynamics has already been reached the stationary 
regimes, and corresponds to the parameter values along the boundary between the 
two topological phases [see grey and white shaded areas in Fig. 5e]: therefore the 
method cannot correctly classify the regimes in this region as either oscillatory or 
non-oscillatory. Notably, this finer threshold provides distinct sets of modes in the 
oscillating parameter space region [see the purple and pink dots in Fig. 5e]. Those 
distinct oscillating modes were not present in the reference diagram [Fig. 2], and may 
have been overlooked as only the dynamics of the total intensity were considered in 
the literature [4]. 

Despite the success of the classification using the top-down approach, we can 
still see misclassification of the samples in the low .γAB and low .gA − γAB region 
(bottom-left region of the present phase diagram [Fig. 5b]), where some time series 
are interpreted as oscillating instead of non-oscillating regime. This is demonstrative 
of the limitation of this top-down automatic method where the initially constructed 
library may not encompass certain paths connecting similar bases. For example, the 
regimes. i and. kmay not be similar enough to be considered as equivalent with respect 
to .γth, but an “intermediate” regime . j missing in the initial library and equivalent 
to both regimes . i and . k, i.e., .i ∼ j and . j ∼ k, might make the regimes . i and . k
equivalent thanks to the transitivity relation. This issue is dubbed here as the library 
having missing path, and the natural strategy to overcome this problem is to increase 
the initial library size to fill all the missing paths, as we will see in the next section. 

5 Bottom-Up Adaptive Representation Classification 

As an alternative approach to the top-down method, we propose the bottom-up clas-
sification which adaptively adds samples to the library on the fly. In practice, this 
bottom-up approach starts with few samples in the library and add bases to the library 
whenever the library is consider to be not good enough. The library is then reduced 
using the top-down approach to merge equivalent regimes. The key advantage of this 
bottom-up approach is the automatic construction of a library based on its quality. 
Therefore, the method does not rely on a more or less good choice of samples com-
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posing the library and has the potential to overcome the missing issue present in the 
top-down classification. 

A sample is added to the library whenever the library cannot retrieve the dynamics 
of the given sample using its bases. This construction procedure is assessed via the 
maximal projection of the measurement onto the regimes’ subspace . : 

. := max
j=1,...,J

Pj y(t) − y(t) 2

y(t) 2
, (26) 

with. 2 the.L2-norm of a vector, and.Pj is the projector defined in Eq. (7). In other 
words, the library is said to be good enough if the worst relative reconstruction error, 
. , is low enough: 

. th, (27) 

where . th is the hyper-parameter deciding the threshold quality of the library. 
Figure 6a depicts the bottom-up approach algorithm. The library begins with a single 
sample, and is adaptively constructed based the relative reconstruction error [see left 
of panel Fig. 6a]. Once the library is established [see middle of panel Fig. 6a], the 
top-down approach is employed in order to merge equivalent regimes [see right of 
panel Fig. 6a]. Figure 6c shows the representative of the dynamical regimes after the 
top-down method is employed. 

Fundamentally, the bottom-up representation classification scheme consists in ini-
tially classifying time series based on a given library or incorporating the sample into 
the library if the library is not good enough. Subsequently, the different phases are 
merged into equivalent regimes using the top-down method. Starting with a library 
composed of a single randomly chosen sample, the phase diagram obtained from the 
bottom-up classification is depicted in Fig. 6c. Comparable to the top-down approach 
shown in Fig. 5c, three distinct regimes are identified, corresponding to the oscillat-
ing (purple dots), non-oscillating (green dots) and transient (yellow dots) regimes. 
Notably, the phase diagram obtained from the bottom-up classification demonstrates 
an improved accuracy in identifying the regimes. The misclassifications previously 
observed of the oscillating and non-oscillating regimes, which were attributed to 
missing paths in the library, are now considerably reduced. Only few samples near 
the topological transition boundary are not correctly identified. Similarly to the top-
down approach, the transient regimes indicates the need of a longer simulation time 
to correctly classify them. 

Together with the hyper-parameter .γth, the threshold hyper-parameter . th plays a 
crucial role in the bottom-up approach. Indeed, the decision of whether to add a sam-
ple to the library is a critical step in the algorithm. Setting a low threshold parameter 
will add too many samples, while a high. th will not add samples to the library at all, as 
shown in Fig. 6d. Therefore, the threshold value. th is, again, arbitrarily chosen based 
on the desired quality of the library [Fig. 6d, e]. Figure 6e illustrates two examples 
with different threshold parameter value, given.γth = 0.95.  Usin  g. th = 0.05, namely 
with a library that gives less than.5% of the reconstruction error of the measurement, 
the resulting phase diagram has four main regimes corresponding to the oscillating,
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Fig. 6 Principle of the bottom-up adaptive representation classification. a Schematic of the 
bottom-up library generation: Starting with an initial library composed of a single randomly chosen 
regime (left panel), the library is increased according to the library quality where the subspace 
alignment matrix.γi j of the final library is plotted (middle panel), then the subspace alignment matrix 
from the reduced library via the top-down approach is plotted (right panel). b Representative time-
evolution of the total intensity.IA (and.IB ) of the A (and B) sublattice for the non-oscillating (top), 
oscillating (middle) topological lasing mode, and for the transient mode (bottom). c Phase diagram 
obtained using the bottom-up representation classification approach with an initial library composed 
of single randomly chosen regime, with the hyper-parameters threshold. th = 0.005,.γth = 0.75. d 
Library size against the hyper-parameter threshold . th, with .γth = 0.95 and with an initial library 
composed of a single randomly chosen regime. e Phase diagrams obtained using the bottom-up 
classification approach with .γth = 0.95,  and  wit  h . th = 0.005 (left) and . th = 0.05 (right). The 
purple, green, yellow and orange dots correspond respectively to the identified oscillating, non-
oscillating, transient and transition regimes. The white and grey areas are overlays of the referenced 
phase diagram obtained in Fig. 2
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non-oscillating, transition and transient regimes. However, there are instances of 
misidentification between the two oscillating and non-oscillating phases, likely due 
to missing paths in the obtained library, and suggesting that some samples need to be 
added in the library. With a better library quality, specifically setting. th = 0.005,  the  
missing paths are recovered, leading to a more accurate prediction of the topolog-
ical phases in the resulting phase diagram: Both the oscillating and non-oscillating 
regimes are well positioned in their respective parameter space region. Moreover, a 
better library quality yields a more detailed phase diagram with the transition points 
not being able to be considered as oscillatory or non-oscillatory as this regime corre-
spond to the transition boundary between the two topological phases, although some 
points are within the oscillatory regime. Significantly, the bottom-up representation 
classification distinguishes two oscillating modes [see the purple and pink dots in 
the right panel of Fig. 6e], instead of a single oscillating regime as shown in the 
reference diagram [see Fig. 2]. The identification of the distinct oscillating modes 
highlight the potential novel insights given by the data-driven classification method. 
In the context of this chapter, the classification method takes into account the com-
plex values of the amplitudes of.x(t), rather than solely focusing on the total intensity 
of each sublattice . A and .B as done in Ref. [4, 13]. The use of complex valued here 
therefore enables a more detailed description of the dynamic pattern based on the 
entire lattice, incorporating information such as the relative phase difference of the 
sites or the absolute value of amplitudes. 

6 Summary 

In this chapter, we introduced an unsupervised machine-learning approach to identify 
topological phases of dynamic systems. In principle, this identification process is a 
representation classification, which finds a library that associates a finite number of 
labels for phases to parameters of a dynamic system. As an example, we explained 
how to draw the phase diagrams of the domain-wall-type SSH lattice with saturable 
gain. 

As a mean to characterize the dynamic property, we introduced different decom-
position methods including the POD, the DMD and the aDMD. By comparing the 
representation classification results using a fixed library based on the different meth-
ods, we observed that the aDMD works best for the domain-wall-type SSH lattice 
which has spatial and temporal variations in its field amplitudes. 

In constructing the library, one can employ two schemes: top-down and bottom-
up approaches that merge similar phases in a library or adaptively construct a library 
according to its quality, respectively. It is noteworthy that the libraries are constructed 
automatically and it does not require any detailed knowledge on the system. The 
libraries are optimized to represent all possible phases in a given parameter space 
by considering different measures defined on the libraries’ bases. In the SSH laser 
example, we found the bottom-up adaptive scheme was the best approach to tackle 
the problem of drawing the phase diagram.
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The bottom-up adaptive scheme can avoid pitfalls that can be encountered when 
using reverse engineering, such as missing paths in the equivalence relations, and 
can be used as a strategy to extend the method to more complex systems. While 
maybe not all phases might be identified on the first try, it is capable of clustering 
similar behaviour and gives a first classification of the different modes in the system. 
It should be complemented by a thorough analysis of these modes. Nonetheless, 
because of its different approach to drawing the phase diagram and its capability of 
clustering similar behaviour, reverse engineering holds the potential to find novel 
topological lasing modes, which could have been overlooked in other approaches. 

Additionally, the machine-learning approach can be applied to many other 
dynamic systems composed of nonlinear resonators, for example, an array of quan-
tum emitters and coupled mechanical resonators. 
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Artificial Intelligence Reshaping 
the Semiconductor Metrology 

Md. Ashiqur Rahman Laskar, Srijan Chakrabarti, and Umberto Celano 

Abstract As technology advances, the challenges in characterization of nanoelec-
tronics devices and materials also increase. To overcome the challenges, relying 
on only cutting-edge hardware doesn’t help the metrologist in this new generation. 
Computational power of machine learning (ML), hence artificial intelligence (AI) 
has come forward as a strong support to modern metrology tools and data analysis. 
Here we review how AI is reshaping the metrology power for the nanoelectronics 
manufacturing community, especially in failure analysis and materials characteriza-
tion. In this chapter, diverse contributions of AI in major metrology tools such as 
experiment automation, sample identification, data denoising, fast and robust data 
analysis etc. are discussed with their impact on the characterization and advancement 
of nanoelectronics. 

1 Introduction 

At the time of writing, the semiconductor industry is undergoing a period of 
massive changes. The ubiquity of electronics in our lives is more profound than 
ever, and it’s accelerating. Wearables, edge computing, smart lenses, and novel 
computing paradigms are just the tip of the iceberg. Driving this revolution, as always, 
are advancements in complementary metal-oxide semiconductor (CMOS) process 
development for logic and memory devices. But unlike the past 50 years, we are 
witnessing a simultaneous eruption of innovative chip architectures. Fin-based tran-
sistors are yielding to nanosheet technologies, memories are stacking skyward, and 
advanced packaging techniques are enabling heterogeneous integration of hyper-
complex systems on chip (SoC). This confluence creates a monumental shift in chip 
manufacturing, brimming with exciting opportunities and daunting challenges. 

One foundational pillar for advancing chip manufacturing has traditionally been 
metrology. Metrology, a niche field with deep roots in material science and solid-
state physics, has always been a cornerstone of progress in chipmaking. Its focus: to
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characterize, at scale, the intricate dance of manufacturing processes, materials, and 
their integration. But in this era of unprecedented changes, metrology must move 
just as fast. Chip requirements are continuously evolving, demanding ever-smaller 
dimensions, higher accuracy, and unmatched sensitivity. Metrology can only fulfill 
its vital role in the silicon transformation by keeping pace with the rapid innovations 
driving the industry. 

Historically an essential but understated component of the semiconductor industry, 
metrology, has now gained significant recognition for its critical role. The recent 
white paper “Metrology Gaps in the Semiconductors Ecosystem” from the National 
Institute of Standards and Technology (NIST), issued under the CHIPS & Science 
Act, brings this critical field into sharp focus [1]. For students, scholars, and anyone 
interested in the core processes of chip manufacturing, this document is an invaluable 
resource. However, its most compelling insight is the transformative potential of AI 
to reshape semiconductor metrology on several fronts. The white paper paints a clear 
picture: AI isn’t just playing in the sandbox; it’s poised to transform the very land-
scape of how we measure and understand chip behavior. From automating complex 
characterization processes to unlocking new frontiers in nanomaterial analysis, AI 
promises to propel metrology to unprecedented heights. 

While an extensive treatment of the measurement science and methods is beyond 
the scope of this chapter. Here, we focus on reviewing the state-of-the-art application 
of AI for materials characterization and semiconductor metrology. The reader will 
find an overview of the field, with references to methods and ongoing research for 
material quality assessment, in-line metrology for high-throughput manufacturing, 
and novel metrology concepts. The chapter is structured with seven main sections. 
The introduction offers an overview of the field with details of the main concepts 
of neural networks (NNs) and deep learning (DL) applied to metrology offering a 
detailed overview of some of the most recent work in the semiconductor metrology 
community. Later, we introduce some of the advancements in the use of AI for 
scanning probe microscopies, a class of techniques in which where a nanosized 
high-aspect ratio probe is used to sense the surface properties, including physical 
dimensions with Angstrom precision and various electronic and magnetic proper-
ties. The third section discusses the role of virtual metrology in which the knowledge 
of experimental data and simulated processes are combined to predict the proper-
ties of a metrological measurement for an unknown structure. Fourth, we introduce 
the major signs of progress obtained for electron beam imaging, including scanning 
electron microscopy (SEM) and transmission electron microscopy (TEM). Later, we 
introduce the role of AI-assisted data analysis for X-ray-based and optical methods, 
including X-ray diffraction, ellipsometry, interferometry, and surface profilometry. 
These represent some of the most commonly available, fully automated, and high-
throughput measurements in chip manufacturing. Finally, we provide a general 
overview of the possible usages of AI for data analysis Raman spectroscopy and 
nuclear Magnetic Resonance spectroscopy (NMR).
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2 Machine Learning for Metrology in Nanoelectronics 

The revolution of nanoelectronics is advancing very fast and transforming our day-
to-day lives. Following Moore’s law, [2] the device density has increased as the 
scaling down continues. Here metrology is very crucial to achieve the ultimate 
device performance as it ensures quality and critical parameters during the fabri-
cation process. However, the nanoelectronics’ evaluation and headway are pushing 
existing metrology techniques’ limitations [3, 4]. In addition, the requirements of 
huge data collection, faster data processing, and complex analysis have made the situ-
ation more challenging for characterization purposes. Therefore, researchers adopted 
ML algorithms widely with various metrology tools and techniques in the last two 
decades [5–7]. ML is a combination of computer science and artificial intelligence 
that learns from the training data set and can perform specific tasks with unseen 
data sets, just like imitating the way of a human. Broadly speaking, ML enables the 
researchers to acquire the metrology data autonomously/effectively, classify them, 
and then interpret and even predict the correlative consequences. An appropriate 
ML model and proper training data sets can maximize the accuracy of the expected 
results. Investigation reveals that researchers are commonly using different ML archi-
tectures in scanning probe microscopy (SPM), [8, 9] electron microscopy (EM), 
[10, 11] different spectroscopies [12–14] and x-ray diffraction (XRD) [15, 16]  for  
pattern and structure recognition, data classification, materials identification, arti-
facts removal, phase validation, defects investigation, inverse problem, roughness 
calculation, fringe analysis, auto-alignment, carrier concentration, image segmenta-
tion, crystal characteristics, peak position and spectra analysis etc. that significantly 
impact the overall capability of nanoelectronics characterization.

Researchers have successfully developed neural networks (NNs) and deep 
learning (DL) models that can accomplish many tasks as an alternative to human 
operators. For instance, trained NNs have been reported to quantify lattice strain 
and electric field-driven sample navigation in 4D scanning transmission electron 
microscopy (STEM) [17–19]. Classification of carbon nanomaterials by VGG-16 
network, [20] characterization of carbon nanotubes by multi-layer perception model, 
[21] inspection of wafer defect by unsupervised NNs [22], etc. have also been possible 
so far. Tremendous advancement has been observed in SPM metrology capabilities, 
such as the elimination of image distortions, [23] automatic probe conditioning, 
[24] enhanced signal-to-noise ratio (SNR), [25] surface reconstruction [26], etc. 
In nanoelectronics fabrication, thin film quality, thickness measurement, and mate-
rials property characterization are critical. Interestingly, ML has shown outstanding 
performance in these aspects. For example, complex optical modeling was replaced 
by ML algorithms to calculate film thickness by ellipsometry, [27, 28]. Fringe anal-
ysis algorithms analyzed interferometric measurements for the surface topography 
reconstruction, [29] convolutional neural network (CNN) was introduced to iden-
tify and quantify the chemical elements[30], etc. Thus, the contributions of machine 
learning to nanoelectronics metrology are innumerable.
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3 ML Assisted Scanning Probe Microscopy 
for Nanoelectronics 

As the shrinkage of electronic devices continues with time, the importance of precise 
and localized study of the material’s properties becomes dominant. SPM techniques 
have become very popular in this aspect [31–35]. Despite the groundbreaking capa-
bilities of Scanning Probe Microscopy (SPM) at the nanoscale, traditional SPM 
techniques are constrained by several factors, including data acquisition speed, 
noise levels, dynamic processing, and data analysis efficiency [36–40]. Given the 
scenario, the researchers recently introduced ML in SPM technology to overcome 
the conventional limitations and improve the overall performance [9, 41–44]. In addi-
tion, measurement automation, tip conditioning, 3D imaging, sample identification 
and classification. Figure 1a shows different areas of application where advance-
ments are possible with the help of ML [45]. It does not only contribute to reduction 
in experimental time but also enhance the data accuracy by avoiding uncertainty. So 
far various ML models have shown promising performance to help SPM characterize 
nanoelectronics devices and materials [8]. 

For example, ML frameworks have been utilized to study ferroelectric materials 
in terms of switching characteristics, domain walls, dynamic growth, polarization, 
etc. [46–51]. Huang et al. reported a support vector machine approach, in short SVM, 
to identify ferroelectric domains [52]. In this approach, domain walls are subjected to 
locate hysteresis behavior in piezo response force microscopy (PFM). It helps avoid 
confusion while identifying ferroelectric regions through switching spectroscopy 
mode. In a recent work, Liu et. al introduced a hypothesis learning model to investi-
gate the switching behavior in ferroelectric thin films [53]. Here they emphasized on

Fig. 1 a Diverse applications of ML in scanning probe microscopy for nanoelectronics charac-
terization. b Autonomous 3D conductive AFM on metal–oxide–semiconductor sample powered 
by features recognition and material scalpel control [8]. Laskar et al. APL Machine Learning 1.4 
(2023). Licensed under the terms of Creative Commons CC BY 
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threshold based processing to find the domain changes. At first, domains are written 
by pulse voltage on BaTiO3 (BTO) sample and then corresponding PFM image data 
are used to predict the domain switching behavior by applying iterative cycle. On 
the other hand, researchers used deep neural network to minimize the noise and 
hyperspectral data in PFM of band excitation [25]. Thus, it allows to characterize a 
material (usually which provides weak signal response) more robustly. The DNN is 
quite fast and can also be applied to KPFM and MFM. 

With the aim of monitoring tip-induced leakage and defect identification in 
thin oxide films, Liu et al. proposed a workflow to study the conductive spots 
autonomously using C-AFM [54]. Based on their controlled trajectory model, the 
ML framework can explore specific features under a wide field of view and then 
can carry out localized measurements. For instance, it could identify conductive 
spots on Hf0.54Zr0.48O2 film and analyze the structure and characteristics of those 
hot spots that are directly related to the quality, and reliability of the dielectric layer. 
Object segmentation, background thresholding and field programmable gate array 
(FPGA) powered control were the fundamental keys of this method. Prior that, ANN 
model was designed for Scanning Tunneling Microscopy (STM) technique to inves-
tigate complex electronic states of quantum matter [55]. Hence it opened a new 
door for liquid crystal and fractionalized electronic materials characterization. The 
supervised ANN could automatically recognize modulation characteristics from the 
STM images throgh d-symmetry. In that study, Bi2Sr2CaCu2O8 and CuO2 were 
used as reference samples. Besides, ML has contributed to analysis of complex 
heterostructure interfaces. For example, Strelcov et al. studied the BiFeO3-CoFe2O4 

heterostructure samples by using the first-order reversal curve technique in I-V [56]. 
In the I-V mapping, they employed data mining analysis and various equations of 
electronic transport. That in turn provided significant information on interface oxygen 
vacancies, Fowler Nordheim tunneling current, Poole Frenkel transport etc. 

Measurement assistance and automation are other fields of study that can be 
widely improved through ML applications in SPM [57–59]. Consequently, enhanced 
data acquisition, artifacts removal, high accuracy data interpretation etc. have been 
possible for nanoelectronics samples. For example, Krull et al. introduced the 
DeepSPM model that can recognize not only good or bad topography images but 
also navigate the probe to a good area within the sample [60]. Thus it makes the 
system as self-dependent to record some acceptable AFM images with more than 
80% accuracy. Other groups of researchers addressed the issues associated with tip 
contamination and tip geometric deviation, however, at the same time, they came up 
with the solution to halt these limitations with the help of different ML models [24, 
60]. Some of them utilized the CNN model to identify the double tip effects that 
commonly appear in the used probes when the tip has multiple vertex points due to 
degradation. On the other hand, CNN was also used for pulse-based tip conditioning 
when tip contamination became dominant. Surprisingly, assessment of probe state 
and corresponding tip condition have achieved more than 90% accuracy through 
CNN and reverse image checking models. In addition, the findings on image distor-
tion elimination [23], noise reduction [61], and artifact (Z drift) compensation [62]
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are praiseworthy to advance the nanoelectronics technology one step forward in 
metrology. 

Investigation of grain boundaries (GBs) in photovoltaic materials is very crucial. 
Researchers commonly rely on conductive AFM and KPFM to investigate the GBs 
effectively [63–67]. Nonetheless, the process becomes slow because of identifying 
the grain boundaries manually and executing manual spectroscopy. Liu et. al, for 
the first time, proposed an ML framework that can identify the GBs and assist in 
I-V spectroscopy [68]. In this work, they chose hybrid perovskite solar cells as a 
reference. 

4 ML Supported Virtual Metrology for Semiconductor 
Manufacturing 

In the last few years, virtual metrology (VM) has become very popular in the semi-
conductor industry to achieve highly efficient process control and monitoring [69– 
71]. VM refers to a way of predicting the properties of something without actually 
measuring it. VM can effectively estimate the wafer or product quality during the 
production process without going through each wafer individually. Clearly, VM 
involves heavy use of machine learning algorithms and previous in-line metrology 
data, which can provide shortened root cause analysis and enhanced yield [72, 73]. 
Several ML algorithms are commonly used in different steps of VM process, such as 
principal component analysis (PCA), partial least squares (PLS), CNN etc. for feature 
extraction;[74] multiple linear regression (MLR), multiple layer perceptron (MLP), 
recursive neural network (RNN), gaussian process regression (GPR), Bayesian neural 
network (BNN) etc. for quality estimation [75]. 

Greeneltch et. al recently proposed a design oriented VM technique to predict 
the oxide deposition thickness [76]. It provides metrology augmentation with in-fab 
data and supports the processing steps. However, it requires a full wafer history to 
predict the process thickness with high accuracy. In this research, gradient-boosted 
tree architecture (GBT) is built for chemical vapor deposition (CVD), where a high 
aspect ratio oxide deposition process was targeted. The GBT data driven approach not 
only computes design features but also recommends appropriate process recipes. In 
another work, Choi et al. proposed a neural network (NN) algorithm to predict amor-
phous carbon film thickness [77]. Initially, in-situ plasma chemistry was augmented 
for the plasma-enhanced chemical vapor deposition (PECVD) and then applied to 
the modeling of the plasma process. Their predictive model includes Box-Behnken 
statistical approach for the experiment design at three levels considering four factors. 
Among their three predictive models, the model trained with optical emission spec-
troscopy sensor data and equipment status could show 99.5% accuracy to estimate the 
carbon layer thickness. Later, researchers introduced advanced VM known as feature 
based virtual metrology (FVM) to overcome the limitations (non-synchronized 
trajectory, non-equal step duration etc.) of frequently used VM techniques [78]. Here
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it doesn’t require any data pre-processing and emphasizes on batch features to under-
stand batch process dynamic behavior in semiconductor industry. Their FVM model 
is based on the correlative information of metrology experiments and process features 
whereas statistics pattern analysis (SPA) [79] plays the most important role. Besides, 
the authors claim that MLR and Principal component regression (PCR) approaches 
are not suitable when too many variables (independent) and multilinearity exist. 

To achieve the precise nanostructure goals in nanoelectronics fabrication, auto-
mated critical Dimension SEM (CD-SEM) plays a significant role in robust and 
accurate VM [81, 82]. CD-SEM is a system that assists in the precision dimension 
measurement of nanostructures or patterns on a wafer. Ding et al. demonstrated that 
their deep learning (DL) architecture is the potential for post-etch metrology compen-
sating the background noise, edge low contrast, etc., in CD-SEM images [83]. The 
proposed architecture includes double U-Net segmentation and binarization which 
resolves the challenges associated with unbalanced dataset. Figure 2b  shows  the  
VM schematic for post etching CD-SEM image. Conversely, chemical mechanical 
polishing (CMP) has also been studied under virtual metrology. Although CNN, 
RNN etc. are suitable for CMP-VM, researchers commonly have used BNNs in 
this case [74]. Moreover, DL models, for example, least squares generative adver-
sarial network (LS-GAN), were introduced in CMP for unrealized target outputs and 
capturing input distribution [84]. Eventually, process drift control was improved, and 
run-to-run process variation was minimized.

5 ML Aided Electron Microscopy for Nanoelectronics 

Machine learning has added an exceptional ability to electron microscopy that 
directly or indirectly boosts the characterization power of nanoelectronics. Auto-
mated experiments, crystal phase or interface identification, image denoising, atomic 
structure validation, defects classification, composition analysis etc. are the major 
contributions of ML for scanning electron microscopy (SEM), transmission electron 
microscopy TEM, scanning TEM (STEM) [85–91]. Figure 3 illustrates few examples 
of these contributions.

Detection and classification of defects are very important for any type of nano-
electronics device, particularly as defects can tune, modify, and compromise the reli-
ability and functionality of the device. Therefore, the ability to detect, measure, and 
tune the materials defectivity is key in the CMOS manufacturing process. Several ML 
algorithms have been developed and tested to support the electron microscopy for this 
purpose [11, 92]. For example, a supervised learning based neural network model was 
proposed for defects identification in Mo1-xWxSe2 and monolayer graphene samples. 
Initially they trained the model with exclusive simulated images and then applied 
to the experimental images to classify a variety of defects [93]. Another group of 
researchers constructed a deep learning architecture that could recognize not only 
vacancy defects but also Si impurity in graphene samples [94]. Besides, in doped
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Fig. 3 a A workflow based on ensemble learning and iterative training (ELIT) model for defects 
evaluation and atomic manipulation [105]. Reproduced with permission from Roccapriore et al. ACS 
nano. 16,10 (2022). Copyright 2022, American Chemical Society, All Rights Reserved. b Example 
of a ML reinforced workflow for image acquisition, spectra capture and data analysis [106]. Kalinin 
et al. npj Computational Materials 9.1 (2023). Licensed under the terms of Creative Commons CC 
BY

WS2 sample, phase evolution was successfully studied by classifying defect struc-
ture and applying density function theory (DFT) [95]. Lee et. al introduced Residual 
U-Net classifier to identify isolated defects from the annular dark field (ADF) image 
of WSe2-2xTe2x monolayer sample [96]. It also facilitated the measurement of atomic 
spacing and strain-related oscillations in proximity to atomic vacancies. On the other 
hand, Dennler et. al proposed a VGG16 convolution neural network architecture 
for automated analysis of crystal defects in group III-V semiconductor materials 
deposited on top of Si substrate [97]. In this work, STEM images were segmented 
at multiple steps, and various regions were identified based on defectivity, non-
defectivity, symmetric fault, etc. Thus, VGG16 CNN was able to outperform the 
classical Bragg filter method. Earlier, Kirschner et al. developed a neural network 
model for local composition analysis and thickness measurement in compound semi-
conductor samples such as AlGaAs [98]. They utilized high resolution transmis-
sion electron microscopy (HREM) images of the sample and quantitative image
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processing using the neural network. Cheon et. al reported a CNN-based defect 
classification system that can be particularly efficient in classifying various surface 
defects on the wafer during the manufacturing process [99]. Therefore, it is helpful 
for process engineers to decide whether the defective wafer can be repaired or not to 
continue the fabrication process. More than two thousand SEM images were used to 
train the CNN algorithm and later tested it with 30 images having unknown defects. 
Eventually, the algorithm model could achieve higher than 90% accuracy. Other 
researchers reported that the deep learning method slightly outperforms the conven-
tional ML algorithm for wafer defect classification [100]. With a large data set of 
12 k augmented images, the test accuracy results show that CNN (95.3%) provides 
one percent higher accuracy in defect detection and classification than the random 
forest method (94.2%). In addition, the K-means algorithm is also used to quantify 
and classify defects from the SEM images [101]. In addition, Jared et. al inves-
tigated Inception-V1 algorithm-based CNN architecture for defect classification in 
semiconductors. Although it outperformed the automatic defect classification (ADC) 
model, however, the resulting accuracy was just over 85% [102]. Interestingly, some 
other investigators observed low test accuracy of 60–70% when they used the same 
datasets, respectively, in ResNet-50 and Inception-V3 models for a fair comparison 
[103]. It was assumed that the poor quality and disparateness of the initial dataset 
caused the low accuracy. Conversely, Su et. al reported 3 separate CNN architectures 
based on back propagation, linear vector quantization and radial basis algorithms 
for semiconductor wafer post-sawing inspection [104]. Among them, first two could 
reach almost 100% accuracy whereas the last one ended its performance at 90% of 
test accuracy. 

The necessity of denoising the TEM or STEM data is inevitable as only clean 
data can provide reliable, meaningful, and reproducible data analysis [107, 108]. The 
researcher’s preferred algorithms are fully convolutional Neural Networks (FCNN), 
generative adversarial Networks (GAN), sparse coding, ANN, etc., for this purpose. 
For instance, Lee et. al mentioned FCMM based model to improve the signal to 
noise ratio (SNR) of ADF-STEM images [96]. Surprisingly, the model could help to 
determine the strain field around a single atom defect after reducing the noise level 
effectively. Wang et al. proposed a DL model called Noise2Atom to minimize the 
noise in HADF-STEM and consecutive structural similarity (CSS) architecture to 
assess the image quality after the denoising process [109]. A deep neural network 
consisting of a trained atrous convolutional encoder-decoder was also demonstrated 
by another group of researchers to decrease signal attenuation [110]. For low and 
high electron doses, it demonstrated superior performance while denoising the elec-
tron micrograph. Based on the CycleGAN approach, Quan et al. showed how an 
asymmetric model could enhance the electron microscopy images and outperform 
the traditional Noise2Noise model [111]. It was a semi-supervised learning model 
without paired training data, which could effectively remove the artifacts. Prior to 
that, Buban et al. investigated auto-encoder (AE) architecture for noise reduction. 
With the help of the AE, they could successfully apply on SrTiO3 sample image, 
indeed, lattice defects were visible from the noise-free reconstructed images [112]. 
It is also noteworthy to mention the works of Vincent [113] and Mohan [114] for their
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attempts at deep denoising of TEM images. While one of them developed a super-
vised deep CNN, another proposed simulation based denoising architecture to study 
the atomic-level defects. A slightly different approach was observed when convo-
lutional dual-decoder autoencoder (CDDAE) and exit-wave reconstruction were 
proposed to denoise the atomic resolution TEM images of CVD-grown graphene 
monolayers [115]. Suveer et al. presented a CNN technique named TSRNet (TEM 
Super-Resolution Net) to convert low-resolution noisy data into four times higher-
resolution data [116]. According to the presented methodology, it consists of three 
modules such as feature encoder, residual mapping, and upscale processor. Here, the 
residual mapping enhances the reconstruction of edges. In addition, trained sparse 
coding has also been studied with the aim of image denoising and achieving high 
SNR [117, 118]. The result could demonstrate improved phase imaging, hence the 
precision electron holography. 

ML assisted automation can save the electron microscopy operational time and 
make things much easier for the operator. A couple of investigations on instrument 
control, alignment, workflows, data acquisition etc. have come to light despite some 
limitations [10, 106, 119, 120]. Moreno et al. presented a framework using Python 
machine learning scripts that automates the image capture and reconstruction [121]. 
Other work shows that sparse data analytics based a closed loop model can trigger the 
autonomous image acquisition in JEOL STEM. In fact, it demonstrates that data can 
be collected from a large area of interest on the sample and classify different features 
[122]. ML-based software package was reported by Schorb et al. for automated tasks 
of feature detection and image acquisition [123]. Previously, Ghosh et al. explored 
an iterative deep-learning model for reproducible feature extraction and recognition 
[124]. Graphene and NiO-lanthanum strontium manganite samples’ STEM images 
were utilized to test the model in this work. The author claimed that U-Net DL can 
be incorporated to this to improve the uncertainty quantification and robustness of 
the prediction. Followed by this work, researchers proposed ensemble learning and 
iterative training (ELIT) CNN to investigate the effects of electron beam irradiation 
on atomic structure and bonding during live data stream [105]. Here they identified 
single vacancy lines defect on MoS2 and topological defect in graphene sample using 
the ELIT. On the other hand, automated microscopic alignment, aberration correc-
tion and converge angle maximization have been also considered through the power 
machine learning [125, 126]. Recently, Roccapriore et. al established a deep kernel 
learning (DKL) algorithm that can help in automated navigation and discovering the 
plasmonic functionality on 2D MnPS3 [127]. Rotunno et al. successfully demon-
strated that their designed CNN could determine the misalignment of the orbital 
angular momentum (OAM) sorter, and it can be potentially used for spherical aber-
ration correction [128, 129]. To push the performance of direct electron detectors 
(DED) for a nanoscale semiconductor chips, Correa et al. introduced ML, which can 
provide sub-pixel super-resolution by counting the electrons in terms of beam energy 
and depth of the diode [130].



200 Md. A. R. Laskar et al.

It is evident that ML is also a benefaction to nanoelectronics metrology if we 
talk about the chemical composition evaluation techniques such as energy disper-
sive X-ray (EDX) and electron energy loss spectroscopy (EELS) embedded in elec-
tron microscopy. For example, Chatzidakis et al. demonstrated a deep convolutional 
neural network to resolve the issue of zero loss peak (ZLP) drift of the EELS spec-
trometer [131]. It is very important to compensate for the drift. Otherwise, absolute 
peak position becomes complicated in the spectra. In a different work, ML approach 
was deployed for the low-loss energy region of the spectra by applying the strategy 
of ZLP subtraction, thus allowing the opportunity to study local electronic property 
of the WS2 nanoflowers [132]. In addition to the contribution of ML algorithms in 
3D tomography reconstruction for quantum dots, [133] phase information retrieval 
by SegNet network, [134] and segmenting, and characterization of carbon nanotubes 
(CNTs) from the SEM or TEM images [21] are also praiseworthy. 

6 Machine Learning in X-Ray Diffraction 

XRD allows researchers to analyze the structural and compositional features of 
crystalline materials and other microstructural attributes. The method was devel-
oped when Max Von Laue discovered that crystals diffracted X-rays and experience 
constructive and destructive interference due to the periodicity in atomic arrange-
ment in the lattice structure. The diffraction pattern is discernible and drawn out 
from the very interference phenomenon. The diffraction pattern is then captured 
by a point detector [135], a commonly used detector type to lay out the inferred 
structural information. This method is, therefore, a fundamental aspect of crystal-
lographic research across the fields of physics, chemistry, and materials science. 
Analysis of XRD data is crucial in the determination of crystallographic structures, 
with some of the distinctive features being peak morphology, amplitude, and spatial 
placement. Well established methodologies such as Sonneveld and Visser technique 
for preprocessing of data by determining background noise levels followed by refine-
ment of peak positions and intensities. Noise is isolated from the peak contributions 
by evaluating the noise component’s standard deviation and mean value. In addition 
to the previous, Rietveld [136] and Pawley [137] refinement have traditionally been 
applied for phase identification and crystallographic analysis. Nevertheless, when 
we are dealing with novel compounds in thin-film form, traditional methods like 
Rietveld refinement often encounter constraints owing to the absence of reference 
patterns in databases and the probability of encountering unknown film textures. For 
instance, the direct-space method, statistical methodologies, and cultivation of single 
crystals have been utilized to extract information related to the symmetry of novel 
materials [138]. Though these methods are effective for the said purposes, they entail 
significant iteration time, feature engineering, and rely on human intervention, which 
results in inefficiency, particularly in the context of high throughput experiments. The 
intricacies of these methods make them less viable for fast acquisition of data, which 
finally leads to the idea of implementing machine learning and deep neural network
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models to negate these hinderances. In the following subsection we will introduce 
Deep Neural Network and Machine Learning concepts briefly and finally explore 
through some case studies of XRD data analysis derived from recent years. In this 
section, we will cover a few applications of Machine Learning algorithms in XRD 
data analysis. These studies are drawn from various literature published in reputed 
journals. The techniques will give the reader an overview of advancements made in 
XRD data analysis through ML. 

In a study on XRD, Wang et al. used CNN [139] to interpret limited XRD pattern 
data. To augment the data for training, noise was extracted from experimental spectra 
to get combined with the highlight peaks of theoretical spectra that were estab-
lished. The CNN model showed a very high identification rate of 96.7% [140]. The 
researchers collected theoretical data and experimental data of MOFs. They collected 
noise from the experimental data, randomized and merged it with mean peaks of the 
theoretical data to form a new augmented dataset for model training. A Convolutional 
Neural Network of one input layer, four convolution layers, three fully connected 
layers, and one output layer was built [141]. Leveraging the CNN models, the main 
highlight of their work was the one-by-one identification of XRD patterns, which was 
previously attainable through traditional machine learning algorithms. Their noise-
based data augmentation technique expanded the dataset, increasing the robustness 
of the model against experimental variations like peak shifts, intensity scaling, and 
FWHM broadening. To further elucidate the decision-making process, CAM [142] 
or Class Activation maps of convolution layers were used, which in addition also 
highlighted the inner workings of the model, preventing the inner model from being 
coined as a black-box [140]. 

Szymanski et al. demonstrated an autonomous and adaptive XRD [143]. The 
autonomous workflow of adaptive XRD is represented in Fig. 4. The researchers 
called the measurement process adaptive characterization. ML enables changes to 
measurement parameters such as re-scanning parts of XRD diffractograms with 
higher resolution in a closed loop manner without human intervention, increasing 
precision and negating the iterative approach. While many recent adaptive techniques 
have been researched and developed, most of them have been applied to samples 
which showcased unchanging properties. According to the researcher, the highlight 
of this method was its implementation on transitional samples. It observed interme-
diate phases of materials such as Lithium Lanthanum Zirconium Oxide(LLZO), a 
promising solid electrolyte for lithium batteries [144, 145]. The method effectively 
reduced scan times from the conventional method’s 10 min to less than 4- 6 min 
while increasing precision in peak detections. Scan times are automatically adjusted 
to compensate for reduced intensity due to the absence of a synchrotron light source. 
The phase identification was done using the XRD-Autoanalyzer algorithm [146], a 
previously published work from the author. XRD-Auto analyzer used CNN along 
with dynamic time-warping technique to fit spectrum into 2Ɵ peak position typically 
in the range of 10 ◦ to 80 ◦.

A microstructural characterization study by Boulle et al. demonstrated the use of 
CNN to invert the XRD dataset to retrieve depth-resolved strain profiles in disor-
dered materials. The CNN model exhibits robust performance in predicting simple
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Fig. 4 Shows the workflow of autonomous and Adaptive XRD. Based on retrieved confidence 
metrics instructions are carried to perform rescans for phase identification and scan range is accord-
ingly adjusted. Szymanski et al. Npj Comput Mater 9, 31 (2023). Licensed under the terms of 
Creative Commons CC BY

descriptors of strain distribution with high accuracy while also predicting complex 
strain shapes when insufficient information is present in the XRD dataset [147]. 

The maximum accuracy of the CNN model was high for predicting strain with an 
error range superseding that of traditional human-driven analysis. This result again 
highlights the key advantage of deploying machine learning in XRD data analysis, 
which pertains to a highly efficient and less iterative approach compared to the 
human-based method. 

Machine learning methods such as support vector machines(SVM) [148], Random 
Forest (RF), and Gradient Boosting were used by Yanxon et al. to identify artifacts 
in powder diffraction data. An exemplary powder dataset should have a diffraction 
pattern characterized by concentric Debye–Scherrer rings, each exhibiting homoge-
nous distribution. The research group referred here investigated methods where 
machine learning is implemented to identify and separate diffraction spots in XRD 
images with more than 8 million pixels [149]. Prior to training the machine learning 
model feature engineering where all the features were normalized to a standard 
scale. Their finding suggested that gradient boosting is more efficient than gradient 
boosting for K-Nearest Neighbors (KNN), RF, etc. The yielding TP rates of gradient 
boosting are over 90%. Though this method has certain drawbacks where it failed 
to identify spots with strong pixel intensity [149]. While another study from Oviedo 
et al. [138] showed how augmentation of scarce XRD data can help predict crys-
tallographic dimensions and space groups. They implemented a one-dimensional 
CNN, which could classify dimensionality with 93% accuracy while having 89% 
accuracy for space group classification. Negating misclassification of data allows



Artificial Intelligence Reshaping the Semiconductor Metrology 203

Fig. 5 a Schematic view of SUNDIAL algorithm process flow. Forward and inverse modules of 
the deep neural network are represented. b Comparison of SUNDIAL approach vs traditional fitting 
method shows accuracy of SUNDIAL. Solid dots represent SUNDIAL RMSE values. Liu et al. Light 
Sci Appl 10, 55 (2021). Licensed under the terms of Creative Commons CC BY

for high interpretability, for this they used a weak regularizer by using average class 
activation maps from a global pooling layer. In addition their predictive technique 
allowed a XRD pattern to be classified in less than 6 min by completing evaluating 
maximum pattern step size before loss in accuracy takes place[138]. To minimize 
loss, the Adam optimizer algorithm was implemented; their model had a smaller 
number of convolution layers compared to previously implemented models. This 
approach allowed their CNN model to be faster and less susceptible to overfitting.



204 Md. A. R. Laskar et al.

7 Machine Learning in Optical Metrology 

Ellipsometry is a century-old technique to determine changes in polarization states 
of light when reflected at an acute or obtuse angle from the sample surface. This 
technique is non-destructive in nature, has a sensitivity of a few nanometers, and can 
be used to measure thickness at varying environmental conditions such as elevated 
temperature and pressure, thereby making it suitable as a robust measurement tech-
nique in semiconductor process manufacturing. To date, this method and all its 
variations play a crucial role in ensuring the quality and performance of modern 
semiconductor devices by measuring the uniformity, roughness, and quality of thin 
films and patterned structures. 

The interpretation of data in this technique is based on inference of motive from the 
results, which leads it to be categorized as an inverse technique [150]. Generally, the 
use of various fitting techniques is used to set initial parameters based on the material 
properties for multiple films or substrates which requires input from an expert. This 
process is an open loop process based on a trial-and-error method, which makes it 
inefficient [28]. To negate the involvement of human–machine learning algorithms, 
such ANN was deployed as a data preprocessor to guess the initial values of (n,k,d) 
later used for the fitting process by the group at Urban et al. [151]. This method was 
reported to be fast, but it produced wrong initial parametric inputs, resulting in a bad 
fit in the data. The group Liu et al. deployed a deep neural network-based model in 
ellipsometry to solve the previously discussed issues. The SUNDIAL approach is an 
optimizing framework with two neural modules, the inverse and forward[28], which 
leads it to be a closed-loop feedback method. 

Surface roughness is traditionally measured using stylus profilometry or contact 
profilometry. In this method a stylus is traced along the surface to form a profile 
measuring the roughness metrics of the sample. This technique is limited by the 
area of measurement, one of the potential alternatives is photographic profilometry. 
Implementation of machine learning techniques and image processing allows this 
method to thrive and allows for real-time acquisition [152, 153]. CNN is imple-
mented to find surface roughness from raw images with 9% error[154]. Wang et al. 
reported the use of heterogenous CNN which lowered the error to 4% [155]. In 
the study from Rifai et al., the group proposed the use of deep learning models 
for vision-based surface roughness measurement. Their approach did not require 
feature extraction as they used CNN to automate the feature extraction process. This 
decreased the prediction time and complexity while making it easier to be imple-
mented in the production workflow. MAPE (Mean Absolute Percentage error) loss 
function reportedly achieved the accuracy required. 

Cooper et al. discussed some of the drawbacks of using CNN to measure surface 
roughness, one highlighted as CNN not suitable enough for profiling in the perpen-
dicular direction. They addressed this issue by presenting a study on texture-aware 
surface roughness prediction based on ridgelet transform [156]. They used RF for 
predicting surface roughness, this approach negated possibilities of instability while 
computing data of large scale as data normalization was not required while also
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asserting robustness and accuracy from varying data. The key highlight of using 
ridgelets was their rotation, translation, and scaling features, which were well suited 
for surface roughness evaluation measurement technique. They reported an error 
of 0.5% for mean roughness prediction, which considerably wins over the use of 
Convolutional Neural Networks discussed earlier [156]. 

Deep Learning algorithms have also been utilized in interferometry, another 
optical metrology technique. In this technique, multiple waves are superimposed 
to form a unique output wave [157]. An optical instrument known as an interferom-
eter is used to measure changes in the wavefront precisely [158]. While looking at 
various stages throughout the workflow of interferometry, the use of deep learning 
in data preprocessing, analysis, and post-processing is highlighted by most research 
groups. Preprocessing data has several benefits. Some of the crucial advantages are 
denoising, negating geometrical distortions by correction of sub-pixel through clas-
sical mathematical models, enhancement of fringe pattern, and separation of color 
channel for faster acquisition speed. 

8 Machine Learning in Spectroscopy 

Spectrometry is a general term encompassing techniques that measure the interac-
tions between any kind of radiation and matter. Probing how matter interacts with 
the radiation differently, absorbing, reflecting, or scattering it in specific ways. It 
can be thought of as a form of interrogation of the sample where we send a type 
of radiation to a specimen and listen to its “response” to learn about its properties. 
Machine Learning and Deep Learning algorithms have also found their usage in 
spectroscopy. Its application ranges from data optimization, enhancement, automa-
tion, and quantification to highlight a few. In this section, we will draw examples 
from the literature on the implementation of ML in a few spectroscopy techniques 
like Raman Spectroscopy, XPS (X-ray photoelectron Spectroscopy), NMR (Nuclear 
Magnetic Resonance spectroscopy), and EELS. 

Raman Spectroscopy is a non-destructive, robust, sensitive and versatile analyt-
ical method to obtain chemical inference of materials [159]. The principle of Raman 
spectroscopy lies in the interaction of matter with electromagnetic radiation. This 
interaction is conducted through absorption, scattering, and transmission. The Raman 
effect occurs when electromagnetic radiation or light interacts with electrons in the 
chemical bond of a material, which causes the excitation of molecules and results 
in a frequency shift of the interacted light. In addition to that, the Raman effect is 
also observed in inelastic scattering in excited target material due to the inherent 
lattice vibration of the material. As the lattice of vibration of all materials can be 
quantified, the presence or traces of such in a sample can be easily identified [160]. 
The method was used to identify strains in two-dimensional chalcogenides by Li 
et al.; they measured local strain on molecular beam epitaxially grown thin film 
chalcogenides [161]. Raman was particularly useful as other methods, such as XRD, 
have rather large spot sizes to accommodate device-level study. With the current



206 Md. A. R. Laskar et al.

increase of manufacturing the complex and often processing time of spectral data 
from Raman spectroscopy can be a hindrance. Therefore, the application of machine 
learning algorithms makes the workflow more efficient as evident from its application 
in other metrology areas. Qi et al. published a review of recent studies on machine-
assisted Raman spectroscopy, discussing progress made with the implementation 
of established ML methods such as KNN, RF, SVM, and neural network-based 
algorithms like CNN, RNN, GAN, and ANN [162]. The efficiency of ML imple-
mentation was highlighted while analyzing twist angle and vibrational metrics of 
twisted bilayer graphene(tBLG) by Sheremetyeva et al. They implemented machine 
learning regressor models for correlating Raman spectral data and the twist angle of 
tBLG [163]. 

In a study published by Zhang et al. on high-speed identification of carbon 
nanotubes using Raman Spectroscopy with implementation of CNN [164]. When 
performing Raman scattering, signals can get masked by noise, which hinders high-
speed imaging by inducing noise. The group achieved high speed Raman imaging 
capability with minimal signal to noise ratio of 0.9. Their reported accuracy was 
more than 90% for labelling spectral. Mao et al. published an analysis using machine 
learning assisted Raman of MoS2, a two-dimensional material with potential imple-
mentation in device fabrication [165]. They implemented an RF algorithm for 
extracting metrics from the Raman spectra for the classification of MoS2 film. The 
use of RF solved the inefficiency of sample identification using a single variable and 
categorized and predicted defects that would otherwise be ignored. To further add 
to the research of implementing ML in Raman, Lu et al. correlated Raman maps 
with photoluminescence features from monolayer MoS2 using DenseNet, gradient-
boosted trees, and Shapley additive explanation (SHAP) models [166]. They also 
deployed SVM and Gaussian Mixture Model (GMM) to relate features across Raman 
and Photoluminescent attributes. Figure 6a shows their results along with an illustra-
tion of the DenseNet model. Their study paved a new characterization methodology 
for two-dimensional materials [166]. Another area where the integration of ML is 
used significantly is data enhancement. The spectral data from Raman spectroscopy 
is often insufficient to implement deep learning techniques. Kim et al. discussed 
data enhancement using GAN. The group used data augmentation in spectrum data 
using federated learning, which consists of models such as GAN. This method was 
reportedly more effective than existing methods [167].

XPS is another robust analytical technique for compositional and structural knowl-
edge. The probing depth of XPS is a few nanometers. XPS data is hindered by quan-
tification error due to the presence of noise and change in the resolution of energy 
spectra. The consideration of fitting the model depends on these factors, making the 
process tedious for inexperienced users. Automation of XPS analysis is thus required, 
and in recent years, many research groups have implemented machine learning and 
deep learning to automate the process[168, 169]. In a recent study by Pielsticker et al., 
supervised machine learning framework-based CNN was implemented to automate 
transitional metal XPS data quantification. The training dataset was composed using 
artificial spectral data from XPS [170].
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Fig. 6 a Shows the prediction results from DenseNet. The schematic of the model is represented 
along with measured data set, predicted results and relative error and input dataset in clockwise 
order. Lu et al., Adv. Mater. 2022, 34, 2,202,911. Licensed under the terms of Creative Commons 
CC BY. b Figurative schematic of DEEPPicker used in 2d NMR spectra. Seven CNN layers are 
represented along with max pooling layer. Output schematic shows data falling under classifier and 
regressor. Li et al. Nat Commun 12, 5229 (2021). Licensed under the terms of Creative Commons 
CC BY

Nuclear Magnetic Response has often been a go to technique for researchers 
to study structural and chemical identities of materials. The basic principle behind 
this technique is the use of magnetic field to transfer energy from a lower level to 
higher energy level in a nuclei which inherently has multiple spins and is charged 
electrically[171]. Implementing machine learning algorithms in NMR has a lot of 
potential, and recent studies have shown the same. Li et al. proposed a deep neural 
network for NMR spectral peak picking coined as DEEP picker, which essentially
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allows automation in analyzing 2D NMR spectra [172], Fig. 6b shows the schematic 
view of DEEP Picker. Their method resolved the challenge of overlapping peaks 
which earlier involved a trial-and-error process to determine whether a point could 
be labelled as a peak. 

In another work NMR shift prediction was performed where data points were less 
than optimal. Rull et al. proposed a graph neural network based message passing 
Geometrical learning algorithm where edges were utilized for passing information 
to help build data locally at nodes while utilizing edge aggregation function [173]. 

In summary, integrating AI into semiconductor metrology offers enhanced preci-
sion and efficiency in the characterization and analysis of today’s nanoelectronics. 
ML techniques have been successfully applied across various metrological methods, 
including scanning probe microscopy, electron microscopy, and X-ray diffraction, 
improving data acquisition, analysis, and experimental automation. The develop-
ment of AI-assisted virtual metrology has further enabled the prediction and control 
of critical parameters during semiconductor fabrication, addressing challenges asso-
ciated with traditional metrology approaches. As device dimensions continue to scale 
down and fabrication processes become increasingly complex, the role of AI in opti-
mizing metrology flow will become even more critical. This chapter thus explored 
the transformative role of AI in semiconductor metrology, highlighting its current 
contributions and potential for future advancements and positioning the role of AI 
in metrology methodologies. 
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Machine Learning for Active Matter 

Giovanni Volpe 

Abstract The integration of machine learning, and particularly deep learning, with 
active matter research provides new possibilities for research and innovation. Active 
matter systems, which encompass a broad range of natural and artificial entities 
that consume energy to perform mechanical work, present unique challenges due to 
their intrinsic out-of-equilibrium dynamics. Recent advancements in deep learning, 
offer unprecedented opportunities to analyze, model, and understand these complex 
systems. By addressing both the opportunities and challenges, including the need 
for physics-informed models and the reality gap between simulations and real-world 
applications, this chapter highlights the mutual benefits of combining machine learn-
ing with active matter research. 

1 Introduction 

Active matter refers to a class of materials composed of individual units that con-
sume energy to generate movement and exert forces on their surroundings [1]. Unlike 
passive materials, which rely on external forces and energy inputs, active matter sys-
tems are characterized by their intrinsic ability to self-organize and exhibit collective 
dynamics. This is observed in both natural systems, such as flocks of birds, bac-
terial colonies, and cellular tissues, and in artificial systems, including synthetic 
self-propelled particles and robotic swarms—some of these systems are shown in 
Fig. 1. 

The study of active matter provides insights into fundamental processes of life 
and paves the way for innovative applications in technology and medicine. By under-
standing how active matter systems operate, researchers can develop new materials 
with adaptive properties, design efficient robotic systems, and create novel methods 
for drug delivery and tissue engineering. 
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The rise of machine learning in scientific research marks a transformative period 
in the way complex systems are studied and understood. Machine learning, a subset 
of artificial intelligence (AI), began gaining prominence in the mid-20th century with 
the development of algorithms capable of learning from data. The advent of more 
powerful computers and the accumulation of large datasets in the 1990s and 2000s 
further propelled its growth. Key milestones, such as the creation of the backpropa-
gation algorithm for training neural networks and the introduction of support vector 
machines, laid the groundwork for modern machine learning techniques. In recent 
years, breakthroughs in deep learning have enabled unprecedented capabilities in 
pattern recognition and prediction, making machine learning an indispensable tool 
in scientific research [3]. 

For active matter, machine learning provides powerful methods to analyze the 
complex, often non-linear behaviors exhibited by these systems [2]. By using vast 
amounts of experimental and simulation data, machine learning algorithms can 
uncover hidden patterns, predict future states, and optimize the design and control 
of active matter systems. This integration provides tools to enhance our understand-
ing of natural phenomena and drive innovation in creating synthetic active materials 
with tailored properties, ultimately bridging the gap between theory and practical 
applications. 

2 Recent Advancements in Deep Learning 

The evolution of AI has seen remarkable advancements [4], particularly with the 
advent of deep learning, which has revolutionized the study and manipulation of 
complex systems, including active matter [2]. The journey began in the mid-20th 
century with the development of simple neural networks, but it was not until the 1980s 
and 1990s, with the introduction of backpropagation and more powerful computers, 
that significant progress was made. An overview of the main currently available 
machine learning tools is shown in Fig. 2. 

In the early 2000s, the resurgence of interest in neural networks, coupled with the 
availability of large datasets and enhanced computational power, led to breakthroughs 
in deep learning [3]. In particular, the emergence of Convolutional Neural Networks 
(CNNs) marked a crucial moment to seed the ongoing deep learning revolution. 
CNNs, inspired by the visual cortex of the brain, revolutionized computer vision 
by efficiently processing image data through layered structures that capture spatial 
hierarchies. For active matter research, CNNs have become essential in analyzing 
visual data from experiments, enabling the identification and classification of patterns 
in the organization of active matter systems. 

Recurrent Neural Networks (RNNs) and their advanced variants, Gated Recurrent 
Unit (GRU) and Long Short-Term Memory (LSTM) networks, emerged as crucial 
tools to handle sequential data. Their ability to capture temporal dependencies made 
them useful in studying the dynamic behaviors of active matter over time. These net-
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works facilitate the modeling of temporal evolution in systems like bacterial colonies 
or synthetic self-propelled particles, offering insights into their collective dynamics. 

The introduction of the Attention-Based Transformer Networks in 2017 by 
Vaswani et al. [6] represented a major leap forward in handling data sequences. 
Transformers, with their self-attention mechanism, have enabled better handling of 
contextual information, which is crucial for understanding the complex interactions 
within active matter systems. These models have been adapted to predict and analyze 
the behavior of active particles by capturing dependencies across different scales and 
timeframes. 

Generative Adversarial Networks (GANs), introduced by Ian Goodfellow in 2014 
[7], brought a new dimension to deep learning by enabling the generation of real-
istic data, arguably starting the generative AI revolution. In the context of active 
matter, GANs can be used to simulate realistic scenarios of particle interactions and 
behaviors, for example providing valuable synthetic data for training and testing 
other AI models. This innovation has profound implications for studying rare or 
difficult-to-observe phenomena in active matter systems. 

Deep Reinforcement Learning is another significant development. It combines 
deep learning with reinforcement learning principles. Pioneered by researchers at 
DeepMind, this approach has enabled the development of agents that can learn to 
control and optimize active matter systems through interactions with their envi-
ronments. Applications include the autonomous control of robotic swarms and the 
optimization of synthetic active materials for desired behaviors. 

Most recently, Diffusion Models have emerged as a powerful generative AI mod-
eling framework. These models, which learn to generate data by iteratively refining 
random noise and represent the cutting edge of generative modeling. For active 
matter, they can be employed to create high-quality simulations of active matter 
dynamics, probably eventually displacing GANs. 

3 Machine Learning Applications in Active Matter 

The integration of machine learning and AI into the study of active matter presents 
unprecedented and unexpected opportunities [2]. Active matter often exhibits emer-
gent phenomena that are challenging to analyze and predict using traditional methods. 
AI offers powerful tools to enhance experimental techniques, develop data-driven 
models, and optimize control strategies. For example, using AI, researchers can 
improve the resolution and accuracy of video microscopy, automate particle track-
ing, and gain deeper insights into the collective dynamics of active matter. Further-
more, AI-driven approaches enable the prediction of complex patterns, optimization 
of navigation and search strategies, and accurate control of synthetic and biological 
systems. Here, we will review some of the fields where AI has had a transformative 
role within active matter research.
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3.1 Data Acquisition and Analysis 

The integration of machine learning into data acquisition and analysis techniques has 
significantly advanced the study of active matter. One of the primary areas of impact 
is in video microscopy and particle tracking [8, 9], where traditional methods often 
struggle with the sheer volume and complexity of data generated by active matter 
systems. 

Machine learning algorithms have introduced new ways to enhance the quality 
and efficiency of video microscopy. Techniques such as deep-learning-based image 
enhancement can significantly improve the resolution and clarity of microscopic 
images, allowing researchers to observe finer details. These improvements are par-
ticularly useful to study dynamic processes in biological systems, such as cell motility 
and bacterial colony formation, where high-resolution imaging is crucial. 

In particle tracking, machine learning has enabled more accurate and automated 
tracking of individual particles. Traditional tracking methods often require extensive 
manual intervention and can be prone to errors, especially in densely packed or highly 
dynamic environments. Machine learning algorithms, particularly those based on 
CNNs, can automatically identify and track particles with high precision, even in 
challenging conditions [10–12]. This automation increases the accuracy of tracking, 
while also speeding up the analysis process, allowing researchers to handle larger 
datasets and uncover more detailed insights into active particle behaviors. 

Several studies have demonstrated the effectiveness of machine learning in 
improving experimental data analysis in active matter research. For instance, deep 
learning models have been employed to analyze the motion patterns of synthetic 
self-propelled particles, revealing complex behaviors that were previously difficult 
to quantify [10]. By training on extensive datasets, these models can predict parti-
cle trajectories and identify subtle patterns in their movement, providing a deeper 
understanding of the underlying driving mechanisms. 

In biological systems, machine learning has been used to analyze time-lapse 
microscopy data of cell cultures, enabling the identification of distinct phases of 
cell behavior and the prediction of future states [13]. This capability is particularly 
valuable in biomedical research, where understanding cell dynamics can inform the 
development of new treatments and therapies. 

Another notable application is in the study of collective behaviors, such as swarm-
ing and flocking. Machine learning algorithms have been utilized to analyze video 
data of these phenomena, identifying individual agents’ roles and interactions within 
the group [14, 15]. This analysis has provided new insights into how collective behav-
iors emerge and evolve, offering potential strategies to control and optimize such 
behaviors in synthetic systems.



Machine Learning for Active Matter 223

3.2 Pattern Recognition 

The classification of patterns in active matter systems often relies on subjective 
methods like visual inspection, which can introduce bias and inconsistencies. This 
“black box problem” has existed long before the advent of AI. In this case, AI, and 
particularly machine learning algorithms, can provide a more objective and data-
driven approach to pattern recognition. These algorithms can be trained on large 
datasets to identify patterns based on statistical evidence, ensuring a more reliable 
and reproducible classification process. 

One significant advantage of AI is its ability to handle the complexity of 3D 
pattern recognition, a task that is challenging using traditional methods. In 3D, spatial 
relationships and depth information add difficulty. 3D CNNs have been developed 
to process volumetric data effectively. These models extract essential features for 
accurate pattern recognition, making them invaluable in various applications. 

For instance, in medical imaging, AI has been employed to identify tumors in MRI 
scans with high accuracy, surpassing human performance in some cases. Autonomous 
driving systems use AI to recognize and classify objects in 3D space, ensuring safe 
navigation through complex environments. In robotics, AI enables the precise manip-
ulation and navigation of objects by understanding their 3D structure. 

3.3 Data-Driven Models 

The application of deep learning to infer models from time-series data can revolu-
tionize the study of active matter. Deep learning models, particularly RNNs, GRUs 
and LSTMs, can be trained on time-series data collected from experiments or simula-
tions to capture temporal dependencies and dynamic patterns, making them ideal to 
study the evolution of active matter systems over time. By learning from the temporal 
sequences of particle positions, velocities, and interactions, these models can infer 
the underlying rules governing the system’s dynamics. This enables the identifica-
tion of key parameters and interactions that drive the observed behaviors, providing 
a deeper understanding of the mechanisms at play. 

Moreover, deep learning models can predict future states of the system based on 
current and past data. This predictive capability is particularly valuable for explor-
ing how active matter systems evolve, allowing researchers to anticipate emergent 
phenomena. 

Several case studies highlight the power of deep learning in predicting complex 
patterns and behaviors in active matter systems. For example, in the study of bacterial 
colonies, deep learning models have been used to analyze time-lapse microscopy 
data, predicting the formation of spatial patterns such as biofilms and swarms [13]. 
These predictions help researchers understand how bacterial communities organize 
and respond to environmental changes, informing strategies for controlling harmful 
biofilms or promoting beneficial microbial activities.
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In synthetic active matter, deep learning has been applied to predict the collec-
tive dynamics of self-propelled particles. By training models on experimental data, 
researchers have been able to forecast the emergence of collective behaviors such 
as clustering, phase separation, and vortex formation [16, 17]. By enhancing our 
theoretical understanding of the phenomena, these predictions can guide the design 
of synthetic systems with desired properties, such as optimized swarm robotics or 
targeted drug delivery mechanisms. 

Another notable application is in the field of active nematics, where deep learn-
ing models have been used to predict the formation and evolution of topological 
defects [18, 19]. These defects, which play a crucial role in the behavior of liquid 
crystals and other active materials, can be challenging to study due to their complex 
and dynamic nature. Deep learning models trained on time-series data have success-
fully predicted the locations and trajectories of these defects, providing new insights 
into their role in active matter systems. 

3.4 Navigation and Search Strategies 

The optimization of navigation and search strategies in fluctuating environments is a 
critical aspect of active matter research. Reinforcement learning, a type of machine 
learning where agents learn to make decisions by receiving rewards or penalties, has 
proven to be an effective tool to enhance these strategies [20, 21]. For a compre-
hensive exploration of AI-based navigation and communication problems of active 
particles, refer to the chapter by Hartmut Löwen and Benno Liebchen. 

Reinforcement learning algorithms are particularly suited for dynamic and unpre-
dictable environments, where traditional navigation strategies may fail. In active 
matter systems, agents such as self-propelled particles or robotic swarms must navi-
gate through environments that can change rapidly and unpredictably. Reinforcement 
learning algorithms enable these agents to learn optimal navigation strategies through 
trial and error, continuously improving their performance based on feedback from 
their interactions with the environment. 

In practice, reinforcement learning involves training an agent using a reward-
based system where successful actions are reinforced, and unsuccessful ones are 
discouraged. This approach allows the agent to develop an understanding of the 
environment and adapt its navigation strategy accordingly. For instance, in fluctuat-
ing environments, a reinforcement-learning-trained agent can learn to identify and 
exploit transient pathways, avoid obstacles, and optimize its route to reach a target 
efficiently. 

Reinforcement learning has already demonstrated significant success in vari-
ous applications involving biological systems and robotics. One notable exam-
ple is the use of reinforcement learning in optimizing the navigation of robotic 
swarms [22, 23]. Researchers have developed reinforcement learning algorithms that 
enable robots to coordinate their movements, avoid collisions, and achieve collective 
goals such as search-and-rescue missions or environmental monitoring. These algo-
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rithms have shown remarkable adaptability, allowing robots to perform effectively 
even in complex and changing environments. 

In biological systems, reinforcement learning has been applied to study and influ-
ence animal behavior. For instance, researchers have used reinforcement learning to 
train artificial agents that interact with live animals, guiding their movements and 
studying their responses to different stimuli [24]. This approach has provided valu-
able insights into the navigation strategies of animals and has potential applications 
in conservation efforts, where guiding animals away from hazardous areas could be 
crucial. 

Another exciting application is in the field of synthetic biology, where reinforce-
ment learning is used to optimize the behavior of bio-hybrid systems. These systems, 
which combine biological components with reinforcement learning algorithms that 
learn to control biological processes with precision. For example, reinforcement 
learning has been employed to optimize the motility of bio-hybrid micro-robots, 
enhancing their ability to navigate through complex biological environments for 
tasks such as targeted drug delivery [25]. 

3.5 Collective Dynamics 

The study of collective dynamics in active matter systems encompasses a wide range 
of phenomena, including swarming, flocking, and other forms of coordinated behav-
ior [26, 27]. These behaviors arise from local interactions among individual agents, 
leading to complex and often unpredictable global patterns. Multi-agent systems and 
deep reinforcement learning provide useful tools to understand and manipulate these 
collective behaviors, offering insights that can be applied in both natural and syn-
thetic systems. For a detailed discussion on how systems of simple motile agents can 
be used to emulate intelligent systems through emergent behavior, see the chapter 
by Julian Jeggle and Raphael Wittkowski. 

Multi-agent systems simulate the interactions of numerous autonomous agents, 
each following simple rules, to study the emergence of collective behaviors [28]. 
These systems are particularly effective in modeling swarming and flocking behav-
iors observed in nature, such as bird flocks, fish schools, and insect swarms. By 
adjusting the rules governing individual agent behavior, researchers can explore how 
different interaction parameters influence the overall dynamics of the system. 

For example, in swarming systems, agents might follow rules that dictate align-
ment with neighbors, attraction to nearby agents, and repulsion from those that are 
too close. These simple rules can lead to complex behaviors, such as the formation 
of stable swarms, dynamic flocks, or even chaotic movement patterns. Multi-agent 
simulations help identify the key factors that drive these behaviors and provide a 
platform for testing hypotheses about natural systems. 

In synthetic systems, multi-agent models can be used to design and control robotic 
swarms. These models guide the development of algorithms that enable robots to 
coordinate their actions, adapt to changing environments, and achieve collective
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objectives. Applications range from environmental monitoring and disaster response 
to precision agriculture and autonomous exploration. 

Deep reinforcement learning further enhances the study of collective dynamics 
by enabling agents to learn optimal behaviors through interactions with their envi-
ronment. Unlike traditional multi-agent systems that rely on predefined rules, deep 
reinforcement learning agents use neural networks to develop strategies based on 
rewards and penalties, allowing for more adaptive and robust behaviors. 

In simulated scenarios, deep reinforcement learning has been used to model and 
understand a variety of collective behaviors. For deep reinforcement learning to sim-
ulate the flocking behavior of birds, discovering new insights into how local interac-
tions can lead to global coordination [15, 29]. These simulations reveal the underly-
ing principles of flock formation and maintenance, providing valuable information 
that can be applied to both biological studies and the design of robotic systems. 

Real-world applications of deep reinforcement learning in collective dynam-
ics include the development of robotic swarms capable of complex, coordinated 
tasks [22]. For example, deep reinforcement learning algorithms have been used to 
train swarms of drones to navigate through cluttered environments, avoid obstacles, 
and work together to achieve common goals [30]. These capabilities are crucial for 
applications such as search-and-rescue operations, where coordination and adapt-
ability are essential. 

3.6 Control and Manipulation of Active Matter 

AI-driven control systems and machine learning techniques offer unprecedented 
precision and flexibility in managing the behavior of active matter systems, enabling 
innovative solutions across various fields. The development of AI-driven control 
systems has the potential to revolutionize the way we can manipulate active matter, 
particularly synthetic active particles and bio-hybrid systems. 

AI-driven control systems utilize advanced algorithms to manipulate synthetic 
active particles. For example, reinforcement learning can be employed to develop 
control policies that adjust the propulsion mechanisms of synthetic particles. This 
precise control is crucial for applications such as micro-robotics, where active parti-
cles need to perform tasks in confined or dynamic spaces. 

In addition, computer vision and deep learning techniques can be used to monitor 
and adjust the behavior of these particles in real-time. By processing visual data from 
microscopes or cameras, AI systems can dynamically steer particles towards desired 
trajectories, ensuring accurate performance even in the presence of environmental 
fluctuations. 

Bio-hybrid systems, which integrate biological components with synthetic ele-
ments, can also benefit significantly from AI-driven control. Machine learning algo-
rithms can be used to manipulate the motility and interactions of biological entities, 
such as engineered cells or microorganisms. For instance, AI can control the direction
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and speed of bacteria equipped with magnetic or light-responsive elements, enabling 
targeted movement and task execution. 

One of the most promising applications of AI in active matter is targeted drug 
delivery within the context of precision medicine [31]. Machine learning models can 
optimize the navigation of drug-carrying active particles to specific locations within 
the body. By learning from biological data and patient-specific conditions, AI systems 
can control external fields (such as magnetic or acoustic fields) to steer these particles 
accurately. This process might involve real-time tracking of the particles’ positions 
(possibly at an ensemble level) and adjusting the fields accordingly to guide the 
particles to efficiently reach and release their therapeutic payloads at targeted sites, 
minimizing side effects and improving treatment efficacy. 

Active matter systems equipped with AI capabilities are also being developed 
for environmental sensing [32]. For instance, swarms of active particles or drones 
can be deployed to monitor environmental conditions, such as pollution levels or 
hazardous substances. Machine learning algorithms optimize their search patterns 
and data collection strategies, ensuring comprehensive and efficient environmental 
monitoring. For an in-depth overview of these methods and their applications, see 
the chapter by Oliver Kamps, Tim W. Kroll, and Oliver Mai. 

Beyond these examples, AI-driven optimization of active matter behaviors has 
potential in numerous other fields, including materials science, where active matter 
can be used to create smart materials that respond to environmental stimuli, and 
bioengineering, where bio-hybrid systems can be designed to perform complex bio-
logical functions. 

3.7 Integration with Experimental Platforms 

Finally, the integration of AI with experimental platforms can significantly enhance 
the capabilities of researchers in the field of active matter. By combining machine 
learning techniques with experimental setups, scientists can achieve real-time data 
analysis, feedback, and control, leading to more precise and insightful experiments. 
Hybrid approaches that merge AI with traditional methods can also be highly effec-
tive in advancing the study of active matter, leading also to AI-enabled scientific 
discovery. 

In real-time experimental setups, AI can analyze the collected data, offering imme-
diate feedback and adjustments, similar to what is being done in the field of optical 
manipulation [5]. For instance, in video microscopy of active particles, AI algorithms 
can track particle movements, detect anomalies, and adjust imaging parameters on 
the fly to enhance data quality. This real-time capability allows for more accurate 
monitoring of active matter behaviors and enables researchers to make informed 
decisions during experiments. 

AI-driven control systems can also adapt experimental conditions based on real-
time data analysis. For example, in experiments involving synthetic active particles, 
machine learning algorithms can adjust the environmental conditions, such as tem-
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perature or chemical gradients, to observe how these changes affect particle behavior. 
This adaptive control can help optimize experimental conditions and potentially dis-
cover new phases and behaviors. 

In bio-hybrid systems, researchers have integrated AI with traditional biological 
experiments to control and study the behavior of living organisms. For instance, 
by combining AI-driven imaging with traditional cell culture techniques, scientists 
have been able to monitor and manipulate the behavior of cell colonies in real-time. 
This integration can lead to breakthroughs in understanding cellular dynamics and 
optimizing conditions for tissue engineering. 

In studies of synthetic active particles, hybrid approaches have been used to opti-
mize navigation and control. Researchers have combined machine learning algo-
rithms with traditional experimental setups to guide the movement of particles in 
complex environments [33]. By training AI models on experimental data, they have 
developed strategies that allow particles to navigate through obstacles and reach 
target destinations efficiently. 

Hybrid approaches have also been employed in environmental monitoring applica-
tions. For example, researchers have used AI to enhance the capabilities of traditional 
sensor networks deployed in aquatic environments. Machine learning algorithms ana-
lyze data from sensors in real-time, identifying patterns and providing insights into 
water quality and pollutant distribution. This integration has improved the accuracy 
and responsiveness of environmental monitoring systems. 

4 Opportunities and Challenges 

The intersection of machine learning and active matter research provides a landscape 
rich with opportunities and challenges. As AI continues to evolve, its integration with 
active matter systems promises to revolutionize data acquisition, analysis, and manip-
ulation, enabling unprecedented advancements in both fundamental research and 
practical applications. However, this convergence also brings forth a set of complex 
challenges that must be addressed to fully realize the potential of these technologies. 

This section explores the opportunities that AI-driven approaches offer in enhanc-
ing experimental techniques, understanding biological and synthetic systems, and 
developing innovative applications. It also discusses the significant challenges that 
researchers face, including the interpretability of machine learning models, the inte-
gration of physical principles, and the bridging of the gap between simulations and 
real-world scenarios.
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4.1 Opportunities 

The integration of machine learning with active matter research opens up a vast array 
of opportunities for scientific advancement and technological innovation. 

Improvement of data acquisition and analysis. The integration of AI into data 
acquisition and analysis has already greatly enhanced the capabilities of active mat-
ter research. Advanced machine learning algorithms already enable real-time data 
analysis and feedback control, transforming traditional experimental approaches. 
These enhanced methods allow for the continuous monitoring and adjustment of 
experimental conditions, ensuring optimal data quality and experimental accuracy. 
AI-driven systems can process vast amounts of data almost instantaneously, identify-
ing patterns and anomalies that might be missed by manual analysis. This real-time 
feedback loop improves the precision of experiments while also accelerating the 
discovery process. Furthermore, the development of adaptive experimental setups 
that incorporate AI allows for dynamic adjustments based on ongoing data analysis. 
These setups can optimize experimental parameters on-the-fly, leading to more effi-
cient and insightful investigations, also within the framework of AI-enabled scientific 
discovery. 

Swarm robotics. The principles and techniques developed in swarm robotics offer 
valuable inspiration for the study and control of active matter systems. Genetic algo-
rithms, behavior trees, and GANs from the field of swarm robotics can be effectively 
applied to active matter to optimize and control its behavior. Genetic algorithms 
mimic natural selection processes to evolve optimal solutions for complex prob-
lems, making them ideal for tuning the parameters and interactions within active 
matter systems to achieve desired collective behaviors. Behavior trees, widely used 
in robotics for decision-making and task execution, can be adapted to manage the 
complex dynamics of active matter, ensuring coherent and efficient responses to envi-
ronmental changes. GANs, which generate new data based on training examples, can 
simulate realistic scenarios and explore the potential behaviors of active matter under 
various conditions. 

Furthermore, building on the principles of swarm intelligence [26, 27], where 
simple rules and local interactions lead to complex global behaviors, can signifi-
cantly enhance the design and control of active matter systems. By mimicking the 
decentralized and adaptive strategies observed in natural swarms, researchers can 
develop robust and scalable active matter systems capable of performing complex 
tasks. These systems can be used in applications ranging from environmental sensing 
to medical interventions, where coordinated and adaptive behaviors are crucial. 

Systematization of active matter. Machine learning offers powerful tools for the 
systematic classification and understanding of diverse active matter systems. By 
applying advanced algorithms to the vast and complex data generated by these sys-
tems, researchers can uncover underlying patterns and categorize behaviors with 
unprecedented precision. This classification is crucial for making sense of the diverse 
manifestations of active matter, from bacterial colonies and cell motility to synthetic
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self-propelled particles and robotic swarms. Machine learning enables the identifi-
cation of key properties and interactions that define different types of active matter, 
facilitating a deeper understanding of their dynamics and mechanisms. 

Furthermore, the creation of comprehensive databases and taxonomies for active 
matter behaviors and properties can be greatly enhanced by machine learning tech-
niques. These databases can serve as valuable resources for researchers, providing 
structured and accessible information on the various behaviors observed in active 
matter systems. By organizing data into detailed taxonomies, researchers can sys-
tematically compare different systems, identify commonalities and differences, and 
develop generalized theories and models. 

Biological insights. Reinforcement learning and other AI techniques are revolution-
izing the study of sensory inputs and interaction strategies in biological systems, 
providing profound insights into the complex behaviors and processes of living 
organisms. Reinforcement learning, which involves training agents to make deci-
sions based on rewards and penalties, is particularly effective in decoding how bio-
logical systems, such as animals or cells, process sensory information and interact 
with their environment. By simulating these processes and optimizing behavioral 
strategies, researchers can unravel the sophisticated mechanisms underlying navi-
gation, foraging, communication, and other activities. For example, understanding 
how cancer cells interact with their microenvironment can lead to the development 
of more effective treatments. Similarly, insights into animal behavior can inform 
conservation strategies and improve animal welfare. 

In addition to reinforcement learning, other AI analysis methods are being 
employed to gain a deeper understanding of biological processes. Machine learning 
algorithms can analyze large-scale biological data, identifying patterns and correla-
tions that might be invisible to human observers. This capability is crucial to study 
complex systems like neural networks in the brain, gene regulatory networks, and 
cellular signaling pathways, which provides a bridge from active matter to variosu 
omics fields and tools, such as those developed to study brain connectivity [34]. AI 
can also integrate diverse types of biological data, from genetic sequences to imaging 
data, providing a holistic view of biological phenomena. 

Evolutionary perspectives. The exploration of evolutionary perspectives in active 
matter systems is greatly enhanced by AI-driven models and multi-objective opti-
mization techniques. These advanced methods allow researchers to simulate and 
analyze the evolutionary processes that shape the behavior and morphology of active 
matter, providing insights into how these systems adapt and evolve over time. 

Multi-objective optimization, inspired by natural selection, is used to explore the 
vast landscape of possible configurations and behaviors in active matter systems. By 
optimizing multiple objectives simultaneously, such as efficiency, robustness, and 
adaptability, researchers can identify the trade-offs and synergies that drive evolu-
tionary success. This approach is particularly useful for understanding how complex 
behaviors and structures emerge in active matter, from the cooperative dynamics of 
microbial colonies to the movement patterns of synthetic autonomous agents.
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Moreover, studying the evolutionary dynamics of active matter can inform the 
design of bio-inspired materials and systems. By understanding the adaptive strate-
gies that have evolved in nature, engineers can create synthetic systems that mimic 
these strategies, leading to more resilient and efficient designs. This intersection of 
evolutionary biology and materials science holds great promise for the development 
of advanced technologies, from adaptive materials that change properties in response 
to environmental stimuli to self-healing materials that repair themselves over time. 

Embodied intelligence. The development of smart, autonomous active materials 
with integrated computational capabilities is at the frontier of active matter research. 
These materials, imbued with embodied intelligence, should be able to sense, pro-
cess, and respond to environmental stimuli autonomously, opening up a plethora of 
innovative applications across various fields. 

The integration of computational capabilities into active materials will allow them 
to perform complex tasks without external control. These smart materials can process 
sensory information from their surroundings, make decisions based on that informa-
tion, and adapt their behavior in real time. For example, materials embedded with 
microprocessors and sensors can monitor environmental conditions such as temper-
ature, pressure, and chemical composition, and autonomously adjust their properties 
or actions accordingly. This level of autonomy is crucial for applications in remote 
or hazardous environments where human intervention is limited or impossible. 

The design of materials that can autonomously respond to environmental stimuli 
involves a combination of material science, robotics, and AI. These materials will 
likely be composed of responsive polymers, bio-hybrid structures, or nanomaterials 
that change their physical properties in reaction to external triggers. AI algorithms 
play a critical role in managing these responses, ensuring that the material’s actions 
are appropriate and efficient. For instance, AI can enable a material to optimize its 
configuration for load-bearing tasks in real-time or to self-heal when damaged by 
triggering specific chemical reactions. 

The implications of embodied intelligence in active materials are vast. In biomed-
ical engineering, smart materials can lead to the development of advanced prosthet-
ics that adapt to the user’s movements and environmental conditions, improving 
functionality and comfort. In environmental monitoring, autonomous materials can 
continuously assess and respond to pollution levels, providing real-time data and 
mitigation strategies. In robotics, these materials can enhance the capabilities of soft 
robots, enabling them to navigate complex terrains and perform delicate tasks with 
greater precision. 

Technological applications. The integration of AI and active matter opens up a wide 
range of technological innovations, particularly in the fields of medicine, environ-
mental monitoring, and materials science. These applications exploit the advanced 
capabilities of AI-driven systems to optimize performance, enhance functionality, 
and provide real-time adaptive responses. 

One of the most promising applications of AI in active matter is in the development 
of targeted drug delivery systems. These systems will utilize optimized navigation 
and release mechanisms to deliver therapeutic agents directly to specific sites within
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the body. By integrating machine learning algorithms (possibly using some properties 
of the particles as sensors for the local environment), these systems will learn to 
navigate complex biological environments, avoiding obstacles and homing in on 
target cells or tissues with high precision. This targeted approach will improve the 
efficacy of treatments and minimize side effects, as the drug is concentrated at the 
site of need rather than being distributed throughout the body. AI can also optimize 
the timing and dosage of drug release, ensuring maximum therapeutic effect in the 
context of precision medicine. 

AI-enhanced active matter systems can also revolutionize environmental moni-
toring and sensing. These technologies can provide real-time adaptive responses to 
changing environmental conditions, making them highly effective for applications 
such as pollution detection, climate monitoring, and ecosystem management. For 
instance, swarms of autonomous sensors equipped with AI algorithms can dynami-
cally adjust their deployment strategies based on real-time data, ensuring comprehen-
sive coverage and accurate measurement of environmental parameters. These systems 
can detect and respond to pollutants or other hazards more quickly and effectively 
than traditional methods, providing valuable data for environmental protection and 
management. 

The development of smart materials and responsive systems is another area where 
AI and active matter can converge to deliver groundbreaking innovations. Smart 
materials can change their properties in response to external stimuli such as temper-
ature, light, or chemical signals. By integrating AI, these materials can be designed to 
respond more intelligently and autonomously. For example, AI-driven smart mate-
rials can self-heal when damaged, adjust their stiffness or flexibility based on load 
conditions, or change their thermal conductivity in response to temperature varia-
tions. These responsive capabilities make them ideal for a wide range of applications, 
including adaptive building materials, wearable technology, and advanced manufac-
turing processes. 

Interdisciplinary research. The fusion of AI with active matter research is inher-
ently interdisciplinary, drawing from fields such as physics, biology, engineering, and 
computer science. This confluence of disciplines fosters synergies that drive inno-
vative solutions and new discoveries, as each field brings its unique perspectives, 
methodologies, and expertise to the table. For instance, physicists and biologists 
working together can apply AI to unravel the complex interactions within biological 
systems, such as cellular processes or animal behaviors. Engineers can then use these 
insights to create bio-inspired materials or devices that mimic these natural systems. 
AI researchers can enhance these efforts by providing advanced algorithms for data 
analysis and predictive modeling, ensuring that the solutions are both innovative and 
grounded in solid scientific understanding.
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4.2 Challenges 

Despite the promising opportunities described in the previous section, the integration 
of machine learning and active matter research is fraught with significant challenges. 

Black-box models. One of the significant challenges in integrating machine learning 
with active matter research is the interpretability of black-box models (and in fact 
one of the key challenges for the whole field of AI). While these models, particu-
larly deep learning algorithms, can achieve high levels of accuracy and predictive 
power, their decision-making processes often remain opaque. This lack of trans-
parency can hinder trust and acceptance, particularly in fields where understanding 
the underlying mechanisms is crucial. Addressing this challenge involves developing 
methods to explain and interpret the decisions made by AI models. Techniques such 
as explainable AI (XAI) aim to make the inner workings of machine learning models 
more transparent, providing insights into how they process data and arrive at their 
conclusions. By elucidating these processes, researchers can ensure that the models’ 
predictions are reliable and based on understandable principles. Enhancing the inter-
pretability of AI models will build trust and facilitate the validation and refinement of 
these models, ultimately leading to more robust and scientifically sound applications 
in active matter research. 

Generalization and extrapolation. Ensuring that machine learning models can gen-
eralize and perform well outside their training data ranges is another critical chal-
lenge. Models often excel within the scope of the data they were trained on but strug-
gle when confronted with new, unseen conditions. This limitation can undermine 
their usefulness in real-world applications, where variability and unpredictability 
are the norm. To address this, researchers should enhance the robustness and adapt-
ability of AI models. Techniques such as transfer learning, domain adaptation, and 
robust training methods are being employed to improve models’ ability to extrapolate 
and maintain performance across diverse and novel scenarios. By ensuring that AI 
models can generalize effectively, researchers can develop more reliable and versa-
tile tools for predicting and controlling active matter systems, ultimately leading to 
broader and more impactful applications. 

Physics-informed models. Incorporating physical principles and conservation laws 
into machine learning models is essential to enhance their accuracy and reliability. 
Traditional data-driven models, while powerful, can sometimes produce results that 
violate known physical laws or lack interpretability. By integrating fundamental 
physics into these models, researchers can ensure that the predictions are physically 
meaningful. This approach leads to the development of hybrid models that combine 
the strengths of data-driven techniques with the rigor of physics-based methods. 
This synergy will enhance the robustness and credibility of the models, making 
them more applicable to real-world scenarios. Moreover, such hybrid models will 
facilitate a deeper understanding of active matter systems by providing insights that 
are grounded in established physical principles, ultimately advancing both theoretical 
and applied research in the field.
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Reality gap. Bridging the gap between simulation and real-world performance, often 
referred to as the “reality gap”, is a significant challenge in the application of AI 
models and algorithms. While simulations provide a controlled environment for 
developing and testing AI-driven models, the complexities and unpredictabilities 
of real-world conditions can lead to discrepancies in performance. Ensuring that 
AI models translate effectively from virtual environments to practical applications 
requires rigorous validation and testing in diverse, real-world scenarios. Researchers 
are developing techniques such as domain randomization and transfer learning to 
enhance the robustness of models, allowing them to adapt to variations that occur 
outside of the simulated settings. Additionally, incorporating real-world data into 
the training process can help bridge this gap, making the models more resilient and 
accurate when deployed. 

Data quality and quantity. Ensuring high-quality, representative datasets for train-
ing AI models is a foundational requirement because the performance and reliability 
of machine learning models heavily depend on the data they are trained on. There-
fore, high-quality datasets that accurately reflect the diversity and complexity of 
active matter systems are crucial for developing robust and generalizable models. 
Addressing the limitations of small or noisy datasets is particularly important in 
this field, as insufficient or poor-quality data can lead to overfitting, bias, and inac-
curate predictions. Researchers are employing various strategies to overcome these 
challenges, such as data augmentation, synthetic data generation, and advanced noise 
reduction techniques. Additionally, the collection of larger and more diverse datasets 
through collaborative efforts and improved experimental techniques is essential. 

Computational complexity. Managing the high computational demands of advanced 
machine learning algorithms is another significant challenge. Addressing this chal-
lenge involves developing more efficient algorithms that can deliver high perfor-
mance without excessive computational costs. Techniques such as model compres-
sion, pruning, and quantization can reduce the size and complexity of models, making 
them more suitable for real-time applications. Additionally, high-performance com-
puting resources, such as GPUs and cloud computing, can help manage the intensive 
computational requirements. 

Ethical and societal implications. Ethical concerns arise particularly in the context 
of biological research, where AI-driven experiments can impact living organisms. It 
is essential to establish clear ethical guidelines and regulatory frameworks to govern 
the use of AI in these settings, ensuring that research practices respect the intrinsic 
value of life and avoid unintended harm. 

One significant ethical consideration is the potential for AI to exacerbate existing 
biases or introduce new ones, particularly when models are trained on unrepresenta-
tive datasets. This can lead to skewed results and potentially harmful consequences in 
applications such as healthcare or environmental monitoring. Ensuring transparency 
and accountability in AI model development and deployment is vital to mitigate these 
risks.
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Furthermore, the societal impact of AI-driven technologies in active matter must 
be carefully considered. These technologies hold the promise of significant bene-
fits, such as improved medical treatments and enhanced environmental protection. 
However, they also pose risks, including job displacement due to automation and the 
potential for misuse in surveillance or control mechanisms. Engaging with a broad 
range of stakeholders, including ethicists, policymakers, and the public, is essential 
to navigate these complex issues and ensure that the development and deployment 
of AI technologies are aligned with societal values and goals. 

5 Conclusions 

The integration of machine learning and active matter research has created a symbi-
otic relationship that drives advancements in both fields. Machine learning provides 
powerful tools for analyzing and predicting the complex behaviors of active matter 
systems, enhancing our understanding and control of these dynamic phenomena. 
In return, active matter research offers rich and diverse datasets that challenge and 
refine machine learning algorithms, pushing the boundaries of what these technolo-
gies can achieve. This interplay accelerates scientific discovery and technological 
innovation, as improvements in machine learning techniques directly contribute to 
more sophisticated and effective studies of active matter, and vice versa. The mutual 
benefits of this integration highlight the transformative potential of combining AI and 
active matter research, leading to breakthroughs that would be unattainable within 
the confines of a single discipline. 

The future of integrating AI and active matter research is ripe with potential 
breakthroughs and applications. Emerging technologies such as quantum computing 
and neuromorphic engineering promise to further enhance the capabilities of machine 
learning models, enabling them to tackle even more complex and large-scale active 
matter systems. Interdisciplinary collaborations will continue to be a driving force, 
bringing together expertise from physics, biology, engineering, and computer science 
to address the multifaceted challenges in this field. 

Promising areas for future research include the development of more advanced 
and interpretable AI models that can provide deeper insights into the mechanisms 
of active matter; the exploration of bio-inspired materials and systems that mimic 
the adaptive and autonomous behaviors observed in nature; and the application of 
AI-driven active matter technologies in medicine, environmental monitoring, and 
robotics to create innovative solutions to real-world problems.
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A Primer on Neuromorphic Hardware: 
Underlying Principles and 
Approaches—From Sensors to 
Processors 

Akhilesh Jaiswal, Md. Abdullah-Al Kaiser, and Maryam Parsa 

Abstract Brain-like energy efficiency and brain-like cognitive ability has intrigued 
researchers to mimic the fundamental computing principles of the brain on hardware 
computing platforms. Such neuromorphic systems present a paradigm shift in hard-
ware computing technology and leverage both CMOS and beyond-CMOS emerging 
technologies to create large-scale neuromorphic systems. This chapter presents spike-
based computations and spike-based communications as key fundamental principles 
underlying neuromorphic systems and discusses several approaches spanning sensors 
and processors that implements these fundamental principles into scalable, energy 
efficient and intelligent neuromorphic hardware solutions. 

1 Introduction 

The brain is the most remarkable intelligent system known to mankind. While digital 
computers spanning simple hand calculators to supercomputers have massive com-
puting abilities, the unprecedented cognitive ability of the brain is by far largely unmet 
by the state-of-the-art silicon computing systems. Further, despite the unmatched 
cognitive abilities of the brain, the brain consumes orders of magnitude less power 
compared to existing computing solutions [1]. Thus, it comes as no surprise that 
the brain has been a constant source of inspiration for modern computing systems 
since its early inception [2]. The emerging field of neuromorphic computing is at the 
forefront of translating brain-inspiration into a novel computing paradigm. While 
the scope of neuromorphic computing is expanding day by day due to immense 
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research interest across the community, on a very broad level, neuromorphic com-
puting encompasses both hardware and software innovations inspired closely by 
the brain. The goal of hardware aspects of neuromorphic computing is to create 
solid-state systems that mimic the fundamental computing principles of the brain. 
The goal of software aspects of neuromorphic computing is to enable learning algo-
rithms inspired by the learning ability of the brain. This chapter will focus on the 
hardware aspect of neuromorphic computing. Neuromorphic hardware can either be 
sensors or processors. Both the neuromorphic sensors and processors are based on 
two fundamental key attributes—Spike Computation and Spike Communication. 

1.1 Spike Computation Using Simplified Neuronal Models 

Neurons are the basic computing units in the brain. While several neuronal models 
are of interest to the neuromorphic community, a well-known simplified model of key 
interest to the hardware community is the leaky-integrate fire (LIF) model of the neu-
ron, see Fig. 1. A typical spiking neural network (SNN) is composed of pre(input) and 
post(output) neurons interconnected through synaptic weights. The input preneuronal 
spikes are modulated by the weights Wi, and summed up as depicted in the figure. The 
summed up output signal alters the membrane potential (V.mem) of the postneuron in 
a leaky-integrate fashion i.e. the membrane potential increases in response to input 
spikes modulated by the weights, and leaks otherwise. The postneuron generates a 
spike if the membrane potential crosses a certain neuron threshold. The membrane 
potential is then reset, and the postneuron is prevented from spiking for a certain 
period of time known as the refractory period. The generated spikes then form the 
input or preneuron spike for the next layer of the spiking neural network. Thus, an 
SNN is composed of layers of neurons (LIF or other neuronal models) connected 
through synaptic weights. For each layer, input spike is multiplied by associated 
weights and then summed together. The summation signal based on the specific neu-
ron model is then used to generate the output spikes for the specific layer of the SNN. 

Fig. 1 Spike processing through a simplified model consisting of synapses and Leaky-Integrate-
Fire Neurons. Inspired from Ref. [3]
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This multiply and accumulate operation (MAC operation) followed by thresholding 
is a key computing aspect of SNNs. Note, since inputs to each layer of SNNs are 
spikes—which in a digital circuit implementation is typically represented as 0 or 
1—multiply operations in an SNN is essentially multiplication by 1, thereby largely 
simplifying the hardware cost to implement the MAC operation. Thus, as we will see 
later, typical neuromorphic processors implement these simplified MAC operations 
in a distributed parallel manner followed by LIF neuronal thresholding at the output. 

1.2 Spike Communication Using Address Event 
Representation 

In a typical digital computing system information is transferred from one comput-
ing block to another in form of series of digital bits called words (for example, 
32-bit or 64-bit words). In a neuromorphic system, information is transferred as 
addresses of the neurons that wish to exchange spikes (or events). The address-event-
representation (AER) protocol facilitates communication of sparse, asynchronous, 
and random events or spikes resembling biological synaptic transmission, primarily 
employed in neuromorphic vision chips [4, 5] and neural processors [6]. Typically, 
the transmitter block encodes and sends the event using row and column addresses 
in two-dimensional neuromorphic systems [7–9]. In contrast, the receiver decodes 
and recreates the spike based on the received addresses [10, 11]. The transmitter and 
receiver communicate through a common data bus using a hand-shaking protocol. A 
simplified block diagram of the AER protocol is illustrated in Fig. 2. 

In a two-dimensional system, the neurons are arranged in rows and columns. 
When a neuron generates an event spike, it initiates a row request (RR) signal and 
awaits the receiver’s row acknowledge (RA) signal. An asynchronous row arbitration 
system ensures that only one row is acknowledged depending on the received buffer 
state (ready to latch new data). Upon receiving the row acknowledgment (RA) signal, 
the sending neuron activates its column request (CR) signal and awaits a reply on 

Fig. 2 Simplified AER protocol diagram
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the column acknowledge (CA) line. Another column arbitration system guarantees 
the selection of one column at a time, and the column acknowledge signal (CA) 
is sent. Once both row and column acknowledgment signals are received, the acti-
vated neuron resets both request signals. The peripheral address encoder converts 
the spike’s row and column addresses (x, y) based on RA and CA, transmitting them 
over the data bus. In a two-dimensional system, the neurons share the RR and RA 
signals along rows and CR and CA signals along columns. The transmitter can send 
addresses for activated neurons individually or in burst-mode [9]. In burst mode, 
the row arbiter selects the entire row, and column lines are latched in the periphery 
for concurrent reading, exhibiting high throughput. The arbitration system ensures 
that a new row will not be read until all the event spikes of the acknowledged row 
are serviced. An AER transmitter architecture for a two-dimensional neuromorphic 
system is shown in Fig. 3. On the receiver side, the addresses from the data bus are 
latched, decoded, and sent to the recipient neurons. 

AER is a bio-inspired communication protocol widely used in neuromorphic 
systems that leverages sparse spike-based communications for energy efficiency. 

Fig. 3 AER transmitter architecture for a two-dimensional neuromorphic system
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2 Neuromorphic Sensors 

Rapid and robust response to environmental stimuli is a hallmark of animal intelli-
gence and is crucial for survival, for example, escaping a predator or attacking a prey, 
in the ever changing surroundings. Sensory modalities like vision, olfactory, touch 
etc. play a critical role in driving these stereotypical animal responses to stimuli. 
Sensory systems, as such, have long been looked upon as a source of inspiration 
to process external stimuli and extract useful information [12–14]. In fact, the field 
of neuromorphic hardware has its inception in attempts to mimic the animal vision 
system in pioneering works from Mead and Mowald [15]. Recently, several neuro-
morphic works on various sensory modalities can be found in the literature including 
vision [16, 17], olfactory [18–20] and touch [21–23]. Among these, vision systems 
have been studied the most and applied to several interesting applications spanning 
computer vision [24] to robotic control [25, 26], etc. We will focus on vision based 
neuromorphic sensors as an example neuromorphic sensing system elaborating the 
overall approach, underlying circuits, and future works in the field. 

Today’s camera systems, which work as engineered eyes for machines, work very 
differently than biological eyes. A typical camera is based on CMOS image sen-
sors [27], which consists of millions of photodiodes converting light into electric 
charges in a synchronous fashion, essentially capturing the information from exter-
nal world in a frame-by-frame format. These frame-based cameras are currently 
the workhorse for almost all artificial vision-based systems. However, irrespective 
of the significance of information present in a visual scene, these cameras capture 
all the pixels in every frame thereby generating enormous volumes of data. Such 
data deluge fueled by frame-based cameras lead to slow frame speeds, high energy-
consumption and latency in processing millions of pixels per frame. Neuromorphic 
cameras also called event-based Dynamic Vision Sensors (DVS), on the other hand, 
are retina-inspired (retinomorphic) systems that mimic the change detection attribute 
of biological retina. Pixels in a DVS camera monitor temporal changes in light inten-
sity and generate ON/OFF signal, called spikes (or events) when they encounter a 
change in light intensity greater than a pre-defined threshold. This leads to asyn-
chronous, sparse spike generation in response to light intensity changes as opposed 
to traditional cameras that generate continuous stream of frame-based data for all 
pixels in the focal plane array. 

The two key aspects that drive the design of DVS sensors are—(1) spike-
generation in response to temporal intensity-change and (2) spike-based AER com-
munication. To see how these aspects are inspired by the biological eye, consider 
the fact that the retina is arranged in a layered fashion consisting of many different 
kind of cells. Bipolar cells in the retina are known to generate electrical signals in 
response to changes in light intensity [28]. There are ON and OFF bipolar cells in the 
retina. The ON (OFF) bipolar cells generate signals when the light intensity incident 
on a particular cell increases (decreases). The signals generated from the retinal cells 
are then processed through various layers of the retina and are eventually sent to the 
brain through optical nerve as spikes or sharp pulses of voltage. The behavior of bipo-
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Fig. 4 A representative figure showing key circuit blocks of a neuromorphic dynamic vision sensor 

lar cells is encapsulated in VLSI circuits that function as ON/OFF spike-generators 
in response to temporal intensity-change, and the communication of retinal outputs 
to the brain through spikes is encapsulated using the AER representation discussed 
earlier. Together the spike-generation and AER representation leads to highly sparse 
data generated from DVS cameras. Spike are generated only for those pixels that 
experience change in light intensity, as opposed to frame-based cameras that gen-
erate data for all pixels irrespective of changes in light intensity. Further, the data 
generated from DVS cameras is asynchronous i.e. a DVS pixel generates an ON/OFF 
spike as and when the pixel experiences a change in light intensity, as opposed to 
synchronous operation of frame-based camera, where pixel response is synchronized 
with respect to a global clock signal. 

A circuit diagram showing a typical DVS pixel is depicted in Fig. 4. It consists of 
a photodiode (transducer) usually coupled with a logarithmic circuit. The logarith-
mic circuit helps to increase the dynamic range of the pixel. The logarithmic pixel 
output is fed into an analog differentiator circuit. The differentiator circuit detects 
temporal changes in the pixel output. If the output of the differentiator circuit crosses 
a pre-defined threshold a spike is generated using thresholding or comparator cir-
cuit. There are typically two thresholding circuits, one which generates a spike for 
positive changes in light intensity (ON spike) and other that generates spikes for 
negative changes in light intensity (OFF spikes). DVS cameras were first proposed 
in [16]. Subsequently, other camera systems inspired by the DVS cameras have been 
proposed, a notable camera system among them is the DAVIS camera. DAVIS pixels 
generate conventional frame-based data as well as DVS data, thus combining the 
best of both the traditional and neuromorphic cameras [29]. Recently, several works 
employing DVS cameras with neural networks have been used for a wide range of 
applications. These include hand-gesture recognition, etc. In most of these works, 
an event-based DVS camera is used alongside a conventional frame-based camera 
for decision making.
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2.1 Recent Advances and Future Works in Neuromorphic 
Sensing 

The current landscape in neuromorphic vision sensors is dominated by CMOS based 
circuits implementing DVS or DAVIS pixels. Recently, several interesting works have 
been proposed that either use emerging materials for DVS pixels or embed more com-
plex computations into neuromorphic cameras. Spike generation in response to light 
intensity change is one aspect of retinal computation. Over the past decade, retinal 
neuroscience has identified several more complex retinal computations performed 
by various layers of the retinal cells beyond the simple light-change detection aspect, 
a feature mostly related to the functioning of bipolar cells. Different cells in various 
layers of the retina work in unison to generate highly specific feature-spikes that 
encode motion, shape and other aspects of objects present in the visual scene. Some 
examples of these feature-spikes are Object Motion Sensitivity (OMS) and Loom-
ing Detection (LD) functions. OMS is the ability of the retina to identify moving 
objects in moving background, while LD is the capability of the retina to identify 
approaching threats. Integrated Retinal Functionality in Image Sensors (IRIS) [30] 
is a recent proposal to leverage 3D integration of chips to mimic various compu-
tations of retinal layers for generating feature-spikes that represent OMS and LD 
functionality of retinal circuits. These spikes differ from traditional DVS spikes in 
that they carry highly specific motion-based information as opposed to light change 
intensity detection. 2D materials have also been used for mimicking aspects of retinal 
computation in [31, 32]. These works signify that emerging materials, 3D integra-
tion and newer discoveries in retinal neuroscience are underexplored areas and can 
significantly improve the adoption as well as capabilities of neuromorphic sensors 
in the near future. 

Neuromorphic cameras represent a paradigm shift in imaging technology, offering 
unique advantages due to their high temporal resolution, very high dynamic range, 
low power consumption, and high pixel bandwidth (on the order of kHz) [33]. These 
cameras facilitate continuous, real-time processing in scenarios where traditional 
frame-based cameras fall short, enabling advancements in motion segmentation, 
recognition, neuromorphic control, space imaging, and onboard robotics. Primarily 
utilized in robotics and computer vision, the applications of event-based cameras 
range from low-level vision tasks such as feature detection and tracking to high-level 
applications including 3D reconstruction, pose estimation, real-time gaze estima-
tion [34] and Simultaneous Localization and Mapping (SLAM) [33]. Specifically, 
they have found wide use in real-time monitoring systems, autonomous driving, and 
video surveillance [35], hypersonic research applications [36], real-time autofocus-
ing for microscopic imaging [37], and space situational awareness and imaging [38].
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3 Neuromorphic Processors 

3.1 Basic Principles for Neuromorphic Processors 

An abstract view of a conventional central processing unit (CPU) is shown in Fig. 5. 
It has two distinct sub-systems, a processing unit, and a memory unit. The processing 
and the memory unit are connected through a bus that transfers data back and forth 
from the memory unit to the processing unit. A typical operation of a CPU can be 
understood as follows—based on input commands (instructions) data is loaded (load 
operation) into the processing unit from the memory unit, the processing unit then 
applies basic arithmetic functions to the data and the result is subsequently stored 
(store operation) back into the memory unit. Such load-store based operations form 
the fundamental primitives for computing in a digital system. These systems char-
acterized by two segregated units, the processing and the memory unit belong to a 
class of computer architecture called the von-Neumann architecture, named after the 
famed mathematician John von-Neumann who played a pioneering role in design of 
modern computers. A critical drawback of the von-Neumann architecture is the exis-
tence of segregated processing and memory units which leads to energy and latency 
expensive frequent transfer of data from the processing unit to the memory unit and 
vice-versa. Commonly known as the ‘von-Neumann’ or the ‘memory’ bottleneck, 
the segregated system design, limits the energy and throughput efficiency of current 
computing systems. 

Neuromorphic computing systems, on the other hand, are based on principles of 
computing employed by the biological brain. Three key principles stand out in con-
trast to the von-Neumann architecture. First, processing and storage in the brain is 
accomplished by complex networks of neurons and synapses distributed throughout 
the brain in a closely intertwined fashion. In other words, unlike today’s computing 
systems, the brain does not consist of physically segregated processing and mem-
ory units. The highly distributed and collocated processing (neurons) and memory 
(synapses) in the brain inevitably implies no (or minimal) bottleneck associated with 
transfer of data between the processing and the memory units. Thus, co-located and 
tightly connected processing and memory units are a key characteristic of neuromor-
phic hardware. As we will see later, processing-in-memory using emerging memory 
devices takes the concept of bringing processing and memory closer to each other 
to another level, wherein memory sub-systems are designed such that they can store 
data as well as perform massively parallel computing simultaneously. Second, spike-
based communication is a common characteristic across neuromorphic systems and 
has direct inspiration from the biological brain. Neurons and networks of neurons 
in the brain communicate with each other through short pulses of voltages called 
spikes, similarly, blocks of neurons with associated synapses inside a neuromorphic 
hardware communicate with each other using spikes and AER. Thus, instead of trans-
ferring floating point data between different blocks, neuromorphic systems transfer 
addresses using AER, that are cheap to transfer, leading to significant saving in data 
transfer cost. Third, similar to the brain, neuromorphic hardware exhibits a high-level
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Fig. 5 (Top) A von-Neumann computing machines with segregated processing and computing. 
(Bottom) A neuromorphic processor with tightly-intertwined computing and processing. Inspired 
from Ref. [1] 

of sparsity i.e. only a small fraction of total neurons on a hardware generate a spike at 
any given point of time. Thus, the neuromorphic system can be designed to be spike-
driven or event-driven, wherein a particular block is activated only when a spike is 
received for processing. This in turn leads to significant energy savings. In summary, 
co-located memory and processing, spike-based communication and event-driven 
sparsity are some of the key aspects of neuromorphic systems found across various 
hardware platforms. A high-level block diagram of a typical neuromorphic system 
is shown in Fig. 5. At a broad level neuromorphic systems can be divided into those 
based on CMOS technology and those that utilize emerging memory technologies. 

3.2 CMOS Based Neuromorphic Computing Hardware 

Both analog and digital CMOS hardware have been used to construct neuromorphic 
systems. In general, neuromorphic chips contain ‘blocks’ or ‘cores’ where each block 
or core consists of neurons with local memory. The cores in turn interact with each
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other using AER through Network-on-Chip (NoC). Below is a brief description of 
two well-known CMOS based neuromorphic systems. 

1. Loihi [39]: Loihi is a digital neuromorphic chip fabricated on Intel 14nm for 
accelerating spiking neural networks in silicon. It consists of several (128) neuro-
synaptic cores connected to each other through asynchronous NoC implement-
ing a mesh structure. Loihi supports mapping of various spiking neural network 
topologies including those that require dense, all-to-all connectivity as well as 
those that need only sparse connectivity between neurons. Learning in a neuro-
morphic system usually consists of updating synaptic memory. Loihi includes a 
learning engine allowing changes to synaptic state variable to implement different 
local learning rules. 

2. Neurogrid [40]: Neurogrid is a mixed-analog-digital system consisting of many 
Neurocores. Each Neurocore consists of 256. ×256 neurons along with some on-
chip memory. Neurons implemented within each Neurocore are analog in nature 
i.e. instead of implementing neuron functionality using digital Boolean gates, 
neurons in Neurocores use analog circuit design relying on intrinsic transistor 
characteristics to implement dimensionless neuron models. Specifically, the neu-
rons are implemented by operating transistors in the subthreshold regime where 
the transistor current is exponentially dependent on input voltages and helps in 
implementing the characteristic neuron functions. 16 Neurocores chips are con-
nected using a tree structure to form a Neurogrid system. 

Other notable CMOS neuromorphic systems are Spinnaker [41] and BrainScale-
2  [42]. 

3.3 Emerging Memory Based Neuromorphic Computing 
Hardware 

The sustained dimensional scaling of transistors has driven continued improvements 
in the performance of digital computing systems including on-chip memory stor-
age in accordance with Moore’s Law [43]. However, with the recent slowdown of 
Moore’s Law, alternate devices are being explored to improve the storage density 
and power efficiency of existing memory sub-systems. Non-volatile memory (NVM) 
devices have emerged as a promising class of memory devices in recent times [44]. 
In general, these non-volatile devices consist of two-terminal devices. The resistance 
of the device can be modulated between high and low resistance levels using either 
external current or voltage stimulus. Interestingly, many NVMs allow programming 
the resistance level not just between the high (max) and low (min) levels but also 
at intermediate values between the high and low level. This behavior in turn allows 
NVM to store more than one bit of data in a single device. For example, an NVM 
that can be programmed to 16 different levels stores 4-bit data. This multi-bit storage 
coupled with the small formfactor of NVM devices leads to very high-density mem-
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Fig. 6 An NVM based crossbar array capable of massively parallel MAC operations using analog 
computing 

ory storage. Some of the most widely explored NVM devices are Resistive-RAM 
(RRAM), Phase Change Memory (PCM), Magnetic-RAM (MRAM), etc. 

In general, the switching of RRAM device is due to growth of conductive filament 
between the two electrodes of the RRAM device [45]. Low resistance results when a 
filament is formed between the top and bottom electrode by application of appropriate 
voltage. In absence of such a conductive filament the RRAM device exhibits high 
resistance. By controlling the growth of the conductive filament, RRAM devices 
can exhibit multiple resistance levels and thus can store multiple bits. Based on the 
composition of the conductive filament RRAM devices can be classified in two broad 
categories—conductive bridge RAM (CBRAM) based on metal ion filaments and 
OxRAM based on oxygen vacancy filaments. 

Phase Change Memory (PCM) [46] works by altering the material property of a 
small active volume formed of phase change material embedded within two elec-
trodes. Data is stored in a PCM device by changing the active region from crystalline 
to amorphous state and vice-versa. When the device is in crystalline (amorphous) 
state, it exhibits low (high) resistance. The PCM device can be switched from crys-
talline to amorphous state and vice-versa by application of appropriate current pulses. 
The transition from amorphous to crystalline phase and vice-versa is driven by intri-
cate control of temperature of the active region. Current pulses applied to the PCM 
device generate heat allowing an electrical means to program the PCM device. Like 
RRAMs, PCM devices also exhibit multi-bit storage by appropriately controlling the 
applied current pulses.



252 A. Jaiswal et al.

MRAMs [47] belong to the family of spintronic devices. A typical MRAM device 
is composed of a Magnetic Tunnel Junction (MTJ). MTJ consists of two nano-
magnets separated by a non-magnetic oxide space. When the spin direction of two 
nano-magnets point in same direction (parallel state), the MTJ exhibits low resistance 
state, while the nano-magnets pointing in opposite directions (anti-parallel state) 
leads to high resistance state. Typically, an MTJ has only two stable states—low and 
high resistance. Unlike RRAMs and PCMs MRAMs do not exhibit multi-bit storage. 
Note, other spintronic devices like domain-wall magnets [48] can exhibit multi-bit 
storage, however, the resistance range is usually much smaller compared to RRAMs 
and PCMs. MRAMs also have higher endurance compared to RRAMs and PCM and 
is an important differentiator for MRAM technology. 

NVMs like RRAM, PCM, MRAM can be arranged in a crossbar fashion enabling 
massively parallel MAC operations. Referring to Fig. 6 input spikes are applied on 
the horizontal wires and the resultant analog MAC operation is obtained on the 
vertical wires. An NVM is stationed between each horizontal and vertical wire. 
Current flowing through each NVM performs a multiplication operation between 
its conductance value and applied input voltage (input spike) in accordance with 
Ohm’s Law. The multiplicative current flowing through all the NVM devices in the 
same column add up based on Kirchoff’s current law, resulting in addition operation. 
Thus, the output current on each column represents analog MAC operation. A neuron 
circuit, for example, an LIF neuron, can be placed on the output of each column 
thereby generating an output spike based on the analog MAC current. Note, MAC 
operation (computing) is performed in a massively parallel manner inside the memory 
devices, hence such schemes are called processing-in-memory [49] schemes and are 
currently an area of intense research investigation. Finally, processing-in-memory 
operations can also be performed using CMOS memories [50]. 

3.4 Recent Advances and Future Works in Neuromorphic 
Computing Using NVMs 

Recent works in neuromorphic computing using NVMs can be categorized into three 
distinct efforts [51]. On the device side, high precision NVM devices that can store 
several different levels of resistive values are being actively explored. On the circuits 
and system level larger arrays and holistic systems are being build using NVM based 
neuromorphic platforms. Finally, algorithm-hardware co-design, wherein hardware 
non-ideal behavior can be mitigated through algorithmic innovations are taking center 
stage in processing-in-memory based neuromorphic systems.
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4 Summary 

This chapter presented an overview of neuromorphic hardware from sensors to pro-
cessors, identifying basic underlying principles and specific approaches that have 
been used by the research community in realizing those principles. The chapter dis-
cusses spikes based computations and spike based communications as key distinctive 
features of neuromorphic systems. 

References 

1. Roy K, Jaiswal A, Panda P (2019) Towards spike-based machine intelligence with neuromor-
phic computing. Nature 575(7784):607–617 

2. Von Neumann J, Kurzweil R (2012) The computer and the brain. Yale university Press 
3. Jaiswal A, Roy S, Srinivasan G, Roy K (2017) Proposal for a leaky-integrate-fire spiking 

neuron based on magnetoelectric switching of ferromagnets. IEEE Trans Electron Devices 
64(4):1818–1824 

4. Lichtsteiner P, Posch C, Delbruck T (2006) A 128 x 128 120db 30mw asynchronous vision 
sensor that responds to relative intensity change. In: 2006 IEEE international solid-state circuits 
conference-digest of technical papers, pp 2060–2069, IEEE 

5. Son B, Suh Y, Kim S, Jung H, Kim J-S, Shin C, Park K, Lee K, Park J, Woo J, et al. (2017) 4.1 a 
640. × 480 dynamic vision sensor with a 9. µm pixel and 300meps address-event representation. 
In: 2017 IEEE International Solid-State Circuits Conference (ISSCC), pp 66–67, IEEE 

6. Akopyan F, Sawada J, Cassidy A, Alvarez-Icaza R, Arthur J, Merolla P, Imam N, Nakamura 
Y, Datta P, Nam G-J et al (2015) Truenorth: Design and tool flow of a 65 mw 1 million 
neuron programmable neurosynaptic chip. IEEE Trans Comput Aided Des Integr Circuits Syst 
34(10):1537–1557 

7. Lazzaro J, Wawrzynek J, Mahowald M, Sivilotti M, Gillespie D (1992) Silicon auditory pro-
cessors as computer peripherals. Advances in Neural Information Processing Systems, vol 
5 

8. Boahen KA (2000) Point-to-point connectivity between neuromorphic chips using address 
events. IEEE Trans Circuits Syst II Analog Digital Signal Proc 47(5):416–434 

9. Boahen KA (2004) A burst-mode word-serial address-event link-i: transmitter design. IEEE 
Trans Circuits Syst I Regul Pap 51(7):1269–1280 

10. Boahen KA (2004) A burst-mode word-serial address-event link-ii: receiver design. IEEE Trans 
Circuits Syst I Regul Pap 51(7):1281–1291 

11. Lin J, Boahen K (2009) A delay-insensitive address-event link. In: 2009 15th IEEE symposium 
on asynchronous circuits and systems, pp 55–62, IEEE 

12. Mead CA (1987) Neural hardware for vision. Eng Sci 50(5):2–7 
13. Mead C (1990) Neuromorphic electronic systems. Proc IEEE 78(10):1629–1636 
14. Koickal TJ, Hamilton A, Tan SL, Covington JA, Gardner JW, Pearce TC (2007) Analog vlsi 

circuit implementation of an adaptive neuromorphic olfaction chip. IEEE Trans Circuits Syst 
I Regul Pap 54(1):60 

15. Mead CA, Mahowald MA (1988) A silicon model of early visual processing. Neural Netw 
1(1):91–97 

16. Leñero-Bardallo JA, Serrano-Gotarredona T, Linares-Barranco B (2011) A 3.6us latency 
asynchronous frame-free event-driven dynamic-vision-sensor. IEEE J Solid-State Circuits 
46(6):1443–1455 

17. Delbruck T et al (2008) Frame-free dynamic digital vision. In: Proceedings of international 
symposium on secure-life electronics. Advanced electronics for quality life and society, vol 1, 
pp 21–26, Citeseer 



254 A. Jaiswal et al. 

18. Hu X, Khanzada S, Klütsch D, Calegari F, Amin H (2022) Implementation of biohybrid olfac-
tory bulb on a high-density cmos-chip to reveal large-scale spatiotemporal circuit information. 
Biosens Bioelectron 198:113834 

19. Datta-Chaudhuri T, Araneda RC, Abshire P, Smela E (2016) Olfaction on a chip. Sens Actuators, 
B Chem 235:74–78 

20. Koickal TJ, Hamilton A, Pearce TC, Tan S-L, Covington JA, Gardner JW (2006) Analog vlsi 
design of an adaptive neuromorphic chip for olfactory systems. In: 2006 IEEE international 
symposium on circuits and systems, pp 4–pp, IEEE 

21. Abou Khalil A, Valle M, Chible H, Bartolozzi C (2018) Cmos event-driven tactile sensor 
circuit. Integration 63:315–322 

22. Rahiminejad E, Parvizi-Fard A, Iskarous MM, Thakor NV, Amiri M (2021) A biomimetic 
circuit for electronic skin with application in hand prosthesis. IEEE Trans Neural Syst Rehabil 
Eng 29:2333–2344 

23. Liu F, Deswal S, Christou A, Sandamirskaya Y, Kaboli M, Dahiya R (2022) Neuro-inspired 
electronic skin for robots. Sci Robot 7(67):eabl7344 
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Towards Intelligent Active Particles 

Hartmut Löwen and Benno Liebchen 

Abstract In this book chapter we describe recent applications of artificial intelli-
gence and in particular machine learning to active matter systems. Active matter is 
composed of agents, or particles, that are capable of propelling themselves. While 
biological agents like bacteria, fish or birds naturally possess a certain degree of 
“intelligence”, synthetic active particles like colloidal microswimmers and electronic 
robots can be equipped with different levels of artificial intelligence, either internally 
(as for robots) or via a dynamic external control system. This book chapter briefly 
discusses existing approaches to make synthetic particles increasingly “intelligent” 
and then focuses on the usage of machine learning to approach navigation and com-
munication problems of active particles. Basic questions are how to steer a single 
active agent through a complex environment to reach or discover a target in an opti-
mal way and how active particles need to cooperate to efficiently collect a distribution 
of targets (e.g. nutrients or toxins) from their complex environment. 

1 Introduction 

The past few years have seen a tremendous development in combing active matter [1] 
with artificial intelligence (AI) [2]. Active matter typically comprises agents (or ‘par-
ticles”) like bacteria, algae, vibrated granulates or synthetic colloidal microswimmers 
that convert energy from their environment into directed mechanical motion [3, 4]. 
These agents are out of equilibrium, in qualitative difference to passive particles. 
Since more than two decades [5] it is possible to create synthetic active particles 
in the colloidal regime, i.e. at the micron- or the nano-scale, where they are typi-
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cally embedded in a surrounding liquid [3], or sometimes in a complex plasma [6]. 
Activity then implies that the particles are actively moving (self-propelling) relative 
to the surrounding medium and are, unlike passive particles, not just advected by it. 
Accordingly, colloidal active particles are also viewed as micro- and nano-motors 
that do not require any movable parts and that can transport cargo at much smaller 
scales than conventional motors. They are also frequently discussed for their potential 
to perform useful tasks in the future such as delivering drugs to cancer cells, perform-
ing microsurgery, and collecting microplastics. However, this would either require 
to externally steer each individual particle in a suitable way, which is not easy if they 
are for example deep inside the human body, or to equip the particles with some 
degree of artificial intelligence that allows them to navigate autonomously. To date it 
remains as a persistent experimental challenge to directly integrate the required hard-
ware for artifical intelligence into active colloidal particles [7, 8] which are far too 
small to equip them with sensors, actuators and information processing units. Thus, 
other, simpler, approaches are required, some of which we discuss in the following. 

Figure 1 shows particles of increasing complexity that are equipped with seven 
different levels of sophistication or “intelligence”. Here the individual levels can be 
viewed as steps between an ordinary particle without any intelligence and a com-
plete sensor-processor-actuator system that can perceive information and can perform 
computations to determine actions that are executed by the actuator. Concretely, panel 
(a) represents a passive particle with no “intelligence” at all. This particle is randomly 
kicked by a Newtonian solvent (such as water) leading to Brownian motion. Such 
particles are the subject of traditional colloid science which has started more than 100 
years ago with famous contributions from Einstein, Perrin, Derjaguin, Landau, Ver-
wey and Overbeek and has been brought to maturity by using almost monodisperse 
suspensions even at high particle density as ideal classical model systems for equilib-
rium phase transitions [9]. In (b) the particle is susceptible to an external field and can 
be steered by suitable variations of the field in space and time. Possible fields are an 
external solvent flow field, a laser-optical field (leading to optical laser-tweezers), an 
electric or a magnetic field [10]. Here, the particle itself also has no intelligence at all, 
but the setup allows a human controller to use her/his intelligence to steer the particle 
in a desired way. This can be done based on quick feedback effects (e.g. using optical 
tweezers) such that the particle motion can be changed at each point in time almost 
at wish. The next level, (c), is an active colloidal particle which has internal degrees 
of freedom and which can self-propel, i.e. it is self-actuated. Such active colloids 
are also called microswimmers and they are the elementary building blocks of active 
soft matter. The trajectory of a microswimmer typically has an initial ballistic part 
(apart from Brownian motion at very short times) which crosses over to long-time 
Brownian motion albeit with a so-called active diffusion coefficient which typically 
is orders of magnitude larger than the diffusion coefficient of passive colloids [3]. 
The intelligence of such microswimmers is rather primitive; it is embodied in the 
internal motor of the particles which reacts to environmental changes. For instance, 
it is now well known that active colloids which catalyze a certain chemical reaction
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. Fig. 1 Schematic illustration of micron-sized colloidal particles (grey) in a fluid solvent (blue 
background) with different levels of sophistication or “intelligence” (increasing from top to bottom). 
Typical trajectories are shown in red color: a Passive particle with no “intelligence” at all; the 
particle is randomly kicked by the solvent leading to Brownian motion. b Particle susceptible to an 
external field (flow, optical electric, magnetic etc.) indicated by the black arrows such that it can 
be steered by an “intelligent” external controller at wish. c Active particles with an inner motor 
(actuator) leading to self-propulsion (black arrow). These colloidal “microswimmers” can move 
in a way that depends on their local environment. This essentially equips them with the ability to 
sense and react to their environment in a primitive way (e.g. via synthetic taxis). d Particles in a 
non-Newtonian (viscoelastic) medium (indicated by blue polymer coils) exhibit additional memory 
effects which are induced externally by the background. These particles react also to the history 
of their environment. e Particles equipped with an internal sensor, that allows them e.g. to see and 
react to other particles within a certain vision cone or to “smell” and react in a sophisticated way to 
chemical cues. f Particle equipped with a sensor (as indicated by a schematic eye) and an internal 
memory storage (as indicated by a schematic memory chip) allowing it to react to its environment 
in a way that depends on present and past sensation (experience). g Particle that is equipped with a 
full sensor-processor-actor system, where the processor serves as a “brain” that can compute and 
autonomously make decisions on how to move 

on part of their surface only and use a self-created concentration gradient to achieve 
self-propulsion also react to external concentration gradients. Effectively, this reac-
tion is similar to the reaction of chemotactic bacteria to nutrient or toxin gradients 
(albeit based on a very different mechanism) [ 11]. In this sense, active colloids are 
self-actuated agents that can sense and react to their environment. The situation can 
be made more complex (see (d)) when dispersing the particle into a non-Newtonian 
solvent (such as a polymer solution). Then the solvent background exhibits memory 
effects which leads to a non-Markovian dynamics. In some sense, compared to case 
(c), the “intelligence” of the system has increased as it now remembers the past (via 
its environment) and its dynamics is influenced by its history (or memory). In panel 
(e) the particle is equipped with a sensor that is directly coupled to the self-propulsion 
mechanism such that the particle reacts to its environment. That is the particle mea-
sures an external stimulus and transforms it instantaneously into motion. In contrast 
to case (c) where the particle also reacts to its environment, in (e) the sensation can 
be more general and can for example involve a certain vision cone [12]. If this is 
augmented with an internal memory storing past sensations (panel f), the particle 
is more “intelligent” in the sense that it can not only react to its environment in a 
way that depends on its present sensory input but that can also depend on the past, 
i.e. on the particle’s experience. Finally, panel (g) shows an active particle that is 
equipped with a sensor and a processor that serves as an internal brain. Such a parti-
cle represents a full actuator-sensor-processor system. Such systems can be realized 
in the form of programmable electronic robots at centimeter if not millimeter sizes, 
but not yet at the microscale. However, while we are not yet able to synthetically 
create intelligent micro-devices with the properties indicated in panel (g), nature has 
already realized them in the form of bacteria and other microorganisms. 

While we are far away from being able to synthetically realize a fully intelli-
gent micro- or nanoparticle (level (g)), AI has been applied in the situations (b)–(e)
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in various ways. In particular when using external fields lead to actuate motion of 
particles and a feedback control system [12–15] “intelligent” behavior can be imple-
mented. Here, the learning process takes place externally in a computer (or some 
other machine or human). Accordingly, one focus of current studies is to steer parti-
cles (actuated or/and self-propelled) with external fields that are dynamically adapted 
to the motion and environment of the particle. Alternatively, one can also use small 
robots as active particles [16]. Then the learning process takes place internally. In 
both cases AI can be applied either to solve learning problems for an individual 
swimmer or for an ensemble of active agents. Problems for an individual swimmer 
can concern e.g. the problem to find the optimal route to a food source (e.g. the fastest 
path) that is located within a complex environment or to find the optimal body-shape 
deformations of a deformable swimmer to optimize the self-propulsion speed. Here, 
challenges in determining e.g. optimal navigation or swimming strategies arise from 
the smallness of the swimmers. This is because microswimmers are subject to signif-
icant fluctuations due to Brownian motion, errors and delays in the steering protocol, 
changes and fluctuation in the environment; hence they cannot accurately predict the 
outcome of their navigational maneuvers and this hast to be taken into account for 
real applications. The second problem concerns interacting active particles that can 
in general communicate with each other e.g. via self-induced gradients in a phoretic 
field (e.g. a chemical concentration field, temperature or electric potential) or via 
light sources and sensors [16]. Here, artifical intelligence can be used for example 
to optimize the communication rules among the agents as we exemplarily discuss 
further below. In the future, AI could be also used to optimize communication rules 
to make the agents cooperate to collectively perform a certain task. For macroscopic 
robots this has been established to a certain extent, but if we have an army of agents 
at the micrometer level (as required e.g. for a drug delivery task in our human body 
[17–19]) this is getting enormously difficult due to fluctuations and hydrodynamic 
interactions. In the real living world of biological microswimmers, there are many 
examples of such concerted collective behavior (that is typically evolutionarily opti-
mized). Examples are sperm cells which sense gradients in the concentration of the 
chemicals emitted by the egg and phagocytes hunting pathogenic bacteria [20, 21]. 
In contrast, while synthetic microswimmers can also sense and react to their envi-
ronment, even via self-produced chemical signals [11, 22], they do not yet cooperate 
in a way that optimizes their collective behavior to perform useful tasks. 

In this book chapter we shall focus on applications of AI on microswimmers, 
both single and collective. We first focus on reinforcement learning techniques to 
guide and steer single microswimmers in a complex environment. Then we discuss 
predator-prey systems and many-body problems which feature applications of AI 
for communicating agents. Here we emphasize recent applications and do not aim to 
be exhaustive. Instead, for more exhaustive discussions of applications of artificial 
intelligence to active matter we would like to guide the reader to the articles [7, 8] 
and to the bookchapter by G. Volpe, and the one by J. Jeggle and R. Wittkowski. For 
an introduction to reinforcement learning see the bookchapter by M. Schilling.
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2 Artificial Intelligence Applied to a Single Microswimmer 

An agent that has the ability to mechanically move its limbs can use different strate-
gies to achieve self-propulsion. A necessary condition to achieve a net propulsion at 
low Reynolds numbers is to break time-reversal symmetry of the mechanical motion 
pattern. This was exemplified in different model swimmers such as the three-linked-
sphere microswimmer of Najafi and Golestanian [23] where three aligned linked 
spheres move relatively to each other. Another example is the push-me-pull-you 
swimmer that requires only two spheres that additionally change their size [24]. 
Such model swimmers have been generalized towards circular swimming [25] and 
have also been studied in confinement [26]. The three-linked microswimmer can 
use different locomotoric gaits (different shape-deformation patterns), obtained via 
reinforcement learning, e.g. to optimize self-propulsion speed or to steer (navigate) 
in a desired way as recently demonstrated in [27–30]. A similar idea can also be 
applied to mechanical rotations of the swimmer [31]. A second type of problem for 
which reinforcement learning plays a key role is to learn optimal strategies to find a 
target of unknown position by chemotaxis such as e.g. a static food source [32, 33]. 
Here, an internal learning scheme with a genetic algorithm which leads to success-
fully finding the target was proposed in [34, 35]. A third typical problem for a single 
microswimmer that can freely control its self-propulsion direction but not its speed 
is to find the fastest path from a prescribed starting point A to another prescribed 
target point B, i.e. the connecting path that leads to the shortest traveling time. Some 
simple cases can be solved analytically [36, 37] but for more complex environments 
reinforcement learning techniques [38] have been applied to find the optimal path, 
see e.g. [39–47]. Some works have used tabular Q-learning, for self-thermophoretic 
active particles [48], or for learning to navigate optimally inside a Mexican hat poten-
tial [49]. Other works have used actor-critic methods [41] and also reinforcement 
learning combined with neural networks [47, 50]. In particular, in Ref. [47]  a  rein-
forcement learning-based method has been developed to determine asymptotically 
optimal trajectories which has shown that it is possible to systematically learn the 
result of an optimal control problem without having to do an explicit calculation. 
As an example of such optimal navigation problems we now consider an active par-
ticle in a prescribed motility landscape, that is in a spatially varying external field 
that controls the self-propulsion speed of the particle. (Such motility patterns can be 
created e.g. for light-driven microswimmers in light-intensity patterns [51].) Sup-
pose that a particle in such a motility pattern can freely choose its self-propulsion 
direction, but not its speed and let us ask for the fastest route that connects a given 
starting point and a target point [52]. Using reinforcement learning and training the 
agent in different motility landscapes allows one to find a navigation strategy that 
leads to trajectories that closely approximate the exact optimal path, although there 
is typically no guarantee that the resulting path is really optimal in all cases [52]. 
In particular, there is the risk that the reinforcement learning approach converges to 
some local optimum rather to the global one, which can be largely avoided by using 
a suitable on-policy approach [47]. Exemplaric results are shown in Fig. 2 where the 
learned trajectory gets closer and closer to the optimal one as training proceeds.
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Fig. 2 Three typical trajectories (orange solid lines) in three different motility fields.μ(r) over the 
course of the training procedure of a Q-learning active Brownian particle. The particle’s objective 
is to cross the box of lateral sizes .Lx and .Ly from bottom to top as fast as possible. The motility 
fields are generated with the help of modified isotropic Gaussian random waves. The probabilities 
. to perform random actions are a . =  1.0,  b . ≈ 0.58, c . ≈ 0. The red dashed lines highlight the 
optimal trajectories obtained with Dijkstra’s algorithm [53]. Motility fields are generated as modified 
isotropic Gaussian random waves. In the horizontal direction reflecting boundary conditions are 
employed. From Ref. [52]. Licensed under the terms of Creative Commons CC BY 4.0 

3 Artificial Intelligence Applied to Predator-Prey-Like 
Systems 

A somewhat more complex problem occurs if the active particles does not simply 
navigate towards a stationary target but if the target moves, either randomly or by 
reacting to the active particle. The latter situation resembles a predator-prey problem 
where the predator hunts the prey and where the prey tries to escape from the preda-
tor. Such problems are very common in nature at the macroscale, but there are also 
popular examples at the microscale such as, e.g. a macrophage chasing a pathogenic 
bacteria. Recently, such predator-prey-like systems have also been artificially real-
ized in the context of micron-sized particles, see e.g. [54]. (Corresponding models 
mainly for chemotactic coupling have been explored theoretically [55–57].) It is 
interesting to consider a situation where both the predator and the prey are trained in 
a reinforcement learning framework and learn by self-play. This has been considered 
recently for simple lattice models [58] relevant for ecology. Recently, Ref. [59] has 
used reinforcement learning also to explore a predator-prey problem at the colloidal 
scale. In this study a single predator is surrounded by a gas of prey particles and 
the prey learns to escape the predator. Different sensing situations are discussed in 
this work, leading to different strategies. This model can be extended to a group of 
predators exploring group chasing strategies which have been considered in the con-
text of active particles [60]. In Ref. [43] an interesting application has been proposed 
where a swarm of predators is trained to find a passive but Brownian cargo particle 
(“prey”) in a maze-like environment. Also the control of particle groups by chasers or 
controllers (shep-dog in the macroscopic world) [61] are interesting problems where 
learning strategies will be fruitful.
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4 Artificial Intelligence Applied to Groups of Active 
Particles 

We now turn to situations involving a group of particles which are communicating 
with each other [62, 63] and where the group as a whole can learn strategies for 
different purposes [64]. In particular, collective learning techniques have been applied 
to active particles for instance to make them learn to swarm and flock [65], to cluster 
[66] and to rotate a rigid rod [67]. Moreover, in groups of fish, optimal swimming 
patterns in a complex flow field that is collectively generated by the members of the 
group themselves can also be learned based on deep reinforcement learning [68]. In 
this case the impact of fluid vortices is key to understand the collective behavior. 

Let us now discuss a specific example where a group of communicating agents 
learns to cooperate in a way that enhances their nutrient consumption [69]. Con-
cretely, we consider a group of active agents each of which can sense the local 
food gradient (typical for chemotactic microorganisms) and consumes nutrients (or 
remove toxins) at a certain rate in the vicinity of its momentaneous position. The 
different agents communicate via chemical signaling (quorum sensing); that is each 
agents emits certain chemicals which spread out by diffusion and other agents can 
sense (measure) the gradient in the chemical concentration (Fig. 3). That is, overall, 
each agent can either greedily follow the nutrient concentration gradient which bears 
the risk of ending up in some small local concentration maximum, or it can try to find 
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Fig. 3 Left: Schematic illustration of active agents (red dots) that move in a nutrient concentra-
tion field (background color indicates nutrient concentration) and communicate with each other to 
coordinate their motion. The agents communicate by producing quorum sensing molecules (white 
circles illustrate iso-concentration lines of the signaling molecules due to each agent). Right: Each 
particle feeds the nutrient concentration at its current position into a neural network. The network 
helps predicting coupling coefficients. β and. α that determine to which extent agents greedily move 
up nutrient concentration gradients .∇c and to which extent they follow the concentration gradient 
of the signaling molecules.∇ρ, respectively. From Ref. [69]. Licensed under the terms of Creative 
Commons CC BY 4.0
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Fig. 4 Illustration of the collectively learned motion patterns. a clustering strategy: all agents 
behave cooperatively and swarm together. b adaptive strategy: the agents either follow others or 
avoid them depending on the local nutrient concentration. c spreading strategy: the agents avoid 
each other and spread out over the entire domain. From Ref. [69]. Licensed under the terms of 
Creative Commons CC BY 4.0 

a suitable compromise between following the food concentration gradient and the 
gradient of signaling molecules. The latter allows the agents for example to benefit 
from other agents that have already found regions of higher nutrient concentration. 
The key question is then: what is the optimal compromise? To find a suitable compro-
mise, one can use reinforcement learning combined with neural networks. This leads 
to three qualitatively different motion patterns of the agents [69], which are shown 
in Fig. 4. Panel (a) shows a scenario where the particles cluster in a region of high 
nutrient concentration. In panel (b) particles behave adaptively; they move towards 
locations of high particle density when they are in regions of low food concentration 
and they tend to avoid others when they are in regions of high food concentration. 
Panel (c) show a case where particles move away from each other and spread over 
the full system. Figure 5 shows a state diagram where one can see which of these 
three strategies leads to a higher average nutrient consumption depending on the 
consumption rate of the agents and the agent density (in suitably reduced units). This 
example shows that machine learning can be used to coordinate and direct collective 
behavior in a way that allows a group of agents to approach a common goal. 

5 Further Applications 

There are many other applications of machine learning to active matter physics. For 
brevity we only sketch a few of them here. For instance, machine learning is currently 
used to identify phase transitions in active matter, which is a challenging problem 
even in relatively simple active matter systems due to the strong fluctuations in these 
systems. However, recent works have exemplified the possibility to identify phase 
transitions across a wide range of physical systems, based on various machine learn-
ing techniques hinging on supervised learning [71], unsupervised learning [72, 73] 
or combinations thereof [74]. Very recently, such (or similar) ideas have been applied
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Fig. 5 State diagram of learned nutrient collection strategies. The active agents employ different 
strategies depending on the reduced agent density.Nl20/L

2 and the reduced nutrient consumption rate 
.k0t0/ l20 . Clustering strategy (blue dots): the agents behave cooperatively and aggregate; adaptive 
strategy (green dots): the agents either approach others or avoid them, depending on the local 
nutrient concentration; spreading strategy (red dots): the agents avoid each other at all nutrient 
concentrations. See [69] for details Licensed under the terms of Creative Commons CC BY 4.0 

to classify active matter [75, 76]. In particular, to achieve this, Ref. [75] has applied 
machine learning techniques to determine in which phase an active test particle is 
based on the particles in the vicinity of that particle. This has been discussed in the 
context of motility-induced phase separation of active particles. A different applica-
tion of machine learning techniques to analyze phase diagrams has been reported in 
Ref. [77] where learning techniques have been used to identify different sources for 
bacterial swarming based on experimental and simulation data [77]. For this com-
plex system, the full space-time phase diagram of bacterial swarm expansion was 
analyzed and classified by machine learning techniques. 

Another popular and highly relevant application of machine learning methods to 
active matter concerns the learning of governing equations describing active mat-
ter [70, 78]. Such methods use data (e.g. particle trajectories) from experiments 
or stochastic particle based simulations to predict governing equations describ-
ing the system at coarse grained scales. The enormous potential of such data-
driven approaches has already been demonstrated in recent works that exploit 
techniques like symbolic regression, autoencoder networks, and sparse regres-
sion [70, 79–81]. Exemplaric applications to active matter have recently been pro-
posed in Refs. [70, 78]. Such methods are highly useful to find new phenomenologi-
cal hydrodynamic descriptions of fluctuating active matter and beyond. See Fig. 6 for
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Fig. 6 Illustration of the learning approach in Ref. [70]. a Inputs are trajectories, e.g. of particle 
positions .xi (t) and orientation angles .θi (t), .i = 1, 2, ..., N , from experiments or particle based 
simulations. b Continuous hydrodynamic fields, such as density .ρ(x, t) and polarization . p(x, t)
are obtained via spatial kernel coarse-graining of the discrete microscopic variables. c The coarse-
grained fields are sampled on a grid and projected onto spectral basis functions. Then, spectral 
filtering is used to smoothen the fields before calculating derivatives. d From these derivatives 
a library of candidate terms is constructed (consistent with prior knowledge about conservation 
laws and symmetries) and a sparse regression algorithm is used to determine phenomenological 
coefficients to obtain a sparse hydrodynamic model. From Ref. [70]. Licensed under the terms of 
Creative Commons CC BY-NC-ND 4.0 

a very recent example. Here not the strategies of the many-body system are learned 
but the underlying governing equations. 

6 Conclusions and Outlook 

In conclusion, micron-sized active particles can be equipped with different levels 
of “intelligence”. In particular it is now possible to dynamically control them with 
external feedback control systems which can be combined with suitable machine 
learning approaches. This results in “smart” active particles that can sense and react 
to their environment, communicate with each other and learn from past experience 
(although the actual learning process takes place in a computer). However, as these 
particles depend on their external control system and on the external learning platform 
they do not yet reach the autonomy of biological active particles like bacteria or 
other microorganisms. In fact, equipping synthetic agents with sensors, actuators and 
processors to make them smart and autonomous remains as a persistent challenge 
at the micro-scale. (At the macroscale such an approach leads to electronic robots, 
which are many orders of magnitude larger than active colloidal particles.)
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Today we are much closer to the vision of emergent intelligence formulated by 
Hillis more than 30 years ago [82]. Overall a flourishing future for applications of 
artificial intelligence to active particles is lying ahead. While most of the current work 
is theoretical or based on simulations, the experimental realization of autonomous 
and intelligent micron-sized particles remains highly challenging. 
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Intelligent Matter Consisting of Active 
Particles 

Julian Jeggle and Raphael Wittkowski 

Abstract In this book chapter, we review how systems of simple motile agents can 
be used as a pathway to intelligent systems. It is a well known result from nature that 
large groups of entities following simple rules, such as swarms of animals, can give 
rise to much more complex collective behavior in a display of emergence.  This  begs  
the question whether we can emulate this behavior in synthetic matter and drive it 
to a point where the collective behavior reaches the complexity level of intelligent 
systems. Here, we will use a formalized notion of “intelligent matter” and compare 
it to recent results in the field of active matter. First, we will explore the approach 
of emergent computing in which specialized active matter systems are designed to 
directly solve a given task through emergent behavior. This we will then contrast with 
the approach of physical reservoir computing powered by the dynamics of active 
particle systems. In this context, we will also describe a novel reservoir computing 
scheme for active particles driven ultrasonically or via light refraction.

1 Introduction 

The term “intelligence” is typically attributed to biological entities as an extreme 
form of emergent behavior as the (relatively) simple biochemical and biophysical 
interactions between neurons give rise to dramatically more complex psychological 
phenomena. Many approaches of artificial intelligence thus try to create synthetic 
analogs of these biological structures. An example are artificial neural networks 
which derive from a strongly simplified view on neuron activity [1]. However, we 
can also find a form of intelligence in other systems with emergent behavior such 
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as swarms of bacteria [2], schools of fish [3], or even groups of humans [4]. These 
systems exhibit collective behavior that transcends the capabilities of each individual 
and allows the system as a whole to adapt to its environment in an intelligent manner 
(e.g., to avoid a perceived threat). The observation of this “swarm intelligence” in 
natural systems is an inspiration for an alternative path to artificial intelligence based 
on systems of synthetic motile agents or, as it is more commonly known as, synthetic 
active matter [5]. 

As an inherently nonequilibrium system, active matter exhibits a wide range of 
collective effects not found in nonactive (i.e., passive) materials. Examples include 
motility-induced phase separation [6, 7], swarming [8], or self-assembly into com-
plex structures [9]. It is the persistent energy flux caused by the energy dissipation 
of the active agents that permits these advanced behavior patterns in the first place. 
This correlates well with the aim to produce intelligent materials as such an energy 
flux is indeed necessary for adaptive (and ultimately intelligent) materials [10] and 
has inspired much work into bringing about artificial intelligence on the platform of 
active matter. 

In this chapter, we will give an overview of recent advances in this topic. How-
ever, given the large size of the active matter community we will limit ourselves to 
active matter systems on the microscale where the individual agents do not possess 
any intelligence themselves nor are they controlled by an external (artificial) intelli-
gence. In other words, we restrict ourselves to systems where intelligence emerges 
as a purely collective phenomenon. This is justified as current manufacturing capa-
bilities severely limit the complexity of micro- and nanoparticles while systems with 
larger agents (e.g., robotic swarms) suffer from obvious scaling problems. It must be 
stressed that this is not a principal limitation, however, as is clearly demonstrated by 
the remarkable complexity of microorganisms found in nature. Readers interested in 
the application of machine learning on active matter systems are best referred to the 
chapter of Löwen and Liebchen as well as the chapter by Volpe in this book. 

Before diving into the concrete approaches of this field, it is well advised to first 
establish a common understanding of what the defining properties of an intelligent 
system are. In this chapter, we will use the definition proposed by Kaspar et al. in 
Ref. [11]. There, it is argued that four key functionalities are required1 for a class 
of materials to be capable of “intelligence”, which is here understood as the ability 
of a system to adapt to and learn from its environment. It should be noted that this 
definition is not limited to material systems comprised of individual agents as is the 
case for active particle systems, but can also be applied to materials with tighter 
integration such as molecular systems (e.g., reaction networks [12]). In multiagent 
systems, the functional requirements described in the following only need to be 
realized by the material as a whole and not necessarily by each individual agent. 

First, there needs to be a sensing component that allows the system to both receive 
information about its environment and harvest energy for its internal workings. Sec-

1 It should be noted that the presence of these components does not immediately prove that the 
system is intelligent. Such a proof typically requires the system to actually solve a complex task 
that requires adaptivity and learning. 
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Fig. 1 Overview of the four components of intelligent matter as defined by Ref. [11]  and  their  
interaction with the environment of the system. The dashed blue outline indicates the boundary 
of the material system. The black lines denote signal pathways along which information is passed 
along. They can allow either directional, one-way information flow (direction indicated by an arrow 
head) or bidirectional, two-way information flow (no arrow heads). The sensor component serves 
as an information input to the system while the actuating component allows information output. 
The network component allows for information exchange within the material itself between the 
other three components. It should be noted that the information pathways inside the material are 
not directional as internal feedback between components is possible

ondly, there needs to be an actuation component that changes the material prop-
erties2 and thus effectively providing information output to the environment. The 
third required component must be capable of information storage, i.e., memory, thus 
allowing the system to keep track of previous information and enabling learning. 
Finally, the fourth component is the information network that connects the previous 
three components. For learning, it is necessary that this information network also 
permits feedback, i.e., the actuation result of the system must also be available as 
an information input. A schematic overview of these components is shown in Fig. 1. 
Besides intelligent matter, Kaspar et al. also formalize the terms responsive matter 
as matter that has only the sensing and actuation components as well as adaptive 
matter as a matter system that has sensing, actuation, and network components. 

When it comes to designing active matter systems with the aim of producing 
an intelligent material, there are two major routes that are being investigated at 
the moment. The first route is to design the active matter system directly such that 
its behavior solves a given task. To make this feasible, extensive insight into the 
dynamics of the specific active system in question is required as the connection 
between the properties of the active agents and the collective behavior is hard to

2 Typically, a change in the behavior on the microscopic level will also lead to a different physical 
behavior of the system as a whole. 
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predict in general. The second route is to use the active matter system as the basis for 
a (physical) reservoir computing approach, which is an established computational 
archetype in machine learning. In this approach, the active matter system does not 
solve the task at hand directly, but rather serves as strongly nonlinear dynamical 
system that maps low-dimensional input signals to a high-dimensional space of 
internal states. This high-dimensional state can then be further processed by, e.g., 
linear classification to achieve complex tasks. 

In this book chapter, we will first discuss existing advances and design frameworks 
for active particle systems solving concrete tasks and discuss the principal challenges 
of this approach that still remain. Next, we will discuss the reservoir computing 
approach for active particle systems and review successful implementations of this 
kind. Following this, we will discuss the potential of optically and acoustically driven 
particles in the context of reservoir computing. Finally, we will summarize the state 
of the field and give an outlook to future developments. 

2 Emergent Computing with Active Particles 

Designing active particles to solve a specific task can be seen as a special case of 
emergent computing, i.e., a decentralized computational paradigm of locally inter-
acting agents giving rise to more abstract global behavior that can be interpreted 
as computation. Most results in this field use specialized cellular automata as the 
theoretical backbone of designing systems for specific tasks [13, 14]. While these 
automata are typically designed to emulate the motion of active agents (see, e.g., 
Refs. [15, 16]), it is not immediately clear how they can be translated to the continu-
ous particle models typically analyzed in the field of active matter. One can also look 
at the problem from the other side and start with a typical active particle models such 
as the Vicsek model [17] and then attempt to tune the model parameters to achieve a 
formulated goal. However, for more complex models, such as those with spatiotem-
poral variations in agent activity, the dimensionality of the parameter space becomes 
large enough that advanced techniques for multidimensional optimization must be 
employed as brute-force approaches fail. In Ref. [18], Falk et al. demonstrate that 
machine learning techniques such as reinforcement learning can be used effectively 
to explore such a high-dimensional space of parameters and gain physical insights. 

With regard to the four functional components of intelligent matter, the sensing 
and actuation components come naturally with the paradigm of active particles as 
they utilize (and therefore sense) energy fluxes in their environment and disturb the 
environment through their actuation, e.g., by inducing flows in the medium or by 
pushing objects in the environment. Additionally, there are typically strong interac-
tions between active particles (e.g., if two particles collide with opposing directions) 
which enables signal propagation within the active particle system, e.g., in the form 
of acoustic waves [19]. However, the implementation of a memory component in 
active particle systems is more difficult. Embedding per-particle artificial memory 
within microparticles transcends current (mass-)manufacturing technology, so other
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methods of realizing memory have to be found. One solution is to exploit the inertia 
of each particle to store information about its past states. It was found that including 
inertia into consideration of active matter strongly influences the possible collective 
phases [20, 21], allows for properties not seen in overdamped active matter such 
as different modes of sound propagation [19] or a classical analogue of the tunnel 
effect [22], and even helps explain the motion patterns observed in motile microor-
ganisms [23]. While using inertial memory is convenient, it is as of yet unclear if 
it is sufficient for the requirements of constructing intelligent matter systems. An 
alternative approach for collective memory storage is presented by Couzin et al. in 
Ref. [24]. Here, the authors describe how information can be stored on the group-
level by exploiting hysteresis effects in the transition between collective dynamical 
states. 

To the best of our knowledge, there is as of yet no demonstration of an intelligent 
system of active particles as current implementations have not yet shown the ability 
for autonomous learning, i.e., they rely on external training to solving a specific task. 
However, there are numerous promising results for active particle systems showing 
adaptivity. In the interest of brevity we only give some examples here and refer to 
the review of Li et al. in Ref. [25] for a more exhaustive overview of colloidal self-
assembly. For one, there are efforts to use magnetic nanoparticles as the building 
blocks of adaptive microswarms. An impressive result for this kind of system is 
given  by  Yu  et  al.  in  Ref. [26] where they show a microswarm navigating through 
complex boundary geometries. A general overview of the field of magnetic active 
matter systems with functional collective behavior can be found in the account of Jin 
et al. in Ref. [27]. A second example are active particle systems showing phototaxis, 
i.e., a directed motion towards or away from a light source, a common motif found in 
biological systems as well. In Ref. [28], Dai et al. present a tunable microswimmer 
system propelled by light-induced self-electrophoresis that shows collective photo-
taxis similar to green algae. Mou et al. demonstrate in Ref. [29] how a phototactic 
flock of TiO. 2 micromotors can perform collective tasks such as transport of cargo sig-
nificantly larger than the micromotors. In a yet more complex setup, Liang et al. show 
in Ref. [30] that phototactic microswarms of unequal individuals can self-organize 
into hierarchical structures which allows for implementing multiresponsiveness and 
thus further increases the design possibilities of this class of active particles. It should 
be noted that phototaxis is not the only taxis behavior possible as shown in the review 
by Ji et al. in Ref. [31]. 

To conclude this section, we also wish to point out the field of swarm robotics as 
a relevant adjacent field of research. While robots are rarely called active particles, 
the challenge of solving complex tasks collectively with a very limited budget for the 
complexity of each swarm member is remarkably similar to the field of active particles 
as we have discussed above. An introduction to the field of swarm robotics can be 
found in Ref. [32]. In Ref. [33], Savoie et al. explore how a swarm of “smarticles” 
(smart active particles in the form of robots following simple rules) can perform 
higher-level functions such as phototaxis and thus effectively act as a larger robot 
without a central control unit. Another recent example can be found in Ref. [34] 
where Saintyves et al. present “granulobots” as a bridge between soft robotics and
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active granular materials. These robots take the form of a self-actuating roller that 
can magnetically connect to its neighbors. Using only local interactions with their 
neighbors, they exhibit a wide variety of possible collective phases from rigid self-
assembly to fluid-like states. 

3 Physical Reservoir Computing with Active Matter 

Reservoir computing was developed as a framework for simplifying the training 
process of recurrent neural networks (see the chapter by te Vrugt for a general 
introduction to this topic). The key idea is to split the network into a reservoir part 
that nonlinearly maps its input to a large space of internal states and a much simpler 
readout layer (often a simple linear classification) that computes the overall network 
output by observing the output of the reservoir. Training is then only performed on the 
readout layer in the hope that classification of inputs is easier in the high-dimensional 
state space of the reservoir. In physical reservoir computing, the reservoir part of the 
network is realized as a dynamical system.3 There is a wide variety of examples of 
dynamical systems that can be used as reservoirs such as waves on a water surface 
[35], mechanical networks of anharmonic oscillators [36], or DNA-based reaction 
networks [12]. However, not just any dynamical system is also an effective reservoir. 
In Ref. [37], Konkoli et al. illuminate the challenge of designing a good reservoir and 
give an overview of successful implementations. In particular, they describe how a 
reservoir must ensure that all input states that are to be classified differently by the 
network must produce distinct internal states in the reservoir (separation property). 
Additionally, a physical reservoir must fulfill the echo state property, i.e., it must 
ensure that earlier inputs eventually fade from the memory of the system. Other 
in-depth reviews of physical reservoir computing are given by Tanaka et al. in Ref. 
[38] with an even more detailed overview of current realizations and by Nakajima 
in Ref. [39] with a focus on using soft robotics as a basis for physical reservoir 
computing. Unfortunately, the research area of physical reservoir computing using 
active matter systems as the dynamical system for their reservoir is still in its infancy. 
In the following, we present three promising results that highlight the potential of this 
direction of research. It should be noted that while these approaches do in principle 
contain all the functional components for an intelligent system – sensing and actuation 
as part of the active particle paradigm as well as a network and memory as part of 
the reservoir computing paradigm—there is as of yet no implementation of an actual 
intelligent system using this technique since all results so far use external training. 

First, in Ref. [40], Lymburn et al. present an active matter reservoir computing 
approach using a modified Reynolds boids model with predator avoidance. The

3 The term “physical reservoir computing” is somewhat misleading since in principle any time-
dependent system is a candidate for physical reservoir computing, even if the dynamical system 
does not describe an actual physical system. However, since unphysical dynamics require some 
form of costly emulation (typically on conventional computing hardware), the potential of physical 
reservoir computing for more efficient computation is only realized when using physical dynamics. 
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Fig. 2 Schematic setups for active particle reservoir computing platforms. a Setup used by Strong 
et al. in Ref. [42]. Here, a gel block made from an electroactive polymer is deformed due to the 
osmotic swelling caused by ionic migration induced by applying an electric field. The setup is 
submerged in a liquid tank not shown here. Data is fed into the system by modulating the applied 
voltage and the reservoir output is derived from the degree of deformation of the gel block. b Setup 
used by Wang et al. in Ref. [43]. The particle shown in yellow can move freely in the.xy-plane and 
is driven by laser-induced thermophoresis towards an immobilized particle of larger size. The laser 
focus follows the particle trajectory with a delay.δt thus causing the active particle to rotate about 
the immobile particle. The input information is encoded by modulating the laser focus position and 
information is extracted from the system by observing the time evolution of the deviation angle 
between the particle positions at times .t − δt and . t . c Setup used by Lymburn et al. in Ref. [40]. 
Here, the system consists of a two-dimensional swarm of boids that are evading a single predator 
moving through the system. Information is fed into the system in the form of the predator’s trajectory 
and extracted by observing the boid densities through a set of randomly placed Gaussian kernels 

motion of the predator serves as the information input to the system and is chosen to 
follow the dynamics of the Lorenz system [41] in the chaotic regime. The reservoir 
computer is then trained to predict future positions of the predator. It was found that 
using the particle coordinates directly as reservoir output variables does not yield 
good predictions as such an output definition is inconsistent with the fact that in a 
system of identical particles any permutation of particles does not change the physical 
state of the system. To solve this, the authors employed an additional observational 
layer that observes in random, but fixed locations the state of nearby particles using a 
Gaussian kernel. With this correction, the authors were able to significantly improve 
the accuracy of the prediction. It was also observed that using the repulsion force as 
a control parameter, a phase transition between ordered flock states and disordered 
states can be triggered and that the reservoir performs optimally when close to this 
phase transition. 

Another example for active matter reservoir computing is given by Wang et al. 
in Ref. [43]. Here, the dynamics of a single active particle is used as the foundation 
for constructing a reservoir computer. In Fig. 2, the particle setup is shown schemat-
ically. The motion of the active particle is governed by a nonlinear delay dynamics. 
Importantly, this dynamics fulfills the echo state property, i.e., the system has fading 
memory. To obtain a sufficiently large reservoir for complex tasks, multiple physical 
setups are run in parallel and time-multiplexing is used to construct multiple vir-
tual nodes for each physical system. With a reservoir constructed from these virtual 
nodes it was possible to predict the chaotic Mackey-Glass series with good accu-
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racy. The authors note that the noise naturally present in the dynamics of the particle 
has severely detrimental effects to the function of the reservoir computer. This was 
mitigated by including past reservoir states in the output layer which significantly 
improved the reservoir computing performance. 

The final example is given by Strong et al. in Ref. [42]. Here, the active agents are 
hydrogen ions in an electroactive polymer gel (EAP) driven by an external electric 
field. The resulting ion migration causes osmotic flows which in turn cause localized 
swelling and deformation of the material. Notably, this deformation is subject to 
hysteresis effects such that each consecutive deformation decreases the magnitude 
of future deformations. The dynamics of EAP deformations thus exhibits inherent 
memory effects. Additionally, the deformations possess intrinsic variability and as 
such can only be modelled probabilistically. To use EAPs as computing devices, the 
authors developed encoding schemes for input data as discrete stimulation voltages 
and for gel deformations as output data. With these they were able to model the EAP 
behavior in terms of probablistic Moore automata, a probabilistic extension of finite 
state automata. This was then further extended to reservoir computing by recording 
the sequence of deformation states of the gel as the input voltages are applied and 
using this sequence as reservoir output. It is noteworthy that the role of the active 
particles in this approach is only to provide a nonlinear response of the electroactive 
polymer, so their dynamics is only implicitly relevant for the reservoir construction, 
in contrast to the other two examples we gave in this section. 

4 Propulsion Mechanisms for Active Particle Reservoir 
Computing 

As noted in the previous section, the topic of using active particle systems to drive 
reservoir computing remains largely unexplored as of today. We have seen in the few 
results pioneering this research field that designing reservoirs with high information 
bandwidth, i.e., large numbers of nodes, is difficult. Thus, implementations often 
resort to time-multiplexing to construct virtual nodes at the cost of serializing infor-
mation processing. Furthermore, we have seen that inputting and extracting informa-
tion from an active particle reservoir requires dedicated schemes for data encoding to 
achieve good reservoir performance. Finally, we have discussed that memory design 
is critical for the design of a good reservoir due to the echo state property. However, 
active particle systems often introduce memory effects as an unwanted side product 
of the propulsion mechanism. For example, chemically fueled particles will gener-
ally leave concentration gradients in their wake and will eventually deplete the fuel 
in the system [44, 45] while bulk systems of thermophoretic particles can inciden-
tally introduce memory in the form of the average system temperature [46]. In this 
section, we will give a description of two propulsion schemes for active particles 
that we expect to mitigate these issues, but that have not been used for the purpose 
of reservoir computing to the best of our knowledge. In Fig. 3, we sketch a possible
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Fig. 3 A possible setup for implementing reservoir computing with bulk active particle systems 
driven by spatiotemporally modulated driving fields. In this example, we show information encoding 
in the intensity.I (x, t) of the input driving field, but one can also imagine information encoding in 
other quantities affecting the particle propulsion, e.g., polarization for optically driven particles. To 
achieve greater freedom in the design of the information encoding scheme for the input light field, 
the particles are also subject to a bias light field with fixed spatiotemporal structure. The readout 
layer of this reservoir computing scheme is fed with a measurement of the driving fields after they 
have passed through the system and optionally with other observations of the particle system (e.g., 
density or velocity averages of particles in specific regions of the reservoir). This scheme can be 
used for particle reservoirs in two or three spatial dimensions 

setup for using these propulsion mechanisms in a reservoir computing context. The 
core idea behind this setup is to encode information in the spatiotemporal structure 
of the input driving field and thus achieving high information bandwidth in the reser-
voir. So far, there have been no realizations of such a system and as such its efficacy 
remains speculative. 

The first propulsion mechanism useful in this context is based on acoustically 
driven particles [48–50]. In this type of active matter, ultrasonic pressure waves 
interact with microparticles which induces flows in the medium around the particle 
driving the particles forward. An illustration of this principle is provided in Fig. 4. 
Notably, the acoustic propulsion does not rely on creating secondary gradients (e.g., in 
concentrations or temperature) in the medium and thus does not introduce secondary 
memory effects. An ultrasonic field can be spatially modulated and recorded with 
high resolution as has recently been demonstrated by Ma et al. [51]. The design 
of the propulsion offers many degrees of freedom since the acoustic propulsion 
is determined by the shape of the particles [52] and their material which can be 
tuned by microfabrication techniques. Possible designs include nanorods [48–50], 
particles including microbubbles [53], and screw-shaped microrobots [54]. With 
these designs, a wide range of propulsion properties can be realized (e.g., reversal 
of the propulsion direction by tuning the aspect ratio [47]). In combination, these 
properties make acoustically propelled particle systems a promising candidate for 
active particle reservoir computing.
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Fig. 4 Illustration of a planar ultrasound wave (shown schematically in green) interacting with a 
microparticle submerged in a fluid. Boundary-driven acoustic streaming creates a flow field around 
the particle driving it in the direction indicated by the red arrow. The wavelength of the ultrasonic 
field was shortened significantly for illustrative purposes and would be much larger than the particle 
if shown to scale. This image was created by Johannes Voß and Raphael Wittkowski, published 
in Ref. [47] under the Creative Commons Attribution 3.0 Unported Licence (see creativecom-
mons.org/licenses/by/3.0/), and is reproduced here without changes 

The second propulsion mechanism we present uses the momentum transfer that 
occurs on light refraction to generate directed motion in microparticles with a 
symmetry-broken refractive index profile (SBRIP) [55–57] as shown in Fig. 5a and 
b. These particles can be produced experimentally by microfabrication techniques 
such as two-photon polymerization [58]. Such a system can then be used as a building 
block for all-optical reservoir computing. This is particularly promising as photonic 
systems have been one of the most successful approaches to physical reservoir com-
puting so far [38, 59]. One of the principal difficulties in these types of systems 
is the requirement for nonlinearity in the reservoir. By coupling the dynamics of 
an active particle system to the light field, this requirement for nonlinearity can be 
fulfilled without compromises like the time-multiplexing used in delay-based pho-
tonic reservoirs which necessitates serialization of the input and output data. When 
it comes to driving active matter systems optically, a refraction-based approach has 
multiple advantages. Since the light does not interact with the medium directly, side 
effects (e.g., concentration gradients) from the propulsion are avoided. Compared 
to absorptive or reflective propulsion methods, refraction allows for a much larger 
attenuation length of the light thus permitting active bulk systems. When using the 
refractive index profile of the particles to achieve the necessary breaking of symme-
try for propulsion, one can effectively decouple shape-dependent hydrodynamic and 
steric particle interaction properties from the propulsion mechanism, thus allowing 
for a much greater freedom in particle design. In Fig. 5c, it is demonstrated that the 
extensive possibilities to modulate light fields in space and time can be used to tailor 
system behavior. Even the simple case of a two-dimensional system of active parti-
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Fig. 5 Overview of symmetry-broken refractive microparticles. a Sketch showing the principle 
behind the refractive propulsion. Momentum conservation dictates that, in general, light refraction 
transfers momentum .pnet from the light field to the refracting material. To achieve orientation-
dependent propulsion, the particle needs to break symmetry either in shape or in the refractive 
index profile (here symbolized by a color gradient). b Raytracing rendering of a particle with 
a symmetry-breaking refractive index gradient (the direction is denoted by . n). The center of 
the viewport is on the same height as the center of the spherical particle. The distorted image 
of the horizon thus demonstrates the breaking of symmetry. c Dynamic simulation of a system of 
refractive microparticles in two spatial dimensions illuminated perpendicular to the particle domain. 
The illumination intensity is shown as the background color with white denoting a high intensity 

(Continued)
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. Fig. 5 (Continued) and black denoting a low intensity. It can be observed that the higher propul-
sion velocity in the bright region displaces particles into the darker regions. With the illumination 
structure used here, this leads to the formation of walls made of slowly moving particles that funnel 
incoming particles to the center of the illumination pattern and the associated growth of a crystal 
in the center of the domain. Notably, this crystal also grows into the areas of high illumination 
intensity. This behavior is an indication of adaptivity as the overall particle distribution is no longer 
the simple superposition of the reaction of each particle to the local illumination intensity, but rather 
we observe a nonlocal dependency of the average particle density on the illumination pattern. This 
shows that the particle interactions form a network capable of exchanging information between 
different parts of the system 

cles with position-dependent propulsion speed can show adaptive system behavior 
by creating feedback between steric particle interactions and the particle propulsion: 
The propulsion dynamics leads to particle accumulation in the areas of lower propul-
sion speed. When high particle densities are reached in these areas, new particles are 
stopped from entering them. This causes the particles to drift along the edge of the 
dark region instead and thus effectively alters the propulsion velocity in this region. 
In bulk systems, the possible complexity grows further as then the light field itself 
becomes coupled to the particle dynamics: The light field induces changes in the par-
ticle density which in return changes the light field as it passes through the system. 
Furthermore, the reservoir can be used in an optical pipeline with other photonic 
elements such as mirrors or delay lines to introduce additional feedback. Overall, 
these properties make SBRIP particles a promising platform for the development of 
physical reservoir computing. 

It should be noted that while we did outline the propulsion mechanisms in this 
section for the purpose of reservoir computing, they can, of course, also be used for 
the task of emergent computing. To the best of our knowledge, this direction has not 
been explored either so far. Therefore, we cannot make a statement on the efficacy 
of this approach. 

5 Conclusions and Outlook 

In summary, we have shown how active matter systems are a promising platform 
for constructing intelligent matter due to their inherently nonequilibrium nature that 
allows complex collective behavior patterns. While truly intelligent active matter 
systems have not been realized yet, there are results showing advanced adaptive 
behavior in these kinds of systems. In particular, there is a growing field of emergent 
computation with active particles where the individual particles are following simple 
rules and yet produce a swarm behavior capable of solving useful tasks. However, a 
large challenge that remains in this domain is the implementation of memory which 
is necessary for the step to intelligent systems. 

We have also seen that there are efforts to implement physical reservoir computing 
using active particle systems as the underlying dynamical system. While this field
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is very much in its infancy, the first successful results seem to indicate that this 
approach works in principle. One of the major challenges still open in this field 
is to integrate the learning procedure into the system itself (e.g., by integrating a 
reinforcement learning scheme into the physical system), which is considered a 
requirement for intelligent matter systems. The success of the reservoir computing 
approach begs the question whether active particle systems can also be used to 
emulate other machine learning archetypes, e.g., to emulate neural networks by 
networks of active particle suspensions acting as neurons. Indeed, there remains 
much work to be done to discover the full potential of active matter systems for the 
construction of artificial intelligence. 

Acknowledgements This work is funded by the Deutsche Forschungsgemeinschaft (DFG, German 
Research Foundation)—Project-ID 433682494–SFB 1459. 

References 

1. Schmidhuber J (2015) Deep learning in neural networks: an overview. Neural Netw 61:85 
2. Ben-Jacob E (2009) Learning from bacteria about natural information processing. Ann N Y 

Acad Sci 1178(1):78 
3. Pitcher TJ (1998) Shoaling and schooling behaviour in fishes. In: Greenberg G, Haraway MM 

(eds) in Comparative psychology: a handbook. Garland, New York, pp 748–760 
4. Kerr NL, Tindale RS (2004) Group performance and decision making. Annu Rev Psychol 

55(1):623 
5. Ramaswamy S (2010) The mechanics and statistics of active matter. Ann Rev Condensed 

Matter Phys 1(1):323 
6. Cates ME, Tailleur J (2015) Motility-induced phase separation. Ann Rev Conden Matter Phys 

6(1):219 
7. Jeggle J, Stenhammar J, Wittkowski R (2020) Pair-distribution function of active Brownian 

spheres in two spatial dimensions: simulation results and analytic representation. J Chem Phys 
152(19):194903 

8. Wensink HH, Löwen H (2012) Emergent states in dense systems of active rods: from swarming 
to turbulence. J Phys: Condens Matter 24(46):464130 

9. Mallory SA, Valeriani C, Cacciuto A (2018) An active approach to colloidal self-assembly. 
Annu Rev Phys Chem 69(1):59 

10. Walther A (2019) Viewpoint: From responsive to adaptive and interactive materials and mate-
rials systems: a roadmap. Adv Mater 32(20):1905111 

11. Kaspar C, Ravoo BJ, van der Wiel WG, Wegner SV, Pernice WHP (2021) The rise of intelligent 
matter. Nature 594(7863):345–355 

12. Goudarzi A, Lakin MR, Stefanovic D (2013) reservoir computing: a novel molecular computing 
approach. In: Soloveichik D, Yurke B (eds) DNA computing and molecular programming 
(DNA, 2013) Springer International Publishing. Lect Notes Comput Sci 8141:76–89 

13. Crutchfield JP, Mitchell M (1995) The evolution of emergent computation. Proc Natl Acad Sci 
USA 92(23):10742 

14. Olson RL, Sequeira RA (1995) Emergent computation and the modeling and management of 
ecological systems. Comput Electron Agric 12(3):183 

15. Andrés Arroyo M, Cannon S, Daymude JJ, Randall D, Richa AW (2018) A stochastic approach 
to shortcut bridging in programmable matter. Nat Comput 17(4):723–741 

16. Daymude JJ, Richa AW, Scheideler C (2023) The canonical amoebot model: Algorithms and 
concurrency control. Distrib Comput 36(2):159–192 



286 J. Jeggle and R. Wittkowski 

17. Vicsek T, Czirók A, Ben-Jacob E, Cohen I, Shochet O (1995) Novel type of phase transition 
in a system of self-driven particles. Phys Rev Lett 75:1226 

18. Falk MJ, Alizadehyazdi V, Jaeger H, Murugan A (2021) Learning to control active matter. Phys 
Rev Res 3:033291 

19. te Vrugt M, Jeggle J, Wittkowski R (2021) Jerky active matter: A phase field crystal model 
with translational and orientational memory. New J Phys 23(6):063023 

20. Caprini L, Gupta RK, Löwen H (2022) Role of rotational inertia for collective phenomena in 
active matter. Phys Chem Chem Phys 24(40):24910–24916 

21. Nagai KH, Sumino Y, Montagne R, Aranson IS, Chaté H (2015) Collective motion of self-
propelled particles with memory. Phys Rev Lett 114:168001 

22. te Vrugt M, Frohoff-Hülsmann T, Heifetz E, Thiele U, Wittkowski R (2023) From a microscopic 
inertial active matter model to the Schrödinger equation. Nat Commun 14(1):1302 

23. Mayer Martins J, Wittkowski R (2022) Inertial dynamics of an active Brownian particle. Phys 
Rev E 106:034616 

24. Couzin ID, Krause J, James R, Ruxton GD, Franks NR (2002) Collective memory and spatial 
sorting in animal groups. J Theor Biol 218(1):1 

25. Li Z, Fan Q, Yin Y (2022) Colloidal self-assembly approaches to smart nanostructured mate-
rials. Chem Rev 122(5):4976 

26. Yu J, Wang B, Du X, Wang Q, Zhang L (2018) Ultra-extensible ribbon-like magnetic 
microswarm. Nat Commun 9(1):3260 

27. Jin D, Zhang L (2022) Collective behaviors of magnetic active matter: Recent progress toward 
reconfigurable, adaptive, and multifunctional swarming micro/nanorobots. Acc Chem Res 
55(1):98 

28. Dai B, Wang J, Xiong Z, Zhan X, Dai W, Li C-C, Feng S-P, Tang J (2016) Programmable 
artificial phototactic microswimmer. Nat Nanotechnol 11(12):1087–1092 

29. Mou F, Zhang J, Wu Z, Du S, Zhang Z, Xu L, Guan J (2019) Phototactic flocking of photo-
chemical micromotors. iScience 19:415 

30. Liang X, Mou F, Huang Z, Zhang J, You M, Xu L, Luo M, Guan J (2020) Hierarchical 
microswarms with leader-follower-like structures: Electrohydrodynamic self-organization and 
multimode collective photoresponses. Adv Func Mater 30(16):1908602 

31. Ji F, Wu Y, Pumera M, Zhang L (2023) Collective behaviors of active matter learning from 
natural taxes across scales. Adv Mater 35(8):2203959 

32. Belkacem Khaldi FC (2015) An overview of swarm robotics: swarm intelligence applied to 
multi-robotics. Int J Comput Appl 126(2):31 

33. Savoie W, Berrueta TA, Jackson Z, Pervan A, Warkentin R, Li S, Murphey TD, Wiesenfeld 
K, Goldman DI (2019) A robot made of robots: Emergent transport and control of a smarticle 
ensemble. Sci Robot 4(34):eaax4316 

34. Saintyves B, Spenko M, Jaeger HM (2024) A self-organizing robotic aggregate using solid and 
liquid-like collective states. Sci Robot 9(86):eadh4130 

35. Fernando C, Sojakka S, Pattern recognition in a bucket. In: Banzhaf W, Ziegler J, Christaller T, 
Dittrich P, Kim JT (eds) Advances in artificial life (ECAL, 2003). Springer, Berlin Heidelberg. 
Lect Notes Comput Sci 2801:588–597 

36. Coulombe JC, York MCA, Sylvestre J (2017) Computing with networks of nonlinear mechan-
ical oscillators. PLoS ONE 12(6):e0178663 

37. Konkoli Z, Nichele S, Dale M, Stepney S (2018) Reservoir computing with computational mat-
ter. In: Stepney S, Rasmussen S, Amos M (eds) Computational Matter. Springer International 
Publishing, Cham, pp 269–293 

38. Tanaka G, Yamane T, Héroux JB, Nakane R, Kanazawa N, Takeda S, Numata H, Nakano 
D, Hirose A (2019) Recent advances in physical reservoir computing: a review. Neural Netw 
115:100 

39. Nakajima K (2020) Physical reservoir computing–an introductory perspective. Jpn J Appl Phys 
59(6):060501 

40. Lymburn T, Algar SD, Small M, Jüngling T (2021) Reservoir computing with swarms. Chaos: 
An Interdiscip J Nonlinear Sci 31(3):033121 



Intelligent Matter Consisting of Active Particles 287 

41. Lorenz EN (1963) Deterministic nonperiodic flow. J Atmospher Sci 20(2):130 
42. Strong V, Holderbaum W, Hayashi Y (2022) Electroactive polymer gels as probabilistic reser-

voir automata for computation. iScience 25(12):105558 
43. Wang X, Cichos F (2024) Harnessing synthetic active particles for physical reservoir comput-

ing. Nat Commun 15(1):774 
44. Liebchen B, Marenduzzo D, Cates ME (2017) Phoretic interactions generically induce dynamic 

clusters and wave patterns in active colloids. Phys Rev Lett 118:268001 
45. Hokmabad BV, Dey R, Jalaal M, Mohanty D, Almukambetova M, Baldwin KA, Lohse D, 

Maass CC (2021) Emergence of bimodal motility in active droplets. Phys Rev X 11:011043 
46. Auschra S, Bregulla A, Kroy K, Cichos F (2021) Thermotaxis of Janus particles. Eur Phys J E 

44(90):123 
47. Voß J, Wittkowski R (2022) Acoustically propelled nano- and microcones: Fast forward and 

backward motion. Nanoscale Adv 4:281 
48. Li J, Mayorga-Martinez CC, Ohl C-D, Pumera M (2022) Ultrasonically propelled micro- and 

nanorobots. Adv Func Mater 32(5):2102265 
49. Ren L, Soto F, Huang L, Wang W (2022) Ultrasound-powered micro-/nanorobots: Funda-

mentals and biomedical applications. In: Sun Y, Wang X, Yu J (eds) Field-Driven Micro and 
Nanorobots for Biology and Medicine. Springer International Publishing, Cham, pp 29–60 

50. McNeill JM, Mallouk TE (2023) Acoustically powered nano- and microswimmers: From 
individual to collective behavior. ACS Nanoscience Au 3(6):424 

51. Ma Z, Melde K, Athanassiadis AG, Schau M, Richter H, Qiu T, Fischer P (2020) Spatial 
ultrasound modulation by digitally controlling microbubble arrays. Nat Commun 11(1):4537 

52. Voß J, Wittkowski R (2020) On the shape-dependent propulsion of nano- and microparticles 
by traveling ultrasound waves. Nanoscale Adv 2:3890 

53. Bertin N, Spelman TA, Combriat T, Hue H, Stéphan O, Lauga E, Marmottant P (2017) Bubble-
based acoustic micropropulsors: active surfaces and mixers. Lab Chip 17(8):1515–1528 

54. Deng Y, Paskert A, Zhang Z, Wittkowski R, Ahmed D (2023) An acoustically controlled helical 
microrobot. Sci Adv 9(38):5260 

55. Volpe G, Maragò OM, Rubinsztein-Dunlop H, Pesce G, Stilgoe AB, Volpe G, Tkachenko G, 
Truong VG, Chormaic SN, Kalantarifard F, Elahi P, Käll M, Callegari A, Marqués MI, Neves 
AAR, Moreira WL, Fontes A, Cesar CL, Saija R, Saidi A, Beck P, Eismann JS, Banzer P, 
Fernandes TFD, Pedaci F, Bowen WP, Vaippully R, Lokesh M, Roy B, Thalhammer-Thurner 
G, Ritsch-Marte M, Garcíía LP, Arzola AV, Castillo IP, Argun A, Muenker TM, Vos BE, Betz 
T, Cristiani I, Minzioni P, Reece PJ, Wang F, McGloin D, Ndukaife JC, Quidant R, Roberts 
RP, Laplane C, Volz T, Gordon R, Hanstorp D, Marmolejo JT, Bruce GD, Dholakia K, Li T, 
Brzobohatý O, Simpson SH, Zemánek P, Ritort F, Roichman Y, Bobkova V, Wittkowski R, 
Denz C, Kumar GVP, Foti A, Donato MG, Gucciardi PG, Gardini L, Bianchi G, Kashchuk AV, 
Capitanio M, Paterson L, Jones PH, Berg-Sørensen K, Barooji YF, Oddershede LB, Pouladian 
P, Preece D, Adiels CB, Luca ACD, Magazzù A, Ciriza DB, Iatí MA, Swartzlander GA (2023) 
Roadmap for optical tweezers. J Phys Photon 5(2):022501 

56. Denz C, Jimenez AJ, Wittkowski R (2019) Photonic propulsion of artificial micro-swimmers 
(Conference Presentation). In: Sekkat Z, Omatsu T (eds) Molecular and nano machines II. 
International Society for Optics and Photonics, (SPIE, 2019), vol 11098, p 110980C 

57. Denz C, Jurado A, Rueschenbaum M, Hallekamp J, Jeggle J, Wittkowski R (2021) Light-
driven microrobots: light fuels motion. In: Galvez EJ, Rubinsztein-Dunlop H, Andrews DL 
(eds) Complex light and optical forces XV. International society for optics and photonics, 
(SPIE, 2021), vol 11701, p 1170112 

58. Rüschenbaum M, Burczyk N, Jeggle J, Hallekamp J, Denz C, Wittkowski R (2021) Light 
propelled artificial micro-machines. In: Sekkat Z, Omatsu T (eds) Molecular and nano machines 
IV, International society for optics and photonics, (SPIE, 2021), vol 11812, p 1181209 

59. Van der Sande G, Brunner D, Soriano MC (2017) Advances in photonic reservoir computing. 
Nanophotonics 6(3):561 



288 J. Jeggle and R. Wittkowski 

Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial-NoDerivatives 4.0 International License (http://creativecommons.org/licenses/ 
by-nc-nd/4.0/), which permits any noncommercial use, sharing, distribution and reproduction in 
any medium or format, as long as you give appropriate credit to the original author(s) and the 
source, provide a link to the Creative Commons license and indicate if you modified the licensed 
material. You do not have permission under this license to share adapted material derived from this 
chapter or parts of it. 

The images or other third party material in this chapter are included in the chapter’s Creative 
Commons license, unless indicated otherwise in a credit line to the material. If material is not 
included in the chapter’s Creative Commons license and your intended use is not permitted by 
statutory regulation or exceeds the permitted use, you will need to obtain permission directly from 
the copyright holder. 

http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/


Neural Networks Consisting of DNA 

Michael te Vrugt 

Abstract Neural networks based on soft and biological matter constitute an inter-
esting potential alternative to traditional implementations based on electric circuits. 
DNA is a particularly promising system in this context due its natural ability to store 
information. In recent years, researchers have started to construct neural networks 
that are based on DNA. In this chapter, I provide a very basic introduction to the 
concept of DNA neural networks, aiming at an audience that is not familiar with 
biochemistry. 

1 Introduction 

Recent years have seen an increasing amount of work (some of which is also covered 
in this book) on implementing machine learning methods in physical systems, and 
the concept of intelligent matter [18] is closely related to this idea. While many 
approaches of this type employ electronic, magnetic, or photonic systems, it is in 
principle a relatively natural idea to use soft and biological matter as a basis for 
physical neural networks. After all, artificial neural networks are inspired by the 
brain, and the brain is a soft matter system. 

DNA, the carrier of genetic information, naturally suggests itself for such 
approaches. It is a soft matter system that has evolved specifically for the purpose1 

of storing and processing information. Moreover, there is an established tradition of 
using DNA for performing artificial computational tasks in the framework of DNA 
computing [1]. Therefore, a number of authors [8, 11, 19, 27, 30] have explored the 
possibility of using DNA as a basis for artificial neural networks. 

In this chapter, I will provide an introduction to the topic of DNA-based neural 
networks, in particular the approach presented in Ref. [5]. The presentation will be on 

1 Provided one can speak about things like “purposes” of natural objects in a scientific context, see 
Ref. [15] for a discussion. 
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a relatively elementary level, without assuming prior knowledge in biochemistry (and 
thereby aiming at an audience coming from physics or computer science interested in 
such approaches). After a brief overview over the biology of DNA (Sect. 2) and DNA 
computing (Sect. 3), I will present the basic ingredients of a DNA neural network, 
namely winner-take-all networks (Sect. 4) and DNA gates (Sect. 5). Then, I will 
present two approaches to DNA-based artificial intelligence, namely winner-take-
all networks operating with DNA (Sect. 6) and DNA reservoir computing (Sect. 7). 
Finally, I discuss some advantages and disadvantages of this approach (Sect. 8). I 
conclude in Sect. 9. In my presentation, will follow Refs. [3] (in Sect. 2), [20]  (in  
Sect. 3), [26] (in Sect. 5), [5] (in Sects. 4 and 6), and [12] (in Sect. 7). 

2 Biochemistry for Beginners 

I have promised that this chapter does not require prior exposure to biochemistry, 
and consequently I will start with a brief introduction to what DNA is. 

DNA (short for deoxyribonucleic acid) is a biological macromolecule that stores 
the genetic information. A macromolecule is (surprise!) a large molecule. Macro-
molecules often consist of many repeated subunits (monomers), in this case they are 
referred to as polymers. DNA is a polymer whose subunits are nucleotides. Each 
nucleotide consists of a base, deoxyribose (a sugar), and a phosphate group. The 
deoxyribose of one nucleotide binds to the phosphate group of the next one (this is 
referred to as phosphodiester bond). 

What matters most for our purposes is the base, of which there exist five types: 
adenine (A), guanine (G), cytosine (C), thymine (T), and uracil (U). In DNA, one 
only finds adenine, guanine, cytosine, and thymine. These can bind to each other via 
hydrogen bonds (base pairing). More specifically, adenine always binds to thymine 
and cytosine always binds to guanine (the bonding between G and C is a bit stronger). 
DNA is therefore typically found in a helix structure consisting of two strands (chains 
of nucleotides). The nucleotides within a strand are bound together by the phospho-
diester links, nucleotides in different strands are held together via base pairing. Since 
each base only binds to one specific other base, knowing the composition of one strand 
allows to infer the composition of the other one (the strand are complementary). For 
example, if the first strand is ACCCGAT, the second one has to be TGGGCTA. 

In protein synthesis, DNA is converted into proteins (biological macromolecules 
that perform a variety of functions). This occurs in several steps. First (transcription), 
DNA is copied to ribonucleid acid (RNA), specifically to so-called messenger RNA 
(mRNA). RNA is similar to DNA, with differences being that it is usually single-
stranded, that it contains ribose rather than deoxyribose, and that it uses uracil rather 
than thymine as the complementary base to adenine. At the ribosome,  the  mRNA  
is then translated to proteins (translation) according to the genetic code, where a 
sequence of three nucleotides corresponds to one amino acid. For example, if UUC 
corresponds to the amino acid phenylalanine and AGG to the amino acid arginine, 
then the sequence UUCAGG tells the ribosome to put phenylalanine and arginine
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together. (Usually these sequences are of course longer.) This flow of genetic infor-
mation is summarized in the central dogma of molecular biology [6, 7]. 

3 DNA Computing 

The first DNA computer was realized in 1994 by Adleman [1], who used it to solve 
the so-called “directed Hamiltonian path problem”. Here, the aim is to find, for 
directed graph and a given starting and end point, a path that visits each node exactly 
once. This is a classical problem in computer science, since it is easy to pose, but 
very difficult (“NP-hard”) to solve. Adleman’s procedure allowed, exploiting the 
parallelism of DNA computing, to solve this problem with a procedure where the 
number of steps grew only linearly with the number of vertices. This is a notable 
efficiency since the number of potential solutions increases combinatorially with the 
number of vertices, as a consequence of which traditional computing approaches do 
not achieve such a scaling [2]. A discussion of the many developments and appli-
cations of DNA computing that emerged after Adleman’s work can be found in 
review articles [9, 20, 22, 31]. Of particular interest in the context of this book is the 
development of intelligent systems based on DNA (see Ref. [9]  for  a  review  ).

Some major advantages of DNA in the context of computing are [20]. 

• Parallelism: DNA computers can perform a large number of tasks in parallel, 
which can lead to extremely good performances compared to modern supercom-
puters. For instance, Adleman’s DNA computer already had a performance of 100 
Teraflops. 

• Storage: DNA allows for extremely efficient data storage, requiring just 1 cubic 
nanometer for one bit of information. All the datat hat humanity has generated by 
2025 could be stored in the size of a ping-pong ball, in a manner that makes the 
stored data easy to maintain and to copy [16]. 

• Energy Efficiency: DNA computers, being based on chemical reactions, do not 
require any electricity and are very energy efficient compared to traditional com-
puters. 

However, there are also significant disadvantages [20]: 

• Accuracy: The biochemical processes involved in DNA computers are prone to 
errors, with the error probability increasing exponentially with the number of 
operations. 

• Resources: DNA computers are fairly difficult to handle, requiring familiarity with 
molecular biology and biochemical experiments. Carrying out these experiments 
requires human interventions in most steps. 

(These statements about advantages and disadvantages refer to what the technology is 
in principle capable of, currently it is in its infancy and is not easily available to prac-
titioners who desire, say, high parallelism, as alternative to electronic approaches.)
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4 The Winner Takes It All 

The DNA-based implementation of neural networks discussed in this chapter is based 
on so-called winner-take-all computation [23]. Here, the basic idea is that neurons 
compete with each other. They inhibit other neurons while activating themselves. 
Thereby, it can be ensured that only the neuron with the largest input stays active, 
while all the other ones become inactive. A CMOS implementation of a winner-
take-all function was proposed in Ref. [21]. How exactly this architecture can be 
implemented in a DNA system, and how input signals can be encoded in DNA, will 
be discussed in Sect. 6. 

In the context of neural networks, a winner-take-all computation can connect the 
penultimate and final layer of a neural network, which have the same number of 
neurons. Let us denote the . i th neuron in the penultimate layer by .si and the . i th 
neuron in the final layer by . yi . The connection is set up in such a way that .yi is one 
if . si is the largest value in the penultimate layer and zero otherwise. 

How is this achieved? Thinking of one layer of a neural network as a vector. xwith 
components . xi , the next layer is constructed by multiplying the vector by a matrix 
and then applying a nonlinear function to each component of the resulting vector. 
Denoting the elements of the weight matrix by.wi j ,  th  e . j th component of the vector 
that results from applying the weight matrix to the penultimate layer is 

.si =
j

pi j (1) 

with the products 
.pi j = wi j x j . (2) 

The nonlinear function is then one that selects the largest component of the vector. s: 

.yi = 1 if si > s j∀ j i,

0 otherwise.
(3) 

Such a setup allows the network to have memory, which is encoded in the weights, 
and to solve pattern recognition tasks. Suppose the network has been trained to 
remember two patterns corresponding to the vectors .w1 and .w2 (for example, two 
different letters) with components.w1i and.w2i . Then, it receives as an input a vector 
. x corresponding to some pattern, and it is supposed to figure out whether it is more 
similar to .w1 or to .w2. Then, one has to simply multiply the vector . x by the matrix 
.wi j to get the vector. swith components. si given by Eq. (1). Whether or not the pattern 
is more similar to.w1 or.w2 can then be figured out by checking whether. s1 = w1 · x
or .s2 = w2 · x is larger. Consequently, a network of this form requires .nm weights 
to remember .m .n-bit patterns.
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5  DNA  Gate  s

A key technique in this context is toehold-mediated strand displacement [32, 33] 
(see Ref. [28] for a review). This process involves a single-stranded DNA (the input) 
and a double-stranded DNA, whose strands are referred to as gate and output.  One  
strand of the double-stranded DNA (the gate) has an overhanging piece (the toehold) 
that the input can bind to. Via branch migration (a process by which one DNA strand 
is exchanged for another, see Ref. [14] for an introduction), the input strand then 
gradually starts binding to the gate strand and thereby replaces the output strand, 
which is thereby released. This process is more likely to start if the toehold is longer, 
and consequently, the toehold length can be used to control the reaction rate [25]. 
Specifically, the reaction rate increases exponentially with the toehold length [33]. (In 
practice stochastic fluctuations are of course likely to be relevant here, what exactly 
their influence is has not been systematically investigated.) 

This process is visualized in Fig. 1. (A more complex illustration can be found 
in Ref. [26].) Figure 1a shows the initial configuration. The input strand consists of 
three segments, labelled . S1, . T , and . S2. Here, .S1 and .S2 are recognition domains, 
which are relatively long (15 nucleotides), and .T is the toehold domain, which is 
shorter (5 nucleotides). The other necessary ingredient is the gate-output-complex, 
which consists of two strands (gate and output) that are bound to each other. The 
gate has a recognition domain.S2 with a toehold domain.T before and after it, while 
the output has two recognition domains.S2 and.S3 separated by a toehold domain. T . 
Here, a prime indicates a complementary base sequence (e.g., if .T =AGGAT, then 
. T =TCCTA). Due to the DNA base-pairing rules (see Sect. 2), the segments .S2 and 
.T bind to the segments .S2 and . T of the output, respectively. 

Since the gate has two toeholds and the output has only one, the gate-output 
complex has a free toehold . T . This toehold is complementary to the free toehold . T
of the input. As a consequence, the input binds to the gate-output complex, leading to 
a complex consisting of three DNA strands. Now, although the recognition domain 
.S2 of the gate is currently bound to the output, it could by the DNA base-pairing rules 
equally well bind to the recognition domain .S2 of the input. Gradually, via branch 
migration, the recognition domain of the output ceases to bind to the .S2 recognition 
domain of the output and instead binds to the corresponding domain of the input (as 
shown in Fig. 1b). In the final state, shown in Fig. 1c, the gate is now bound to the 
input, forming a gate-input complex, while the output has been released. 

To summarize, what can be achieved via this process is to convert an input signal 
(which is a DNA strand) into a desired output signal (which is also a DNA strand) 
with a certain rate. In particular, this method allows to realize so-called seesaw 
gates [25, 26]. In addition to input and output, also fuel (a third type of strand) is 
present. In the simple setup presented above, input strands release the output strands 
from the gates and are then no longer available for further reactions. If fuel is present, 
however, the fuel strand can (via toehold exchange) free the input strand and thereby 
make it available for further reactions. Thereby, a small amount of input can, provided
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enough fuel is available, in principle trigger the release of an arbitrary amount of 
output. The fuel therefore acts as a catalyst [26]. 

6 A DNA Neural Network 

We have now assembled all ingredients that are necessary to understand a simple 
winner-take-all neural network based on DNA, namely the one realized by Cherry 
and Qian [5]. What it is supposed to do is to recognize handwritten numbers based 
on the general approach discussed in Sect. 4 (and it turns out that the DNA neural 
network presented in Ref. [5] is in fact able to recognize handwritten numbers – 
which is a standard benchmark task for artificial neural networks). The input vec-
tor (representing the image) is multiplied by a weight matrix (matrix multiplication 
consists of multiplication of the elements of the vector with scalar weights and sum-
mation over the results), afterwards the entries of the resulting vector are compared, 
the largest component is increased and the other ones are eliminated to generate a 
definite output. 

First, we need to find a way of encoding, for example, a hand-written digit in the 
form of DNA strands, to allow for processing via chemical reactions. Consider as 
an example a nine-pixel image of the letter L, as shown in Fig. 2. We choose a set of 
nine distinct DNA molecules (A1, A2, A3, B1, B2, B3, C1, C2, C3) that represent 
the nine pixels of the image. In the case of the letter L, five of the nine pixels (A1, 
B1, C1, C2, C3) are black and the others white. Consequently, we can encode the 
letter L as an input by putting the DNA molecules A1, B1, C1, C2, and C3 into the 

Fig. 1 Visualization of toehold exchange. (A similar illustration can be found in Ref. [26])
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Fig. 2 Feeding a 
hand-written letter (L) as an 
input signal in the form of 
DNA into the system. The 
nine pixels are represented 
by nine distinct DNA 
molecules. An L is encoded 
by the presence of A1, B1, 
C1, C2, and C3. (A similar 
illustration can be found in 
Fig. 1b of Ref. [5]  and  in  
Fig. 2b of Ref. [29]) 

A 

B 

C 

1 2 3  

DNA computer. (In practice one would instead use 100 pixels represented by 100 
distinct molecules [5], but that does not change the general idea.) 

Second, we have to find a way of implementing the matrix multiplication (1) 
and the nonlinear function (3) via DNA. Let us start with the matrix multiplication. 
Importantly, one is concerned here with a binary input, i.e., all .xi are either zero or 
one). In the context of number recognition, where the .xi correspond to pixels, this 
might for example indicate whether the pixel represented by. xi is black or white. The 
entries of the weight matrix.wi j , on the other hand, are analogue numbers. What one 
requires here is thus a reaction that converts .wi j to .pi j if and only if .xi is present, 
regardless of the exact concentration of . xi . This is achieved by a catalytic cycle 
involving . xi , .wi j and fuel. The species .xi binds to a gate, corresponding to .wi j , that 
then releases a product .pi j . Afterwards, the fuel releases the.xi strand from the gate, 
such that it can trigger releases of .pi j elsewhere. Provided that a sufficient amount 
of fuel is present, this process produces a concentration of .pi j corresponding to the 
concentration of .wi j , but only if .xi is present. 

Summation is relatively straightforward: Recall that seesaw gates allow to convert 
a certain input signal (a chemical substance, more specifically a DNA strand) into an 
output signal (another chemical substance, more specifically another DNA strand). 
For summation, one therefore simply requires gates that convert all species .pi j to 
the same species. s j . The concentration of .s j is then the sum of the concentrations of 
the .pi j . 

The next step is to determine which of the . si is the largest one. Given that the . si
correspond to the concentrations of chemical species, this is achieved by pairwise 
annihilation reactions, implemented by annihilator molecules. If two strands . si and 
.s j bind to an annihilator, it splits into two waste molecules that are not able to 
participate in further reactions. After a while, only the species that had the largest 
concentration will remain. Then, a signal-restoration reaction that converts . si to the 
output. yi takes place. This is again implemented catalytically via seesawing reactions 
–  i  f . si is present, in any concentration, then the fuel ensures that a sufficient amount 
of .yi is produced, but no production of .yi takes place if no .si is present. Thereby,



296 M. te Vrugt

one has found a biochemical implementation of the nonlinear function 3. Finally, the 
output is converted to a fluorescent signal. 

Given that the neural network consists of chemicals floating around in a test tube, 
it is not immediately clear why these calculations should take place in the desired 
order (as they do in a traditional neural network implemented in a computer). For 
most steps, this is ensured by the fact that a reaction can only take place if the reactants 
are present. The products of one step (one reaction) are the reactants for the next 
one. The exception are the annihilation and restoration reactions, where the reactants 
(the . si ) are the same. Here, the desired order is ensured by different reaction rates: 
The annihilation reaction is very fast compared to the restoration reaction. Thereby, 
the. si quickly eliminate each other until only one is left, the survivor’s concentration 
then gets very slowly increased again. Specifically, the toeholds of the annihilator 
have two extra nucleotides, which due to the exponential scaling of the reaction rate 
with the toehold length lead to a reaction rate increased by a factor of about 100. 

7 DNA Reservoir Computing 

Finally, I will discuss a different approach to DNA-based machine learning. This 
approach, proposed in a theoretical study by Goudarzi et al. [12], uses reservoir 
computing [17, 24]. See the introductory chapter on this topic in this volume for an 
explanation of how reservoir computing works and the chapters by Kathy Lüdge/Lina 
Jaurigue, Atreya Majumdar/Karin Everschor-Sitte, and Julian Jeggle/Raphael Wit-
tkowski in this volume for other implementations. 

In a nutshell, reservoir computing employs a dynamical system (the reservoir) that 
is driven by an input signal. The response of the system then serves as the input for 
a neural network with a single layer (the readout layer) that converts this response 
into the output layer. This readout layer is the only part of the system that is changed 
during the training process. Since the reservoir does not have to be changed, the 
reservoir can also be a physical system (for example one consisting of DNA). It is 
widely assumed2 that it is helpful if the reservoir operates close to criticality, such 
that the dynamics is rich enough to allow for interesting things to be read out from 
it (as opposed to, say, a system where all trajectories approach a certain stationary 
state irrespective of the input). 

Goudarzi et al. [12] suggest that such a rich transient dynamics can be found 
in a network consisting of coupled chemical oscillators, realized by a microfluidic 
chamber containing different interacting DNA species. As a starting point, they use a 
network proposed by Farfel and Stefanovic [10]. Substrate molecules enter a reaction 
chamber and bind to gate molecules, by which they are then converted to product 
molecules. The presence of the product molecules inhibits the reaction of substrates 
and gates. Moreover, the products flow out of the chamber with a certain rate. This

2 It is not really clear at present to what extend this is actually the case, see the chapter on reservoir 
computing in this book. 
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gives rise to a reaction-inhibition cycle leading to sustained oscillations of the product 
concentrations. Denoting these by . Pi , and moreover the substrate concentrations by 
. Si , the substrate influx rates per volume by .Si,in, the gate concentrations by .Gi ,  the  
efflux rate by. e, the volume of the reactor by. V , the well-mixed fraction of the reactor 
by . h, and the reaction rate by . β, this behavior is described by the dynamical system 
[12] 

.Ṗ1 = hβS1(G2 − P3) − e

V
P1, (4) 

.Ṗ2 = hβS2(G2 − P1) − e

V
P2, (5) 

.Ṗ3 = hβS3(G3 − P2) − e

V
P3, (6) 

.Ṡ1 = S1,in − hβS1(G1 − P3) − e

V
S1, (7) 

.Ṡ2 = S2,in − hβS2(G2 − P1) − e

V
S2, (8) 

.Ṡ3 = S3,in − hβS3(G3 − P2) − e

V
S3. (9) 

As detailed in Ref. [12], a linear stability analysis of this dynamical system allows 
to find the parameter region in which it exhibits oscillatory behavior. A sustained 
oscillation exists for .hβ(S1S2S3)

1
3 /2 − e/V = 0. 

The influx rate .S1,in is used to drive the system, this is the input layer. The reser-
voir state is specified by the concentrations of the various substances. Of particular 
importance here are the product concentrations .P1, .P2, and .P3. It is assumed that 
one can read out the reservoir state using a fluorescent probe. The known values 
of .P1, .P2, and .P3 are then fed into the readout layer (which is trained via linear 
regression.). The readout layer can be implemented on a computer, or as a part of the 
physical system. In total, one thus has a neural network consisting of a microfluidic 
DNA chamber and a single-layered neural network (for example on a computer) that 
receives an input signal in the form of an influx rate and returns an output signal that 
is obtained by feeding the measured product concentrations in the DNA chamber 
into the readout layer. 

8 Advantages and Disadvantages of This Approach 

While it is certainly impressive that test tubes filled with some chemicals can be 
used for handwritten number recognition, it should of course be noted that this is 
certainly not the most efficient approach if the recognition of handwritten numbers 
is our primary goal. If the numbers are primarily a proof of principle, what then can 
these methods be useful for? 

DNA neural networks require the input signal to have the form of a DNA strand. In 
general, this is a disadvantage since converting general input signals to DNA is quite
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an effort. This aspect can, however, turn into an advantage in contexts where the input 
signal takes the form of DNA strands (or at least that of biomolecules) anyway. This 
will primarily be the case in biomedical applications of neural networks. Suppose, 
for example, that a neural network has been trained to recognize genetic dispositions 
for a certain disease. If this network is implemented in DNA form, then one could 
just take a DNA sample from the patient, put it into a test tube, and then see a glowing 
test tube indicating that the gene one looks for is (or is not) present. 

A further aspect to note here are the time scales involved here. Photonic neu-
ral networks (see the chapters by Kathy Lüdge/Lina Jaurigue and by Lennart 
Meyer/Rongyang Xu/Wolfram Pernice) have the attractive feature that they oper-
ate with the speed of light, i.e., they are extremely fast. This can certainly not be said 
about DNA computers. Their computational speed depends on how fast the chemical 
reactions take place, which can be of the order of many minutes. An advantage, in 
contrast, is that DNA-based approaches are well suited for parallelization. These 
(dis)advantages are familiar from DNA computing in general. 

Moreover, there can be contexts where having a neural network that operates 
slower can actually be an advantage.3 A good example would be a network that 
processes temporal input signals, as is required, e.g., in speech recognition. In this 
case, it is advantageous if the system’s dynamics takes place on roughly the same time 
scales as the input signal rather than being significantly faster. Consider reservoir 
computing, where the employed physical system possesses a fading memory, as an 
example – if, after the second word of a sentence to be processed, all memory of the 
first word has already vanished, the system cannot process the sentence as a whole. 
A particular advantage of DNA neural networks in this context is that the speed at 
which the reactions take place (and thereby the speed at which the network operates) 
can be tuned by the experimenter, namely by changing the lengths of the toeholds 
(see Sect. 5). 

Finally, from a conceptual or pedagogical point of view, it should be noted that (if 
we ignore the details of the biochemical processes involved here) the neural network 
presented in Sect. 6 has an extremely simple architecture. It is therefore possible 
to explicitly model and understand how each entry of an intermediate state vec-
tor and each weight contributes to the final output of the network. Therefore, this 
approach helps to teach basic concepts of artificial intelligence to high school and 
undergraduate university students, a teaching concept based on this idea is outlined 
in Ref. [29]. Moreover, studying networks of this type allows to get a better intuition 
for how neural networks generally come to the conclusions they come to, a goal that, 
in the framework of “explainable artificial intelligence” [13] has motivated several 
works studying simple network architectures in other contexts (including biomolec-
ular ones [4]). For the same reason, the template of DNA neural networks can provide 
inspiration for other attempts to implement artificial intelligence in soft matter sys-
tems (see, for example, the chapters by Hartmut Löwen/Benno Liebchen, Julian Jeg-
gle/Raphael Wittkowki, Giovanni Volpe, and Jannes Freiberg/Roshani Madurawala

3 Thanks to Raphael Wittkowski for bringing this to my attention. 
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in this volume), and it is a helpful case study for philosophical discussions of physical 
computing (see the chapter by Luis Lopez in this volume). 

Note added in proof: During the production process of this book, a new study 
has appeared [K. M. Cherry and L. Qian, Nature 645, 639–647 (2025)] showing that 
an in vitro training of DNA neural networks is possible. This removes a disadvantage 
that this approach previously had (the need for in silico training). 

9 Summary 

In this chapter, I have provided a brief introduction to neural networks consisting 
of DNA, using as an example the winner-take-all network proposed in Ref. [5]. The 
input data is provided as a DNA strand and is processed via biochemical reactions. 
On this basis, it is possible to recognize handwritten digits using DNA. Moreover, 
I have briefly discussed a proposal for DNA-based reservoir computing [12]. Such 
approaches constitute a promising starting point for the development of intelligent 
matter based on biological materials, and might also find applications in, for instance, 
medical contexts where input data is already present in a biochemical form. 
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Intelligence Without 
a Brain—Perspectives from the Aneural 
Slime Mold as a Computing Model 
for Artificial Intelligence 

Jannes Freiberg and Roshani Madurawala 

Abstract The slime mold Physarum polycephalum is presented as an alterna-
tive model due to its complex behavior, learning abilities, and promising elec-
trical properties, despite being a single-celled organism. Its unique characteris-
tics, such as forming efficient networks and demonstrating memristive properties, 
make it a compelling candidate for new computing architectures. The slime mold’s 
natural energy efficiency and problem-solving capabilities offer valuable insights for 
AI, network design, material science, and environmental monitoring. This chapter 
proposes a framework for exploring Physarum’s potential both as a biological mate-
rial with neuromorphic qualities and as an inspiration for bio-inspired computing, 
suggesting that it may hold the key to advancing beyond traditional computing 
paradigms. 

1 Introduction 

When embarking into ‘perspectives of the aneural slime mold as a computing model 
for artificial intelligence’, it is essential to understand what a computer model is 
and the importance of a computer model for artificial intelligence (AI). Artificial 
intelligence, in simple terms, enables computers and machines to simulate human 
intelligence and problem solving. The first question that arises from this simple defi-
nition is, ‘How do computers and machines perform AI?’. To answer this question, 
we need to look back to the evolution of computing models which are from here forth 
known as computer architectures. The second question of the definition is ‘what is
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Fig. 1 Schematic of the a von Neumann architecture: the yellow arrow signifies the Von Neumann 
bottle neck. b Harvard Architecture. The memory—where data and instructions are stored, the 
control unit—which directs operations, the arithmetic/logic unit—which performs calculations, 
and the input/output systems—which interact with the outside world are sketched here 

human intelligence and problem solving?’. To answer this question, we need to look 
into the definition of intelligence and cognition. 

The evolution of computer architectures has been marked by significant mile-
stones, starting with foundational models such as the Harvard (1939), von Neumann 
(1945) and modified Harvard (post 1945) architectures. A computer architecture 
organizes the components (processor, memory, input/output devices) which make 
up a computer system as shown in Fig. 1. The rules that contribute to the computer 
architecture define how the software and hardware communicate in the device. These 
early designs laid the groundwork for modern ‘computing’ but have encountered 
notable challenges, especially in the context of big data and artificial intelligence 
(AI). 

The von Neumann architecture is characterized by its use of a single memory 
space for both instructions and data. This is very beneficial in implementing and 
self-modifying code. While the von Neumann architecture is easy to implement and 
simple to use because the instructions are executed in a linear fashion, one after 
the other, it suffers from a phenomenon called the ‘Von Neumann bottleneck’. This 
drawback occurs due to the shared memory system where instruction and data use 
the same communication path. In other words, this system can only retrieve one 
item from the shared memory at a time. The bottleneck becomes a critical limitation 
when dealing with immense data sets required for training AI models, leading to 
inefficiencies and slower processing times. 

In contrast, in the Harvard architecture the Von Neumann bottleneck is prevented 
by implementing separate memory units for storing data and instructions. There-
fore, a level of parallelism is introduced since the data and instructions can be 
retrieved simultaneously. This significantly improves the system’s overall perfor-
mance regarding speed and efficiency. While the von Neumann architecture has 
a low implementation cost, and a simpler design that fits into a small chip, the 
Harvard design results in high costs due to its complex design. However, modern 
processes typically use modified Harvard architecture which provides a smooth 
balance between the ease of implementation, cost and complexity.
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While artificial intelligence aspires to reach human intelligence there is a need 
for more energy efficient computing architectures possibly inspired by nature. “What 
other inspiration could there be if not for the highest inspiration of all time: the human 
brain?” The architecture of the human brain is strikingly distinct, featuring distributed 
memory and processing through every neuron, as well as parallel processing in 
separate regions of the brain. Consequently, the brain is not particularly adept at 
performing linear tasks such as calculations; however, it is highly proficient in training 
and pattern recognition. To illustrate, during a conversation with a friend, one’s brain 
may simultaneously process the other person’s attire, the content of their discourse, 
and the relevance of the topic to other similar experiences, while also monitoring the 
emotions and body language of the individual. To emulate these processes, contem-
porary AI programs frequently employ artificial neural networks (ANN) as software 
on conventional computing architectures. The fact that computer architectures are 
not yet optimized for parallel and distributed processing leads to excessive energy 
use. As AI and machine learning applications continue to grow, the need for more 
efficient computing paradigms has become apparent. 

This necessity has driven the exploration of neuromorphic computing. Neuro-
morphic computing is an approach inspired by the architecture/structure and the 
functionality of the human brain. Neuromorphic computing aims to replicate the 
neural structure and synaptic activities of the brain to create hardware capable of 
learning and processing information more efficiently. Potential benefits of a neuro-
morphic computing architecture include three-dimensional parallel processing as 
well as plasticity, which lead to learning and adaptability, high performance and, 
most of all, to energy efficiency. 

Implementing neuromorphic architectures in hardware involves designing 
specialized systems that can emulate the synaptic activity and neural computations of 
the brain. These hardware implementations are crucial for realizing the full potential 
of neuromorphic computing. This will enable the development of AI systems that are 
not only more powerful but also more sustainable in terms of energy consumption. 

Emerging computing architectures such as neuromorphic computing as well as 
quantum computing and biocomputing are still quite immature in research. For 
example, the von Neumann architecture, which established a clear and structured 
approach to computing, separates tasks into distinct, hierarchical components. This 
clarity and structure enabled the development of general-purpose computers, where 
different types of hardware could operate under the same principles, allowing soft-
ware to function uniformly regardless of specific hardware details. As a result, it is 
challenging to deviate from this well-established architecture. 

Establishing hierarchy and structure for neuromorphic architecture and hardware 
is sophisticated due to our lack of understanding of the brain. The anatomy of the brain 
and the properties of many parts are understood, but research on the true functionality 
is still complicated due to the size and complexity of the system. Most complex 
behaviors and computations are still often dubbed an “emergent property” that occurs 
when a sufficient number of neurons is connected, as the exact mechanisms are still 
unclear. The same problem can be observed in artificial neural networks: While the 
number of neurons and various parameters can be optimized for certain tasks, it is
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unclear what happens inside an artificial neural network and how it produces its 
output. 

To address these topics, in this book chapter we would like to propose investi-
gating a second possible computing architecture that may go hand in hand with the 
neuromorphic architecture, which is the ‘slime mold architecture’. Slime molds are 
unicellular amoebae, and the most widely studied slime mold species is scientifically 
designated as Physarum polycephalum. It is recognized for its complex, intelligent 
behavior, including the ability to respond to stimuli and learn from past experi-
ences, which is quite advanced for a single cellular organism. In addition, Physarum 
polycephalum exhibits promising electrical behavior. The electrical properties of 
Physarum such as oscillations and multiple resistances are important to understand 
the electrochemical mechanisms of the slime mold. These mechanisms have the 
potential to facilitate the incorporation of slime mold as an electrical component or 
the construction of artificial components exhibiting analogous properties. 

From our point of view, Physarum polycephalum can be studied under two aspects. 
The first aspect would be to study the abilities and the functions of the slime mold to 
mimic or be inspired by its behavior giving rise to a new computing architecture. The 
second aspect would be to utilize the slime mold as a biological material with signif-
icant electrical properties to support the neuromorphic architecture. Both possible 
aspects are converged in slime mold as a new model organism for AI. 

Accordingly, this book chapter will present a framework for considering the intel-
ligence of unicellular organisms, after providing an overview of the behavioral capa-
bilities of the slime mold that could be relevant for emulation. Subsequently, we will 
address the second aspect, namely the electrical properties that make it a potential 
foundation for neuromorphic computing. 

2 Intelligence, Cognition and Aneural Cognition 

Although the term “intelligent” was attributed to the slime mold in the introduction, 
there is a degree of controversy within the scientific community regarding the appro-
priateness of this linguistic designation in this particular context. When speaking of 
intelligence and cognition, both biological and artificial, the terms are often inherently 
associated with brains and nervous systems. It is universally accepted and proven 
that the brain serves as the centralized control unit of the human body. Sensory 
information is evaluated in a complex process involving correlation and integration 
of multisensory stimuli, memory and higher-order cognitive functions as thinking 
about thinking, making predictions based on past outcomes and more. The human 
brain is one of the most complex structures known to mankind, and the pinnacle 
of what the evolution of nervous systems has achieved so far. Consequently, the 
term cognition was first coined for describing human capabilities over half a century 
ago, during a movement that later became known as the cognitive revolution. It 
coincided with the first inception of artificial intelligence in the 1950s. At the time, 
psychology as a field was facing a revolution of its own. Before, behaviorism was
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the mainstream in psychology: the assumption that every behavior is the result of a 
stimulus or a learned reaction to a stimulus, while viewing the brain as a black box. 
Its focus on observable behavior helped psychology to become an objective field 
of science, but viewing the human mind as a black box denied any interpretation 
about underlying mechanics. At that time, it became apparent that this approach 
could mostly describe, but not explain complex behavior. Theories about the mental 
state and mind of humans were needed, and the core principles of behaviorism were 
slowly abandoned. These theories about information-processing in the brain made 
fruitful interdisciplinary work possible, where the fields of psychology, philosophy, 
linguistics, anthropology, neuroscience, and computer science could join forces in 
what became called ‘cognitive sciences’ in 1978 [1]. 

The main goals of the cognitive sciences are threefold: To provide explanations 
for what cognition is, what it does and how it works [2]. Since its inception fifty 
years ago, no unified definition of cognition was found and agreed upon. Instead, 
the historical approach was to wait until enough data has been accumulated, but 
despite an enormous mass of collected data, no definition has emerged [3]. Both 
cognition and intelligence can be applied in both broad and narrow contexts. Due 
to the strong connections to psychology, historically cognition was seen as a human 
trait, hence calibrated against the human experience [4]. In psychology, cognition is 
often described without a clear definition, instead lists of traits considered cognitive 
such as affect, learning, problem solving, communication, anticipation, or intention-
ality. Descriptions of these may read, for example, in problem solving as a listing of 
“rational decision making” and “abstract thinking”. Another example for commu-
nication is given by Lyon: “Verbal or written symbol systems whose units have 
semantic content (meaning) and their deployment is organized according to rules 
(syntax), both of which are conventionally established expressly for the purpose of 
information exchange.”  [4]. In animals, communication is often not verbal and never 
written, while problem solving behavior may be observed, abstract thinking might 
only be inferred. 

In human-centric sciences, describing human behavior in human terms seems 
natural. However, problems arise when evaluating non-human intelligence, as it is 
still measured against the human benchmark. If, for example, an animal displays 
certain traits and behaviors that are deemed cognitive in humans, it is then said to 
possess some degree of cognition, which typically is considered inferior to human 
cognitive capabilities. Lyon [3] defines this as the anthropogenic approach to cogni-
tion, while proposing another approach called biogenic cognition. Before exploring 
biogenic cognition, we should first investigate further into the anthropogenic 
approach to see why a different approach might be proposed. 

In the work of Lyon [3], a few traits of the anthropogenic approach to cogni-
tion are listed. Since human cognition is based on the brain and nervous system, 
anthropogenic cognition assumes that cognition is a function of the brain. Often, it 
is not referred to particular parts of the brain, as sometimes the neural substrate is 
not entirely known. This prerequisite is simultaneously too broad and too narrow. 
Too broad in the sense that not all parts of the brain and central nervous system are
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involved in what is considered cognitive, many others are just regulating bodily func-
tions. Therefore, claiming the brain as a prerequisite but not identifying which parts 
of the brain seems inaccurate. This is often further specified as a brain of ‘sufficient 
complexity’ without giving any indication of which level would be sufficient. The 
scientific consensus on that shifted drastically over time. 

During the cognitive revolution, the prevailing view was that learning and cogni-
tion were exclusive to higher organisms. These higher organisms at first included 
mostly mammals, while every other animal was considered evolutionary lower, less 
sophisticated, and not capable of cognitive functions. Invertebrates of any kind were 
excluded on behalf of their lower number of neurons. Invertebrates were thought of 
as purely running on instinct, executing their functions like pre-programmed robots 
[5]. Despite this, in the 1950s to 1960s, researchers such as McConnell successfully 
showed learning and memory in planarians, a type of flatworm with less than 50,000 
neurons [6]. At the time, these findings were inconsistent with the prevailing theoret-
ical frameworks. Planarian researchers speculated that in these invertebrates memory 
was not stored in the brain, but biochemically in special strands of RNA [7]. The 
search for a “memory molecule” failed, not because it might not exist, but because 
planarians and other invertebrates, appear to rely on their nervous system for cogni-
tion. In the following decades, more and more evidence of learning in invertebrate 
organisms was investigated. These studies extended from the highly evolved octopus 
to insects and crustaceans [8], even to jellyfish [9] and other cnidarians [10]. Due 
to their different body plan, Cnidarians lack a centralized brain- instead featuring a 
dispersed nerve-net, in some species with localized ganglia spread around the body. 
With increasing amounts of data showing learning and memory in many formerly 
underestimated phylogenetic groups of animals, from reptiles to fish to invertebrates, 
the focus shifted from requiring a brain for cognition to merely having a nervous 
system as a prerequisite. 

It must be reiterated that, while lacking a clear definition of such a big concept may 
seem to be a big oversight, the anthropogenic approach made sense both in a historical 
and practical way. As humans, it would be intuitive to start with the human brain and 
mind, because we have access to our own thoughts and can also communicate them. 
A critical examination of the historical perspective on animal cognition reveals the 
inherent limitations of this approach. It was assumed that animals considered most 
similar to humans were also the most accessible, thus facilitating the assumption 
that they possessed cognitive abilities. Down the evolutionary tree, where animals 
were more different from humans, therefore harder to interpret intuitively, were seen 
as less cognitively advanced. Sometimes, this view would even be reinforced by 
applying unsuitable experimental designs to the animals under study. 

For example, snakes and other reptiles were previously considered to exhibit 
deficiencies in cognitive abilities because they were often tested in settings designed 
for mice and rats, even though their metabolic rates are significantly slower. Mice 
are compelled to ingest food on a near-constant basis to sustain their metabolic 
processes, thereby making them highly motivated by food. In experimental settings 
where food is used as a reward, mice have a high intrinsic motivation to explore 
the setting, take risks and interact in any way possible to get to food. In contrast,
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reptiles have the capacity to survive for extended periods without food, therefore 
have other options when confronted with an unfamiliar and potentially hazardous 
environment. This typically manifests as a tendency to observe and move as little as 
possible, a behavior that may be perceived as a form of risk aversion. For decades, 
this behavior was viewed as a sign of the animal not being able to perform the given 
mental task, when in fact more recent research with better suited methods contradict 
this assumption [11]. 

The top-down anthropogenic approach fails to account for other potential 
instances of cognition. If the measure of cognition is defined as a human-like experi-
ence of life and the presence of a brain, then non-human animals, non-neural organ-
isms, and artificial intelligence cannot be considered cognitive. This approach to a 
phenomenon is unique to the field of psychology. In biology, the typical method 
for studying a phenomenon is not to begin with the most complex organism that 
exhibits the phenomenon but instead to focus on the simplest organisms where that 
phenomenon is present. This allows us to access and correlate observations with 
genetic and epigenetic data in order to get an understanding of the underlying systems. 
With that knowledge, it is possible to advance to more complex organisms to assess 
both similarities and differences, to get an understanding of the broader principles 
of the phenomenon [12]. 

The application of principles derived from biological research to the field of 
cognition has resulted in the emergence of the biogenic approach to cognition. The 
biogenic approach is less well-known and accepted within the scientific community, 
although it has gained some traction over the past few decades. The primary tenet 
of the biogenic approach is the assumption that complex cognitive abilities have 
an evolutionary history, evolving from more basic forms of cognition. This would 
permit the advent of novel cognitive traits during evolution, while maintaining incre-
mental distinctions between organisms. Moreover, it would facilitate the pursuit of 
the fundamental elements and most basic forms of cognition. From a biological 
perspective, this approach facilitates a more comprehensive comparison of cognitive 
processes with other features observed in living organisms. Additionally, it extends 
the scope of cognitive inquiry beyond the domain of humans and their evolutionary 
relatives, acknowledging the existence of cognitive abilities in other species [3]. 

To understand the importance of including other biological entities besides 
animals, it might help to look at the evolutionary history of life on earth. The oldest 
signs of life on earth are around 3.5 billion years old. The first fossil of what might 
have been a eukaryote is about 1.5 billion years old. This means that life has been on 
earth for at least 3.5 billion years. For the first 2 billion years of that, it was prokaryotic 
life- meaning that life on earth consisted of cells with no nucleus such as bacteria. 
Subsequently, with the rise of the eukaryotic life-forms, still nearly another billion 
years passed until the first animals emerged, with the oldest fossils being around 560 
million years old. Therefore, it can be clearly stated that life itself survived for around 
3 billion years without any nervous system, and it also had time to evolve in many 
ways. When looking at the phylogenetic tree of eukaryotic life-forms, it becomes 
abundantly clear that what we know as animals, plants and fungi are just a few very
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Fig. 2 The timeline of the development of life on Earth illustrates that animals, and therefore 
organisms with a nervous system, exist for only a small fraction of the entire existence of life itself 

successful groups in a much larger mass of living beings. Most of the other groups 
contain mainly unicellular organisms, making up most of earth’s biomass (Fig. 2). 

Survival is dependent on multiple factors, of which the adaptation to changes in 
the environment and the avoidance of life-threatening situations play a major role. 
As LeDoux [13] states: “As soon as there was life, there was danger”. Therefore, a 
system to detect danger and respond to it must have evolved long before animals and 
nervous systems. This appears to be the case with numerous mechanisms that are 
involved in the functions of the nerve cell. The primary function of this mechanism, 
namely the generation and propagation of electric action potentials, is not exclusive 
to animals; it is also observed in plants [14] as well as in the unicellular paramecium 
[15]. Very similar systems can be observed even in bacteria: As McKinnon showed, 
the structure and operation of the cellular ion channels to achieve electrical signals in 
the bacterium Bacillus subtilis is very similar to that in a neuron. The bacterium even 
uses that electrical signaling for both long-distance communication and coordination 
of group behavior, not unlike neurons [16]. 

If organisms without neurons already have some of the tools for cognition avail-
able, how do they use them? There is already a small but growing range of evidence 
for interesting adaptive behavior in unicellular organisms. While many of the cited 
examples are rather recent, coinciding with the rise of the biogenic approach, it has 
to be noted that this view on unicellular organisms was not uncommon before the 
cognitive revolution. Darwin already thought of an evolutionary ancestor to learning 
and complex behavior, not excluding any form of life out hand. In 1894, Binet 
wrote a book called “The psychic life of Micro-Organisms—A study in experimental 
psychology”, detailing his thoughts and work on unicellular organisms. In his book he 
claimed: “We could, if it were necessary, take every single one of the psychical facul-
ties [of animals] and show that the greater part of those faculties belonged equally to 
Micro-organisms”  [17]. Jennings, who worked extensively on the behavior of unicel-
lular organisms, found already in 1902 that the reactions of the ciliate Stentor roeseli 
greatly varied both between individuals and different trials on the same individual, 
calling their behavior complex and deeming them capable of learning [18]. 

Paramecium, a unicellular ciliate capable of moving freely through water, has 
been colloquially dubbed a “swimming neuron” in the last few years. They produce 
electrical action potentials as a reaction to stimuli, using them to modulate their 
swimming behavior. As a free-living cell, their behavior is complex. Paramecium are
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capable of detecting various stimuli and moving either towards or away from them, 
and even show simple social behavior. Their movement is sometimes described as 
“trial and error”, because they do not have full control over every direction—instead, 
using action potentials, they can swim backwards and rotate in a new, semi-random 
direction, before swimming forward again. They thus can achieve variations of both 
the duration and frequency of the reversal. The results of multiple escape experiments, 
in which a Paramecium was trapped and remained so for as long as it continued 
to follow its normal patterns of behavior, demonstrated that the Paramecium was 
capable of altering its behavior in a number of ways. Even more impressive, it seems 
to also retain some memory of the experience. When a Paramecium is tested multiple 
times it takes much less time to switch to the new behavior in subsequent trials [15]. 

Perhaps an even greater feat is associative memory, in which a connection between 
two previously unrelated stimuli, or a behavior and a stimulus, is learned and shown 
through the emergence of new reactions to old stimuli. In psychology, this feat has 
first been described by behaviorists as associative learning, and later in the paradigms 
of classical and operant conditioning. This process requires not only learning and 
memory, but also the information processing to correlate different sensorial stimuli 
and change the behavior accordingly. In 2019 it was shown that multiple species of 
amoeba can associate weak electric fields with a normally unrelated food stimulus. 
After training they completely reverted their reaction to the electric field even without 
the presence of the food stimulus [19]. This finding of classical conditioning in 
amoeba shows the enormous capability of information processing and behavioral 
flexibility in a single cell. [20]. 

While classical, anthropogenic approaches to cognition fail to account for these 
examples of non-animal behavioral adaptivity, in the biogenic approach they point 
to the evolutionary ancestors of our cognition. These phenomena have been found 
in many instances of eukaryotic life and are currently being investigated in bacteria. 
Looking for shared traits among different organisms can elucidate how similar some 
processes are, and how some traits evolved into others. Genetic study on planarians 
showed that 95% of the genes related to their nervous system, both involved in brain 
and neural morphogenesis, are shared with other, not closely related animal species 
like the fruit fly, the nematode C. elegans, and humans. This strongly implies a 
common ancestor for all their nervous systems. Approximately 30% of these genes 
are also shared by plants and yeast. These findings show that, much like the behavior 
and its mechanisms, the genetic building blocks of the nervous system are also found 
across the tree of life [21]. 

An approach to categorize the processes and mechanisms that allow organisms 
to ensure survival by meaningfully interacting with their surroundings, even long 
before nervous systems evolved, is the so called ‘basal cognition’. This concept, also 
a biogenic approach to cognition, has been developed to describe and investigate 
these instances of adaptive behavior that the anthropogenic approach to cognition 
often dismisses, in search for similarities and common mechanisms [12]. From this 
essence of the biogenic approach, a toolkit of basal cognitive capacities has been 
developed and refined, with definitions for cognitive phenomena that allow for clear 
testing without benchmarking on human intuition or outright excluding organisms. In
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this toolkit, the definition of learning is given as: “The capacity to adapt behavior to 
salient stimuli according to past experience by altering the threshold for or the nature 
of a response”. For the capacity of valence, which in anthropogenic approaches is 
often called affect, the definition is given as: “An organism’s capacity to assign a value 
(advantage/good, harm/bad) to a particular stimulus or the summary of information 
about its surroundings relative to its own current state. The “building block” of 
affect”. Analysis using this toolkit allows for the search for cognitive behavior in any 
organism. Additionally it facilitates the comparison between behavioral capabilities 
and their underlying mechanisms among species [12]. 

This approach with its toolkit allows the search for the minimal mechanisms 
capable of cognition. This could not only benefit the understanding of intelligence but 
also the development of artificial intelligence. Instead of imitating human behavior 
and human brains due to the anthropogenic approach, it allows for a more open 
view on cognition, both in consideration of what models to use and what artificial 
intelligence is supposed to achieve. Under this framework, the unicellular slime 
mold Physarum polycephalum can be deemed intelligent and capable of cognition, 
despite lacking a nervous system. Therefore, in the next section, we will elaborate 
on what Physarum is capable of and why it can be an interesting model for artificial 
intelligence. 

3 The Slime Mold Physarum Polycephalum 

Due to their unconventional biology, slime molds have been puzzling biologists for 
a long time. As the name implies, initially they were categorized as a special type 
of fungus. This was due to the end of their life cycle, in which they produce fruiting 
bodies called sporangia full of spores, visually similar to those of fungi. However, 
with further observations, it became clear that they are not related to fungi but are 
instead a special type of amoeba. In the case of acellular slime molds like Physarum, 
their spores hatch into haploid amoeboid cells. These cells combine pairwise with 
each other to form a diploid amoeba cell. Unlike other amoeba, this cell does not 
normally undergo cell division for asexual reproduction. Instead, only its nuclei 
multiply by division, while the cell itself constantly grows, forming a giant, multi-
nucleate cell called a ‘plasmodium’. This macroscopic amoeboid cell is one of the 
biggest unicellular organisms in the world, being visible to the naked eye reaching a 
few centimeters in diameter. The plasmodial stage is the main part of the slime mold’s 
life cycle. The plasmodium forages for nutrition, until it has matured. After matu-
ration, an external stimulus triggers the transformation into the spore filled fruiting 
bodies once more, thereby ending the life of the current plasmodium [22]. It must be 
noted that other types of amoeboid slime molds with other life cycles exist in nature. 
One of these is the well-studied cellular slime mold Dictyostelium discoideum, which 
is often used as a model organism. This organism has unique modes of organization 
and reproduction, but for this book chapter we will focus only on the plasmodial 
Physarum polycephalum.



Intelligence Without a Brain—Perspectives from the Aneural Slime … 313

In nature, Physarum polycephalum is found in temperate regions across the globe, 
predominantly in forests and woodland areas. Despite being widespread and featuring 
big, bright yellow plasmodia, Physarum polycephalum often goes unnoticed. The 
plasmodia frequently remain hidden under the leaf litter or within decomposing 
wood, where they feed on both the decomposing plant matter and the bacteria, fungi 
and other organisms that inhabit it. Plasmodia are mostly similar to other amoebae, 
except for their size. They move about by extending pseudopodia, though in larger 
specimens these pseudopodia may fuse together to form wave-like structures. Like 
other amoebae, they feed by phagocytosis, engulfing their prey in vacuoles, and trans-
porting it inside the cell for digestion. They are only active under humid conditions, as 
they depend on humidity to survive; however, this does not mean they are exclusive to 
damp environments. Under sub-optimal circumstances, a plasmodium may undergo 
a process known as sclerotization. The removal of water from the system results in 
the formation of a dry, hardened mass, which serves as a storage for cellular compo-
nents and nutrients while maintaining a state of complete dormancy and inertia. This 
sclerotium has the capacity to survive for extended periods, up to several months or 
even years. When conditions become more favorable, the sclerotium absorbs water 
and revives into a healthy plasmodium. Consequently, Physarum polycephalum is 
also found in more arid regions of the world, with its activity constrained to the 
period following precipitation [22] (Fig. 3).

The plasmodial stage exhibits complex physiological and behavioral features, 
easily observable due to their macroscopic size. The plasmodial stage is long-lived 
and can be maintained in a laboratory setting for months, and subsequently stored 
for months as sclerotia. The plasmodium’s amoeboid nature enables it to divide into 
multiple independent parts, or it can be divided manually without affecting the health 
of either part. The combination of these characteristics allows for rapid propagation 
of plasmodia. Maintenance is also relatively straightforward, as oat flakes have been 
established as a main food source. This has led to numerous researchers adopting 
Physarum as a model organism, providing us with a wealth of information about this 
organism, from its complete genome [24] to its biology and behavior. 

What methods can be employed to analyze the behavior of a plasmodium? 
By observing the organism’s reactions to stimuli, it can be determined whether the 

organism is able to detect them. In the plasmodium, two main movement parameters 
are considered: The rhythmic movement of the cytoplasm within the cell and the 
movement of the plasmodium itself are of particular interest. The former is a slow-
moving, oscillating transport mechanism of cytoplasm throughout the cell, reversing 
the direction of the flow every 60–120 s. This phenomenon, known as shuttle trans-
port, is vital for the distribution of nutrients and chemicals throughout the cell. It reacts 
to stimuli, becoming faster or slower depending on the environmental conditions. 

The second way to analyze the behavior of the slime mold is by observing its 
movement across its substrate. The movement of an organism in response to a stim-
ulus is called taxis. Positive taxis is a guided movement towards the stimulus and 
negative taxis is a movement away from it. Submitting a plasmodium to a controlled 
environment with a gradient of a specific stimulus allows to determine if it perceives 
the stimulus. If it moves repeatedly and systematically towards or away from the
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Fig. 3 a Plasmodium of Physarum polycephalum, moving as a wave of combined pseudopodia 
and leaving behind a network of tubuli to connect with other parts of the plasmodium. b Plas-
modial movement with a spread of pseudopodia not connected at the tips. c Mature sporangia of P. 
polycephalum filled with reproductive spores, the end of the plasmodial lifecycle

stimulus, it is reasonable to assume that it perceives that stimulus, and gauging the 
direction allows for speculation if the organism assigns positive or negative valence 
to the stimulus. In contrast, if the organism does not move systematically but in 
random patterns, it is possible to assume that it does either not perceive the stimulus 
or does not assign any value to it. The following sections will present an overview 
of the known stimuli that elicit a response from Physarum. 

Chemical sensing—The world of microorganisms is mainly a chemical world, 
and this is true for Physarum as well. It uses chemical senses both to find nourish-
ment and avoid harmful stimuli. Physarum responds with positive taxis to chemicals 
supporting the growth of the plasmodium, such as some carbohydrates like glucose, 
maltose or peptone. Others, however, like sucrose, fructose or ribose were ignored, 
implying that they are either not relevant and/or cannot be sensed by the slime mold 
[23]. The same applies to amino acids. Some evoke positive taxis, others negative, 
and some do not influence movement at all [24]. Inorganic salts like chloride salts 
of potassium or sodium and some others work as repellents [25]. These reactions 
are not only dependent on the presence, but also on the chemical concentration of 
the chemicals. High concentrations of carbohydrates are harmful to plasmodia, and
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it has been shown that they are actively avoided. When foraging, Physarum evalu-
ates nutrient ratios, choosing not the highest concentration but the best ratio for its 
sustenance [26]. In Boisseau et al. acidic media have been used as repellents as well, 
indicating that Physarum is capable of sensing acidity in a medium [27]. In recent 
years it was also found that slime mold reacts positively to plants with sedative prop-
erties, strongest of all to Valerian root. While the reason is unclear, many animals 
also show positive chemotaxis towards Valerian [28]. 

A special case of repellent is the extracellular slime consisting mainly of a glyco-
protein that is constantly exuded by moving plasmodia. This slime is avoided by the 
plasmodium on contact and therefore serves Physarum as an external spatial memory, 
marking the cell’s path and guiding foraging to new, unexplored areas. This reac-
tion however is also not absolute: When a plasmodium is completely surrounded by 
extracellular slime, it stops avoiding it, so it cannot be trapped by its own slime [29]. 

Light sensing—Physarum has no complex optical sensors to perceive the world 
around it in shapes, but it is capable of sensing light and differentiating between 
different wavelengths. As a single cell, a plasmodium is vulnerable to UV-light. 
Prolonged exposure to UV light initially causes a stress reaction, then irregular 
streaming and disruption of the plasmodium until death. In many experiments it could 
be shown that a plasmodium moves away from the UV light whenever possible [30]. 
This negative phototaxis could be shown for many wavelengths from UVC to UVA 
and blue light. Negative phototaxis could also be found on the other end of the light 
spectrum. Physarum exhibits an avoidance reaction to far red light close to infrared. 
At first this is at odds with the fact that the spore-filled fruiting bodies are always 
found in well-lit, raised places. To explain this it has been speculated that a well-fed, 
healthy plasmodium ready to produce spores does not change its negative phototaxis 
to positive. Instead, it inhibits its photoavoidance, while relying on other systems like 
gravitaxis to find higher places for sporulation [31]. Furthermore, it could be shown 
that prolonged irradiation with blue light and UV-light, as well as far-red light, could 
induce a reaction called photofragmentation. After prolonged irradiation, the plas-
modium breaks up into equally sized spherules, forming small individual plasmodia. 
It is not known however if this process is a stress-reaction, trying to break up into 
smaller individuals to have more chances of escape, or instead part of the sporula-
tion process. The photofragmentation-process due to far-red light could be inhibited 
by presenting red light with shorter wavelengths. This hints at similar processes to 
those found in plants, suggesting that light-sensitivity is mediated by phytochrome-
like proteins [32]. The differentiation between red and far-red light is also present 
in the behavior: Physarum moves towards red light, as long as it is not too bright, 
being the only positive phototaxis the plasmodium expresses [33]. An experiment 
measuring the oscillations of Physarum under various illuminations showed that it 
not only reacted to the presence of red, blue, green, and white light, but also had 
distinct oscillation patterns that could only be seen under red light and blue light 
respectively, showing that it is capable of sensing visible light and especially differ-
entiating between blue and red light [34]. Calcium-inhibitors have been shown to 
inhibit the phototactic reactions of Physarum, indicating that calcium ions and in 
extension electrical signals play an important role in light sensing [35]. Quick pulses
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of illumination alternating with darkness are capable of reversing the negative photo-
taxis, showing a possible link between the internal oscillations of the slime mold and 
its behavior [36]. 

Temperature sensing—Physarum polycephalum is found in a wide geographic 
range, and therefore seems to withstand a broad range of temperatures. However, 
it has been shown that the internal plasma transport is dependent on the outside 
temperature, indicating that some temperatures are more favored than others [37]. It 
is also known that cold temperatures close to freezing lead to sclerotization and 
therefore seem to be unfavorable to Physarum [38]. When given a temperature 
gradient, Physarum shows both positive and negative thermotaxis—moving away 
from both extremes. While authors differ on what the optimal temperature is, with 
some claiming 28–30 °C [39] or rather 24–26 °C [40], both studies show that the 
plasmodium seeks out an optimum. A single plasmodium is simultaneously capable 
of both positive and negative thermotaxis, withdrawing from the colder and warmer 
sides to arrange itself in the optimal zone [40]. An experiment with oscillating temper-
atures as stimuli showed that timing the oscillation of the temperature in relation to 
the shuttle-transport may reverse the thermotaxis. This suggests that the internal 
protoplasm-oscillation may play an important role in the thermotaxis [41]. 

Gravity sensing—Few studies exist on the effect of gravity on Physarum,  but  the  
main consensus is that it prefers to wander towards gravity. This has been shown by 
BLOCK ET AL., where plasmodia were put on vertical plates. This could further be 
shown in a glass cylinder that was rotated in regular intervals, in which the plasmodia 
immediately changed movement direction after each rotation [42]. However, it must 
be mentioned that gravitaxis may change during the lifecycle of a plasmodium, 
as mature plasmodia might actively seek out elevated places in the light for better 
spore dispersal. So far it is not known if this process is guided by gravitaxis. In 
an experiment where slime mold was brought into zero gravity conditions during a 
space-shuttle mission, it was observed that the oscillation of the cytoplasm slowly 
increased after gravity reached zero, showing a response to missing gravity [43]. 

Electrical current sensing—Galvanotaxis, the orientation and movement along 
electrical fields, can be found in many unicellular organisms. Therefore, it is not 
surprising that it has been shown in Physarum as well. In a weak electric field, 
Physarum generally tends to move towards the cathode. Instead of a guided move-
ment, the electric field seems to inhibit movement towards the anode, so rather than 
exhibiting a specific taxis the electric field seems to interfere with the slime molds 
coordination of movement [44]. A further study has shown that the electric field 
mainly influences the distribution of potassium throughout the plasmodium, causing 
an overall loss of potassium in the cell [45]. While an electric field can be used to 
guide the movement of Physarum [46], galvanotaxis does not seem like an intentional 
behavior. 

Magnetic field sensing—A recent discovery is that Physarum also exhibits 
magnetotaxis, indicating a response to magnetic fields. Given its demonstrated 
capacity for galvanotaxis, researchers postulated that it might also react to magnetic 
fields. When maintained in a magnetic field, the plasmodium consistently demon-
strates a tendency to move in alignment with the magnetic field lines. The direction
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of movement appears to be influenced by multiple factors, including the size of the 
plasmodium and the strength of the magnetic field. Magnetotaxis is also found in 
other organisms like bacteria and migratory birds, but both groups of organisms use 
magnetosomes, magnetite crystals responding to geomagnetism. In Physarum, these 
crystals have not yet been reported. Furthermore, unlike in Physarum, magnetotactic 
bacteria are not able to change their magnetotaxis like Physarum does in relation 
to its size, implying that a more complex mechanism is at work [47]. Magnetotaxis 
might also explain the findings of another experiment in which plasmodia were put 
into T-labyrinths showed an unexpected preference for the right arm. Lateralization 
as we know it from bilaterally symmetrical animals at first seems baffling, since the 
slime mold is amorphous without permanent structures. But in the discussion the 
authors also noted that the right arm of the labyrinths was facing north, so a different 
explanation might be that the slime molds instead followed the magnetic field of the 
earth itself [48]. 

Considering a plasmodium is just a single cell, it can gather a plethora of infor-
mation from its surroundings. To coordinate unified reactions throughout the plas-
modium, it becomes necessary to process and integrate the information from the 
various senses, especially considering that, due to the size of a plasmodium, different 
parts of the cell might be in contact with different stimuli. The Skin-Brain-Hypothesis 
proposes that early multicellular animals evolved a nervous system because they 
faced a similar challenge, with both information processing and movement coordina-
tion equally important for survival of larger cell colonies [51]. While the mechanisms 
might be different, slime mold shows many behaviors not unlike those of animals 
with nervous systems. The following section will examine the evidence for complex 
behavior and assess its potential to be classified as intelligent. 

One of the most widely known findings is that Physarum is capable of reliably 
finding the shortest path through a maze. In an experiment, the plasmodium was 
allowed to spread out through a maze, while a food-source was placed on each of the 
two ends of the maze. After exploring, the plasmodium retracted until only the most 
efficient connection between the food sources remained—the shortest path [49]. In a 
series of studies, it could be shown that in various contexts the plasmodia were able to 
find the shortest paths between multiple food sources, showing complex structures 
obeying mathematical rules [50]. This in turn inspired new mathematical models 
for pathfinding in mazes and roadmaps [51]. In complex situations with multiple 
food sources Physarum does not always use the shortest paths, but instead seems to 
optimize between robustness and shortest-path-efficiency, including fault tolerance 
for spontaneous disconnection [52]. This alone inspired many mathematical models, 
for example new solutions to the traveling salesman-problem. 

Physarum is capable of decision-making and evaluating different food sources. 
In experiments with two choices [53] and three choices, the plasmodia took more 
time to decide for one of the food sources if the overall nutritional value was low, 
showing a more careful behavior in a low resource situation. Similar behavior is 
observed in multiple species of higher animals, including humans [54]. Furthermore, 
individual plasmodia from the same species show different foraging types, with some 
making consistently faster decisions then others [53]. Physarum has a preferred ratio



318 J. Freiberg and R. Madurawala

of carbohydrates and protein in their food. As mentioned above, when presented 
with multiple choices, all featuring different ratios but without presenting an ideal 
one, Physarum solves the problem by spreading out: They choose a few of the 
different ratios available, so that the sum of the choices made is also the optimal 
ratio, demonstrating the integration of various sources of information. [26]. 

Slime molds are also capable of integrating multiple types of stimuli. When given 
a choice between low-quality food in the dark and higher quality food in a well-lit 
area that the plasmodium would normally avoid, it chooses the safer option in the 
dark—unless the difference in caloric value between the food sources is high enough, 
causing a shift in preferences regardless of the light. This shows that the slime mold 
is capable of comparison between food sources and of changing its foraging strategy 
accordingly. In another version of the same experiment, the nutritional values of the 
food sources were balanced, so that the Physarum had no strong preference for one or 
the other. Then, an even lower valued food source in the dark was introduced as a third, 
least desirable option. In previously starved plasmodia it had no effect, but in well-fed 
plasmodia a significant shift in their preferences away from the food source in the 
light could be found. While no plasmodium took the third option, it still influenced 
the overall outcome. This irrational behavior, commonly seen in various animal 
and human trials, shows that despite its efficient seeming nature Physarum does 
evaluate its choices on comparative values [55]. The decision making in Physarum 
has been further tested using the two-armed bandit problem from gambling. In the 
experiment, the plasmodium has to choose between two paths with varying food 
contents by testing both paths and using the information gained to ultimately make a 
decision. Various scenarios were tested, using both predictable and non-predictable 
configurations. Physarum was able to find good solutions even in unpredictable 
environments, performing at the level of vertebrate animals [56]. 

These findings demonstrate that Physarum is capable of interacting in various 
ways with its world, often using complex behavior to solve complex problems. But 
is it also capable of adapting to change, by forming memory and learning? 

One of the first findings concerning memory was the anticipation of recurring 
events. In the experiment, the plasmodia were subjected to aversive stimuli at regular 
intervals, causing them to slow down their movement during the application of the 
stimulus. After only three applications, the slime mold would respond after another 
interval had passed—even in the absence of the stimulus. While the reaction faded 
in the continued absence of a stimulus, it could also be renewed with a single new 
application, leading to another anticipatory reaction after the interval had elapsed 
[57]. 

One of the simplest forms of learning is habituation: The decrease of a response 
to a stimulus after repeated or prolonged exposure. In an experimental setup showing 
habituation, plasmodia had to cross a path of agar enriched with the repellent quinine 
to reach a food source. At first, the plasmodia would stop at the quinine for a while, 
and when they extended along the bridge, the connection formed was narrow to 
avoid exposure to the repellent. Over the course of 9 repetitions, the time it took to 
cross the quinine-agar became shorter, the surface of the plasmodium on the quinine 
agar greater. At the end of the experiment, the plasmodia behaved no different than



Intelligence Without a Brain—Perspectives from the Aneural Slime … 319

the control slime molds that had to cross normal agar without quinine. Moreover, 
if the repellent was withheld for two days, the aversive reaction to it spontaneously 
returned. Additionally, if a slime mold habituated to quinine was confronted with 
another repellent (caffeine), an aversive reaction occurred, showing specificity in 
habituation. This shows that the slime mold is capable of habituating to aversive 
stimuli while at the same time differentiating between them [27]. In a follow-up this 
experiment was repeated with sodium chloride as a repellent, and it could even be 
shown that the memory of habituation can be transferred to other plasmodia. When 
a habituated plasmodium is brought into contact with another non-habituated plas-
modium, they typically form connections and exchange cytoplasm. After severing 
the connection, the non-habituated plasmodium shows the habituation-response as 
well [58]. 

So far, only one experiment on associative learning has been reported. In an 
environment with a temperature gradient without other stimuli the plasmodia would 
move towards the warmer side due to their positive thermotaxis. Food, however, 
was only placed on the colder side. During one week of experiments, the plasmodia 
acquired the tendency to move towards the colder side, reverting to the original 
thermotaxis. Even the authors concede that this might either show associative learning 
or just habituation to the cold, giving not enough evidence to completely assume 
associative learning has happened [59]. It is, however, likely that Physarum might 
show true associative learning in further studies, as it has already been shown in 
distantly related amoeba species [20]. 

While only few experimental observations of slime mold behavior exist compared 
to animals, they show that it is an organism capable of complex information 
processing, decision-making and behavioral flexibility, despite being one cell instead 
of a whole nervous system. To understand the cellular mechanisms leading to this 
basal cognition might be a promising path to understanding both cognition in more 
complex organisms, as well as emulating it to create artificial intelligence- not on 
the level of human cognition, but as a more energy efficient autonomous problem-
solving machine, as many tasks for robots do not require human level intelligence. 
Therefore, Physarum is already a promising behavioral model for artificial intelli-
gence. The behavior, however, is not the only interesting part—investigations into the 
electrical properties revealed that Physarum itself might be an interesting biomaterial 
and substrate. 

4 A Brief History of the Electrical Experiments 
on the Slime Molds  

Electrical experiments are performed to understand basic electrical principles such 
as current (the flow of electric charge), voltage (the potential difference that drives 
the current) and resistance (opposition to the current flow). Electrical experiments 
are also carried out to study how different materials conduct electricity. This is



320 J. Freiberg and R. Madurawala

important in identifying suitable materials for various applications such as conductors 
as electrical wires and insulators as protection for the wires and semiconductors for 
computer chips. Many electrical experiments are performed to innovate and develop 
new technologies, such as more efficient solar cells and batteries and even new 
computing architectures. 

The plasmodium state of Physarum polycephalum is a unicellular organism with 
multiple nuclei. Such unicellular organisms have always been attractive in investi-
gating their biological processes and the driving force of these processes. Electrical 
experiments on the slime mold Physarum polycephalum were first published in 1950 
by Kamiya et al. [60]. They observed that the protoplasmic flow, which is the back-
and-forth movement of the slime mold’s protoplasm, generates a potential differ-
ence within the organism. The authors introduced a novel method to measure this 
electromotive force, which is the electric potential of the slime mold. This method 
involves two plasmodia of Physarum polycephalum connected by a protoplasm 
strand exhibiting lively movement. They found that the electromotive force changes 
rhythmically, corresponding to the cyclic back-and-forth streaming, with amplitude 
variations within 10 mV under constant conditions. Their findings include:

• The rhythmic potential changes occur regardless of whether the flow is free or 
obstructed by local blocking or balancing pressure.

• Local differences in bio-electric potential are not directly caused by the proto-
plasmic flow or streaming potential and do not explain the flow as electroen-
dosmosis, which is the movement of water or solution in response to an electric 
field.

• Besides slow cyclic variations, there are quick, transient potential variations 
occurring spontaneously or induced by weak mechanical shocks (Fig. 4).

The effect of mechanical shocks on Physarum polycephalum was explored in 
a subsequent study by Tasaki et al. [61]. They observed that the resistance of the 
plasmodial strand between electrodes was generally about 5.0 Megohm, varying 
rhythmically up to 20 percent. Furthermore, they identified key differences between 
the responses of plasmodia and nerve cells.

• The response amplitude in the slime mold increases with the strength of the 
stimulus within certain limits, whereas in nerve cells, the response follows an 
all-or-none pattern.

• The slime mold shows summation when two stimuli are applied shortly apart, 
unlike nerve cells which have an absolute refractory period until activity ceases. 
The duration of the negative variation in the plasmodium is about 2000 times 
longer than the chronaxie,1 whereas in nerve cells, it is only several times longer.

1 Chronaxie is a standardized method used in the field of biology to characterize the electrical 
excitability of muscle cells and neurons. This allows for comparison between experiments and 
types of cells. Excitation occurs at a faster rate in relation to the strength of the electrical stimulus. 
For the characterization of tissue, the minimum stimulus (rheobase) and the time required for a 
reaction to occur in response to it are recorded and compared to the so-called chronaxie, which
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Fig. 4 Some basic parameters helpful in understanding electrical properties. In the two left images, 
a battery is connected to a lamp via a conducting wire. A battery supplies a voltage difference which 
drives a current through the circuit. An electric current is just the flow of charged particles through 
the wire. When the circuit is open, as shown in the top right image at the switch, the current flow is 
interrupted. Therefore, the lamp is switched OFF. However, in the bottom left image, the circuit is 
closed therefore the lamp is ON denoted by yellow. This shows that the chargers leaving the battery 
should go through the closed circuit and come back to the battery for the lamp to be lit. In the two 
schematics to the right, the lamp is replaced by a resistor which is an electrical component that 
implements electrical resistance. According to Ohm’s law (V = IR) the resistance can be calculated 
by the ratio of the applied voltage and the current output. The higher the resistance, lower the current 
that passes through a circuit for a given voltage. When the two resistors are added in series the total 
resistance is the summation of the two. This is shown in the Current–Voltage plot (I-V plot) on the 
bottom right image

The study concluded that a stimulating current flowing outward through the proto-
plasm surface is more effective than one flowing inward. Furthermore, the underlying 
process of electrical responses is consistent regardless of the stimulation method, and 
protoplasmic flow continues unimpeded when electrical responses are induced. 

Following these findings, Burr posed a key question: ‘Does the change in direction 
of protoplasmic movement result in changed polarity, or does changing polarity 
cause the reversal flow?’  [62]. At the time, Physarum polycephalum was studied 
to understand the vertebrate brain’s behavior. Burr’s experiments confirmed that 
electrical changes affect the growth patterns of the slime mold, similar to findings by 
Kamiya and Abe. However, it remained unclear whether the streaming produces the 
potential or vice versa. Burr observed protoplasmic movement without characteristic 
potential changes and polarity changes without movement. 

Burr also confirmed Physarum’s response to mechanical stimuli, similar to obser-
vations by Tasaki et al. He noted that Physarum not only responds to stimuli but also 
transmits them through its protoplasm, akin to nerve fibers. However, later Burr et al.

represents the time required for cells to react to a stimulus with double the strength of the rheobase. 
In this case, it is used to highlight the difference in excitability between plasmodia and neurons.
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dismissed the hypothesis that the protoplasmic thread is similar to a nerve fiber due 
to Physarum’s inconsistent responses. They noted that while Physarum can transmit 
stimuli, it differs from other tissues. They referenced Tuac et al. where no action 
potential was observed in Physarum, possibly due to membrane formation over the 
electrode. Despite this, they concluded that a primitive life form like Physarum yields 
an action potential when stimulated electrically or mechanically [63]. 

In 2007, Adamatzky introduced the concept of “Physarum machines” to compute 
minimum spanning trees (MST) for various applications such as network design 
[64]. In network design, finding an MST helps to determine the most efficient 
way to connect all locations with the minimum total connection cost, avoiding 
redundant paths. By using Physarum polycephalum, which naturally forms efficient 
networks to explore its environment, Adamatzky et al. aimed to demonstrate how 
biological systems can solve complex computational problems like finding the MST 
in a graph. Although Physarum did not compute an exact MST, it demonstrated 
stable and adaptive computation. This research established Physarum as a model for 
studying behavioral intelligence, leading to several mathematical models explaining 
its behavior. 

The exploration of Physarum’s electrical characteristics continued in 2014 when 
Gale, Adamatzky and De Lacy Costello questioned if Physarum could function as a 
‘memristor’ [65]. 

5 Physarum as Memristor 

A memristor, an abbreviation of “memory resistor,” is a specific type of electrical 
component that regulates the flow of electrical current in a circuit. It possesses a 
distinctive property, namely the capacity to retain the amount of charge that has 
previously flowed through it. This memory capability results in a change in the 
resistance of a memristor based on the history of the current that has passed through 
it. This renders it a valuable component for incorporation into memory storage, signal 
processing, and neural networks. Memristors were theorized by Chua in 1971 [66] 
and were later physically realized by researchers at HP labs in 2008 [67]. Memristors 
are considered the fourth fundamental passive circuit element alongside resistors, 
capacitors and inductors.2 

Gale et al. showed that Physarum exhibits memristive properties and hysteresis. 
Hysteresis occurs when the response of a material to an external force depends on 
the system’s history. Furthermore, the memristive response is attributed to the living 
protoplasm since it disappeared when Physarum moved and abandoned the measure-
ment area. The study suggested that Physarum’s memristive behavior is similar to 
neurological components, indicating a possible evolutionary use of memristance in

2 A passive circuit element is a component that does not generate energy but can store or dissipate it. 
These components do not have the capability to amplify or create electrical signals, instead manage 
the flow of electrical energy within a circuit. 
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learning systems. This study further suggests that future electronic designs could 
incorporate slime mold networks for high-density, low power computing elements. 
The slime mold memristors in this study had a lifespan of 3–5 days. However, the 
authors suggest that enhancements with functional materials could extend this and 
provide varied electronic properties. Furthermore, growing electronic circuits from 
Physarum could reduce water use and toxic waste in the electronics industry [65]. 

Further advancing the field, Adamatzki’s 2015 publication ‘A would be nervous 
system made from slime mold’, proposed the concept of a Physarum neuron. This 
study explored creating a living neural system with Physarum, comparing their proto-
plasmic tubes to neurons axons and dendrites. The slime mold’s ability to propagate 
calcium waves and exhibit memristive properties suggested it could function as a 
biological neural network. Proposed potential applications include biohybrid sensors 
and hybrid wetware-hardware devices for detecting non-lethal substances for living 
cells. The slime mold’s self-growing, low-maintenance nature makes it a promising 
candidate for integration into bio-inspired robots and fluidic controllers [68]. 

In an experiment by Braund and Miranda, Physarum polycephalum was used as 
a biological computing substrate in the field of unconventional computation [69]. 
Inspired by Miranda et al. [70], the extracellular membrane potential of Physarum 
was recorded to create a bionic musical instrument. In this setup, Physarum serves 
as a cost effective and resource-efficient biological computing substrate. The bionic 
instrument generates sounds from the electrical activity of the slime mold, including 
oscillations in the protoplasmic tubes and the electricity produced by the plasmodium 
as it moves over a substrate. 

6 Growing Bio-Memristors from Slime Mold 

An ideal memristor, hypothesized by Chua, is a passive circuit element that does not 
store energy, with its I-V curve passing through zero [66]. However, the slime mold 
showed an imperfect memristive curve (deviation from ideality) with an offset in the 
hysteresis curve, which the authors related to the oscillating cytoplasmic movement 
in the protoplasmic tubes. This movement coupled with ion flow, generates a current. 
This phenomenon echoes the observations of Kamiya et al. in the 1950s, who noted 
changes in resistance in the protoplasmic tubes, although they did not correlate 
this to memristive behavior [60]. Miranda et al. modeled Physarum polycephalum 
memristors as a ‘two port black box that contains a battery and a memristor’ [71] 
(Fig. 5).

Miranda et al. further elaborated on a method for growing bio-memristors using 
Physarum polycephalum. They used 3D printing to create receptacles for the slime 
mold. High-impact polystyrene was used to print the chambers, lids and base, 
while conductive polylactic acid (PLA) was used for the electrodes. The recepta-
cles presented in this work showed promising results for implementing Physarum 
polycephalum memristors, demonstrating the potential of this approach for practical 
bio-computing applications.
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Fig. 5 A memristor is a potential electrical component that has the capacity to mimic synaptic func-
tions, thereby enabling brain-inspired neuromorphic computing. An array containing memristors 
has the potential to provide synaptic characteristics, which, when combined with a neural network, 
could be used for data processing in a neuromorphic computer. The term “memristor” is derived 
from the combination of “memory” and “resistor.“ In essence, it signifies the ability to retain the 
amount of current flowing through it over time. An ideal I-V curve for a memristor would be repre-
sented by the plot on the left. The low resistance state is indicated by “on,” while the high resistance 
state is indicated by “off.“ The transition from the high resistance state (off) to the low resistance 
state (on) is referred to as a “set,” while the transition from the low resistance state (on) to the high 
resistance state(off) is referred to as a “reset.“ The plot on the right illustrates a schematic of how 
such an ideal I-V curve for the slime mold would appear

At a future time point, with an increasing understanding of the brain and proper 
hierarchy and structure for neuromorphic computing architecture is established, the 
electrical properties of the slime mold such as the memristance, oscillations, response 
to electrical and mechanical stimuli and embedded potential battery characteris-
tics could be harnessed from Physarum polycephalum. Furthermore, due to these 
properties slime mold itself could be a biomaterial for such an architecture.
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7 Slime Mold Computing—Future Perspectives 

The study of slime mold has witnessed a gradual yet consistent advancement over 
time, uncovering a multitude of fascinating characteristics and frequently giving 
rise to new inquiries. This ongoing discovery process suggests that slime molds, 
particularly Physarum polycephalum, might hold the key to solving various complex 
problems that span over multiple fields, such as:

• Computing and network design: Physarum’s ability to form efficient networks 
can inspire algorithms for optimizing network paths and resource distribution.

• Material science and engineering: Physarum’s growth patterns and adaptive 
behaviors can inspire the development of new materials and structures that self-
organize and self-repair.

• Environmental monitoring and management: Physarum’s sensitivity to envi-
ronmental changes can be investigated to create biosensors for detecting pollutants 
or monitoring ecosystem health.

• Artificial intelligence and robotics: Physarum’s simple yet effective problem-
solving capabilities can contribute to the development of bio-inspired (Physarum-
inspired) algorithms and robots that mimic biological processes. 

These unicellular organisms demonstrate remarkable complexity and sophisti-
cated behaviors, challenging traditional notions of intelligence and supporting the 
biogenic approach to cognition proving that intelligence does not necessarily require 
a brain or even a nervous system. 

Physarum polycephalum, in particular, is a prime example of what a single cell can 
achieve. Its behavior exhibits a degree of complexity and adaptability that challenges
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multi-cellular organisms. However, its unicellular nature makes it easier to study 
compared to a network of cells. The slime mold’s electric properties are linked 
to its behavior in a complex manner. These properties show both similarities and 
differences to neuronal activity, suggesting that while Physarum’s behavior can be 
partially understood through the lens of neuroscience, it also offers unique insights 
that differ from traditional neural models. 

Neural networks have often inspired the development of Artificial Intelligence 
(AI). However, simulating artificial neural networks (ANNs) on classical computer 
architectures is highly energy insensitive and inefficient. This inefficiency has driven 
a shift towards new computing hardware architectures based on memristors which are 
electronic components that mimic the synaptic behavior of neurons. While this shift 
aims to emulate the biological structure of nervous systems, Physarum polycephalum 
already naturally exhibits networked structures with oscillations and memristive 
properties. Moreover, it achieves this with remarkable energy efficiency, operating 
solely on simple nutrients like oat flakes. 

Given its natural efficiency and computational capabilities, Physarum poly-
cephalum presents a compelling model for investigation and inspiration. It aligns 
closely with the principles of memristive computing and demonstrates the potential 
for complex problem solving. Although a single slime mold cannot match human 
intelligence, understanding and harnessing its capabilities could lead to revolutionary 
advancements in computer architecture. Such advancements might transcend the 
limitations of traditional computing and redefine our concepts of intelligence. 

In summary, slime molds, particularly Physarum polycephalum, challenge our 
understanding of intelligence and computation. Their unique properties and behav-
iors offer valuable insights that could inform the development of more efficient and 
effective computing systems. As research continues, the potential applications of a 
slime mold-based computing architecture could transform technology and expand 
our understanding of cognitive processes. 
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Integrated Photonics for Neuromorphic 
Computing 

Lennart Meyer, Rongyang Xu, and Wolfram Pernice 

Abstract In this chapter, we will explore the potential of integrated photonic 
computing using neuromorphic circuit design to meet the increasing demand for 
computing power. We will discuss the limitations of electronic devices and how we 
can leverage the inherent properties of light to overcome them. We will also examine 
the latest developments in all-optical neural networks and hardware accelerators that 
use integrated photonics, as well as analyze the underlying physics. 

1 Advantages of the Optical Domain and Neuromorphic 
Computing 

The development of transistor-based computational devices has led to the realisa-
tion of previously unimaginable advances across scientific and commercial domains. 
Most of these devices are based on the von Neumann Architecture, which separates 
the memory and computational units. This architecture, however, faces challenges 
with the increasing demand for computational power, particularly due to advances 
in Artificial Intelligence (AI) and other areas. In large systems with significant data 
movement bandwidth and power consumption become critical limiting factors [1]. 
To tackle these limitations, new architectures are explored which reduce power 
consumption and optimize the process of data transmission. Hardware accelerators 
in the form of Field-Programmable Gate Arrays (FPGAs) [2], Graphics Processing 
Units (GPUs) [3], and Tensor Processing Units (TPUs) [4] have been demonstrated 
to increase the data throughput by orders of magnitude compared to classical Central
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Processing Units (CPUs) [5, 6]. For ‘neural’ applications, this increase in perfor-
mance stems mainly from the high parallelization within those systems [6, 7], often 
optimized for computational heavy tasks like Matrix-Vector Multiplication (MVM). 

One of the electronic alternatives to mitigate the issues of data transmission is 
analog, in-memory computing. This can be accomplished through crossbar structures 
with a memory cell at each junction, which can be considered analogous to a physical 
representation of a matrix [8–10]. The weights of such a system are represented by 
the conductance of each cell and can be tuned continuously. Multiplication and 
summation can be performed through Ohm’s law and Kirchhoff’s current law when 
measured at the outputs of the system [11, 12]. One of the key differences compared to 
working in the digital domain is that all connections in these structures are represented 
by physical traces. For specific applications e.g. image processing or convolution 
filtering, these devices can achieve low latency and low energy consumption [13, 
14]. However, besides the challenge of finding the optimal implementation for the in-
memory cells [15–17], they still exhibit some of the inherent properties of electronics 
such as parasitic capacitance and electromagnetic interference (EMI) [18]. 

Even with the latest advances in electronic computing, the switch to the optical 
domain offers what appears to be many great advantages. One of the key features 
of optics is the drastically improved bandwidth, on the order of terahertz, as well 
as the inherent possibility for parallelization. Different properties of light can be 
used for multiplexing, e.g. Wavelength Division Multiplexing (WDM), Polarization 
Division Multiplexing (PDM), or Mode Division Multiplexing (MDM) [19]. These 
schemes can strongly increase the throughput of a single device without generally 
increasing its footprint and fewer devices performing higher amounts of operations 
greatly reduce latency. Although photonic devices are typically larger compared to 
similar electronic circuits, they can be comparable or even advantageous in terms of 
compute density [20]. Further advantages are the energy savings coming from data 
movement compared to electronic devices since no interconnects have to be charged 
or discharged, as well as the lack of inter-channel crosstalk [21, 22]. 

Compared to analog and digital computing as well as optical communication, 
neuromorphic (in the context of computational circuits) is a rather new term. It was 
coined in 1990 by Carver Mead to describe large-scale analog electronic systems 
inspired by the biological information processing [23]. Nowadays, the term is used 
more broadly, ranging from the strict process to emulate synaptic processes based 
on neuroscientific principles to a very broad meaning of highly parallelized, brain-
inspired basic processes [24]. In all cases, the new architectures aim to achieve high 
efficiency in terms of energy consumption, data throughput, and the inherent error 
correction mechanism. 

In this chapter, we focus on systems that combine the advantages of the optical 
domain with new neuromorphic architectures. In the first part of the chapter, we 
discuss integrated photonics, providing an intuitive understanding of the fundamental 
techniques used to manipulate light on a chip. We introduce the basic building blocks 
and also briefly go over the different available materials platforms. In the second part, 
we give an overview of a few state-of-the-art implementations of on-chip Optical
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Neural Networks (ONN) as well as the most promising optical architectures for 
MVM. 

2 An Introduction to Integrated Photonics 

2.1 An Intuitive Approach to Integrated Waveguides 

Guiding light inside a waveguide of any kind is based on the principle of total internal 
reflection. We can observe this in the simple geometry of a so-called slab waveguide 
using the ray picture of light. 

Figure 1 shows a slab on the left side, comprised of three dielectric materials with 
different refractive indices. From top to bottom, we call the layers cladding, core, 
and substrate with the corresponding refractive indices ncl, ncore, and nsub. When light 
is injected into this slab, reflections will occur on the core-cladding and the core-
substrate interface. From Snell’s law of refraction, the conditions for total internal 
reflection at the core-substrate or core-cladding interface are: 

θtot ≥ arcsin 
n x
ncore 

, nx = ncl, n sub (1)

ncore > ncl, n sub (2)

If both conditions are fulfilled, light can propagate inside the slab as seen in Fig. 2. 
For the light to be guided, the wavefronts of different parts of the ray have to inter-
fere constructively, and only a discrete amount of angles can fulfil this condition 
denoted as waveguide modes. We can distinguish between transverse-electric (TE) 
and transverse-magnetic (TM) modes, characterized by the orientation of the elec-
tromagnetic field vectors. Whether a guided mode inside the waveguide can exist 
depends on the wavelength of the light, the refractive indices of the materials, and 
the geometry. To be more precise, the mode-specific refractive index, called effective

Fig. 1 Different waveguide geometries, all based on the same fundamental concept of total internal 
reflection, from left to right: slab-, fibre-, strip-waveguide 
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Fig. 2 Light propagating inside a slab structure. Solid lines represent plane waves. Dashed lines 
represent the corresponding wavefronts. Points A and C share a common wavefront, as well as B 
and D. The ray propagating from A to B is reflected twice while the one from C to D is not reflected 
at all. The phase difference accumulated along the longer ray must equal an integer multiple of 2π 

refractive index neff, has to lie within the ones of the core and the surrounding mate-
rials ncore > neff > nsub, cl. If only one guided TE and TM mode exists, the waveguide 
is called a single mode waveguide. 

Although the ray picture provides an intuitive understanding of the behaviour, 
it lacks some details compared to a more rigorous treatment of the problem. One 
important aspect to note is that even for guided modes the electric fields extend into 
the cladding and substrate. The reason for this is that for angles greater than the 
critical angle, the propagation constant of the wave in the cladding region becomes 
purely imaginary. This leads to an exponential decay in that area instead of a sharp 
stop in the field distribution. 

In Fig 1 two further waveguide geometries are shown, respectively the strip and 
fiber waveguide, which confine light in more dimensions than the slab we looked 
at before. Usually, the waveguide’s shape is partially determined by the properties 
of the material used. The detailed analysis of these waveguides involves further 
approximations, but the underlying principle remains the same [25]. 

Figure 3 shows the intensity distribution of the fundamental TE mode in a typical 
single mode strip waveguide for a wavelength of 1550 nm. It is important to notice that 
the mode is not fully confined inside the waveguide but extends into the neighbouring 
layers. In the following, we discuss how this extension into the cladding enables 
different building blocks to control the light on-chip.

2.2 Basic Components of Optical Circuits 

Photonic integrated circuits (PICs) compactly incorporate a range of photonic compo-
nents onto a single chip, enabling diverse applications, such as data communications 
[26–28], sensing [29, 30], quantum computing [31], and neuromorphic computing 
[32–35]. The building blocks of PICs encompass active devices, such as lasers [36], 
modulators [37–39], and photodiodes [40, 41], as well as passive devices like direc-
tional couplers [42, 43], ring resonators [44], and Mach-Zehnder interferometers 
[45]. This section will briefly describe the passive devices mentioned above.
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Fig. 3 Simulated intensity distribution of the fundamental TE mode inside a strip waveguide. The 
waveguide core is a 1.2 µm wide and 330 nm high Si3N4 strip  on  a  SiO2 substrate covered by air. 
The wavelength of the light is 1550 nm

2.2.1 Directional Couplers 

A directional coupler (DC) is one of the most commonly used light-splitting elements 
in PICs and a key element used in photonic hardware accelerators such as crossbar 
arrays [42]. A DC usually consists of two parallel waveguides of the same width, 
as shown in Fig. 4a. For two neighbouring waveguides, light propagating in one 
waveguide can be gradually coupled to the other when the neighbouring waveguide 
is within the range of the evanescent field. If the two waveguides are long enough, 
light can reversibly couple back and forth between the two waveguides, as shown in 
the inset of Fig. 4a. Figure 4b shows that by choosing the length of the waveguides 
and the distance between the two waveguides, the percentage of light coupled to the 
second waveguide can be precisely engineered. 

Fig. 4 a Schematic of a Si3N4 directional coupler on a silica substrate. The inset shows that light 
can travel back and forth between two parallel waveguides of the same dimensions. b For a given 
waveguide height, width, and gap, the light splitting ratio can be controlled by varying the coupler 
length. The width and height of the waveguide are 1.2 μm and 335 nm, respectively, and the gap 
between the waveguides is 300 nm
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Fig. 5 a Cross-over lengths of waveguides of different widths. The gap between 335 nm-thick 
Si3N4 waveguides on a silica substrate is 300 nm. The inset shows the electric field distribution of 
the fundamental TE mode in the waveguides of different widths. The field confinement improves 
with increasing waveguide width. b Cross-over length for different waveguide gaps. The thickness 
and width of the waveguides are 335 nm and 1.2 μm, respectively 

The length of the waveguide required to fully couple light from the first waveguide 
to the second waveguide is called the cross-over length. Taking the fundamental TE 
mode as an example, the cross-over length is mainly affected by the waveguide 
width and the gap between the two waveguides. Figure 5a shows that the cross-over 
length of the fundamental TE mode increases with the increase of waveguide width 
for a fixed gap size of 0.3μm. This is because a wider waveguide has better field 
confinements on the fundamental TE mode, thus weakening the coupling between 
neighbouring waveguides. Similarly, for a fixed waveguide width, the wider the gap 
between the waveguides, the weaker the coupling and hence the longer the cross-over 
length, as shown in Fig. 5b. 

2.2.2 Ring Resonators 

Ring resonators allow the resonant wavelength of light to be circulated through 
the resonator multiple times [46], wherein at the resonant frequency of the device 
constructive interference occurs and at all others, destructive interference occurs. 
Ring resonators in PICs can be used to enhance light-matter interactions [47]  or  
as filters with high quality factors [48]. Moreover, the ability of ring resonators to 
selectively couple specific wavelengths of light makes them highly relevant to WDM 
technology. Figure 6a shows a schematic of an add-drop ring resonator consisting 
of two straight waveguides and a looped waveguide. Input light can be coupled to 
the looped resonator, which can be either ring-shaped or racetrack-shaped. When the 
round-trip phase of coupled light accumulated in the loop equals an integer multiple 
of 2π, the light interferes constructively and the ring resonator is in resonance. Equa-
tion 3 shows the round-trip length Lrt of the resonator dependent on the ring radius r 
and the straight waveguide length of racetrack-shaped resonators Lw [49]. For ring-
shaped resonators, Lw is equal to 0. The light under constructive interference will 
finally be coupled to the second waveguide and leave from the drop port. The resonant
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Fig. 6 a Schematic of an add-drop ring resonator. If light of a specific wavelength can constructively 
interfere in the ring resonator, it will eventually couple to the second waveguide and exit through 
the “Drop” port. Light of the remaining wavelength components will exit through the “Through” 
port. b Example transmission spectrum of an add-drop ring resonator 

wavelength λres can be adjusted by the roundtrip length of the looped waveguides and 
effective refractive indices of the waveguide mode (affected by waveguide materials, 
geometries of the waveguide, and surrounding medium of waveguides), as shown in 
Eq. 4 [46]. 

Lrt = 2πr + 2L w (3)

λres = 
neff L rt
m 

, m = 1, 2, 3.. (4)

2.2.3 Multimode Interferometers 

Multimode interferometers (MMI) are commonly used as optical power splitters to 
equally distribute an input light (or multiple input lights) to multiple output ports. 
Figure 7a shows a schematic of a 1×2 MMI consisting of a narrow input waveguide, 
a wide multimode section, and two narrow outputs that can be used as a 50:50 splitter. 
The splitting ratio is achieved by adjusting the width and length of the multimode 
waveguide and the separation distance between the two output waveguides. MMIs 
operate based on the self-imaging principle [50], where the input optical field profile 
undergoes repetitive reconstruction at periodic intervals along the direction of light 
propagation in the multimode waveguide. The interference of multiple modes in the 
multimode waveguide produces a specific output pattern. As shown in Fig 7b, placing 
output waveguides near the location of the interference pattern allows light to leave 
the structure in an equal manner. MMI-based splitters are not limited to 1×2 but can 
be flexibly designed as N×N MMI splitters [51]. In addition, MMIs can also be used 
for optical switching and mode conversion [52].
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Fig. 7 a Schematic and 
b electric field distribution of 
a  1×2 MMI splitter

2.2.4 Mach-Zehnder Interferometers 

Mach-Zehnder Interferometers (MZIs) are indispensable components of PICs and 
are widely used to implement optical switches and modulators. Figure 8 shows a 
schematic of a balanced MZI, which consists of a 50:50 splitter, two waveguides 
of equal length L, and a 50:50 combiner. Notably, the exact type of splitter is not 
relevant for this use case. 

The first splitter splits the incoming light I i equally into two paths (I i/2), after-
wards, phase modulation is applied to one or both paths. The propagation constants of 
light in the two waveguides, β1 and β2, respectively, are related to the effective refrac-
tive indices n1,2 of the modes in the waveguide (Eq. 5 [49]), and in turn, are dependent 
on the refractive index of the waveguide materials. By changing the refractive index,

Fig. 8 Schematic of a balanced MZI. Incoming light is divided equally into two branches by a 
splitter. Phase shifters can be applied to each branch independently to modulate the phase of light. 
If there is no phase difference between the two branches of light, light will constructively interfere 
with the combiner, resulting in high transmission. With a phase difference of π, two branches of 
light interfere destructively at the combiner, resulting in negligible transmission 
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the phase difference between each arm can be tuned, and then the recombined light 
at the output of the combiner Io can be precisely manipulated. 

Equation 6 shows the output signal of a balanced MZI [49]. For simplicity, inser-
tion loss and propagation loss are neglected. Because the waveguides of both arms 
have the same length, only the difference in phase constants (Δβ = β1–β2) needs to 
be considered. If there is no phase difference between the two arms of light (ΔβL 
= 0) arriving at the combiner, the light from both arms will interfere constructively 
(Io = I i). If there is a π phase shift (ΔβL = π), destructive interference results in 
output suppression (Io = 0). The refractive index of materials can be adjusted based
on thermo-optic effects [53, 54] and electro-optical effects [55], and thereby produce 
a tunable amplitude in response to external stimuli. 

β1,2 = 
2πn1, 2

λ 
, (5)

Io = 
I i
2 
[1 + cos( L)], (6)

2.2.5 Phase-Change-Material 

Combining integrated photonics with the properties of Phase-Change-Materials 
(PCM) enables many possibilities to manipulate light in a reconfigurable, non-volatile 
way [56, 57]. Most people have encountered PCMs in the form of rewritable data 
storage as in CDs, DVDs, and Blu-rays for many years [58]. The interesting property 
of PCMs is their ability to switch between their amorphous and often multiple crys-
talline states rapidly and reversibly [58]. Through changing their state these materials 
can also change their electrical and optical properties drastically [59, 60], and when 
used in combination with a waveguide it offers a way to manipulate the light inside 
passive components. 

The ternary phase diagram of germanium (Ge)—antimony (Sb)—tellurium (Te) 
includes multiple well-studied PCM alloys that have been used in state-of-the-art 
devices [56, 59, 61]. In the upcoming parts, we will focus on the common alloy: 
Ge2Sb2Te5 (GST). 

Figure 9a shows a sketch of the GST lattice in two different states. In the amor-
phous state (a-GST) no long-range order is present, unlike the crystalline state (c-
GST) where atoms are aligned in an energetically favourable lattice. Switching the 
PCM between the amorphous and the crystalline state is done by heating. For a mate-
rial to adopt a crystalline state, it must be heated above the glass transition temperature 
to provide enough energy for the atoms to rearrange in a crystalline lattice. For an 
amorphous state, the material must be heated above the melting temperature, thereby 
allowing the system to flow, and then cool rapidly enough to prevent the atom’s rear-
rangement [62]. In Fig. 9b a qualitative curve for the required temperatures can be 
seen.
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Fig. 9 a Schematic of an amorphous and a crystalline state of Ge2Sb2Te5. b Temperature depen-
dence of the switching dynamics of PCM, heating the PCM above the melting point will result in an 
amorphous phase if the cool downtime does not allow for recrystallization. Heating only above the 
glass temperature will allow for the rearrangement of the atoms and a crystalline phase will form 

For the application of PCM in PICs, the contrast in refractive index between the 
amorphous and crystalline states is of interest. For GST the refractive indices at 1550 
nm telecommunication wavelength are [63]: 

na−GST = 3.94 + i0.045; nc−GST = 6.11 + i 0.83 (7)

A simple form of application is to deposit a small patch of GST on top of an 
optical waveguide. After the deposition of GST, a second protective layer, such as 
tin oxide (ITO), is applied to prevent oxidation while not significantly affecting the 
optical properties [64]. 

In Fig. 10a and b, the electrical field inside a Si3N4 single mode waveguide with 
a 10 nm thick GST patch on top is shown for the amorphous and crystalline state of 
GST. For the amorphous state, the influence of the GST is rather weak compared to 
the bare waveguide. Switching to the crystalline state, the mode gets drawn towards 
the GST patch because of the high refractive index of the GST compared to the core 
and cladding, which can be qualitatively observed in Fig. 10c. Both the real and 
imaginary parts of the refractive index change, thereby impacting the absorption of 
the material. We can therefore manipulate the intensity of the light traveling through 
the waveguide by simply changing the state of GST on top. The required power to 
heat the material can be provided by optical pulses inside a waveguide, since a-GST 
is still slightly absorbing or external heaters and electrical pulses can be used as 
well. The different techniques offer different advantages in terms of accessibility 
and energy consumption [65].

This simple structure has been used successfully as an in-memory computing 
building block for larger photonic systems. Multi-level memories [57], an all-optical 
abacus [66], on-chip neural networks [64], and hardware accelerators for MVM [42, 
67] have been demonstrated.
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Fig. 10 Simulated intensity distribution of the fundamental TE mode in a Si3N4 waveguide with a 
10 nm thick GST patch on top, a in the amorphous phase and b in the crystalline phase c PCM-cell 
consisting out of a waveguide with a crystalline GST patch on top, switching the GST in its state 
changes the propagation path of the light inside the waveguide

2.3 Available Material Platforms for Integrated Photonics 

The properties of materials used in creating photonic integrated circuits are crucial 
in defining light behaviour and manipulation capabilities within these systems. Key 
characteristics of these materials include refractive index, transparency window, 
manufacturability, propagation losses, and nonlinear effects. In the following 
sections, we’ll explore various platforms available for photonic integration and 
highlight their unique advantages. 

2.3.1 Silicon Photonics 

Silicon has emerged as a highly favoured material in the photonics world of tech-
nology, largely due to its unique photonic properties of the material stack and its 
compatibility with the established Complementary metal-oxide-semiconductor tech-
nology (CMOS) [68, 69]. This compatibility is particularly beneficial as it allows the 
transfer of well-developed CMOS processes to PICs, thereby greatly expanding the 
possibilities in fabrication. 

The two primary forms of Silicon Photonics are Silicon-on-Insulator (SOI) 
and Silicon Nitride (Si3N4 or SiN). The wide availability of both SOI and SiN 
processes from various foundries highlights the accessibility and adaptability of 
Silicon Photonics, confirming its pivotal role in advancing various technological 
applications. A further upcoming representative of Silicon Photonics is Silicon 
Carbide (SiC). Also well known from the usage in electronic devices it is still rather 
new in the photonic realm.
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SOI 

SOI features a structure that includes a crystalline silicon layer placed over a silicon 
oxide layer. The crystalline silicon possesses a high refractive index, approximately 
3.5, which creates a stark contrast with the oxide substrate’s index of around 1.44 
at a wavelength of 1550 nm [70]. This high contrast facilitates the creation of small 
footprint devices due to the strong mode confinement within the waveguide. The 
transparency range of SOI extends from 1.1 µm  to  3.7µm [71, 72]. Besides allowing 
for the fabrication of typical passive components, it is possible to integrate active 
components into the platform. High-speed modulators utilizing p-n-junctions and 
slower speed modulators with heaters can be effectively integrated. Furthermore, 
the incorporation of secondary materials such as epitaxially grown Ge enables high-
speed on-chip detection and modulation [73, 74]. 

Si3N4 

On the other hand, Silicon Nitride (Si3N4 or SiN) has a refractive index of approx-
imately 2.0 at 1550 nm [75, 76], which is sufficiently high to provide the necessary 
index contrast for standard passive components. Since SOI absorbs wavelengths 
below 1.1 µm, SiN serves as an excellent alternative in these wavelength regimes, 
with its transparency window reaching down to 500 nm [77]. SiN is predominantly 
used for passive components and offers a major advantage over SOI in terms of lower 
propagation loss, making it an attractive option even for longer wavelengths. In terms 
of propagation loss, a comparable waveguide geometry at the same wavelength in 
SOI typically has losses around 1–2 dB/cm, while SiN waveguides have significantly 
lower losses, in the range of 0.1–1 dB/cm [72, 77, 78]. 

Silicon Carbide 
SiC is a type of third-generation semiconductor that is gaining attention due to 

its unique optical properties and compatibility with CMOS technology. It has a high 
refractive index of around 2.6 and a wide transparency range from 0.34 µm  to  5.6  
µm [79]. These properties make it a promising candidate for photonic applications, 
coupled with high second and third order nonlinear coefficients [80]. Due to the 
small lattice mismatch between SiC and GaN, the combination of both materials 
has the potential to be used as a monolithic platform for UV optoelectronic devices, 
including emitters [81]. SiC offers a significant advantage due to its optically active 
defects that can function as quantum emitters with a controllable electronic spin [82, 
83]. This feature makes it a promising option for fully integrated quantum PICs, as 
it provides the potential to combine single photon sources and nonlinear processing 
on a single platform. 

2.3.2 Lithium Niobate (LN) 

LN is an artificial material and is considered one of the most versatile and promising 
platforms in the photonics community [84]. The transparency window ranges from 
400 nm to 5 µm and the large electro-optic (Pockels) effect enables incredibly high
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speed on-chip modulation. Strong second- and third-order nonlinear coefficients 
enable various applications, which are not possible on other platforms. The refrac-
tive index is nLN ≈ 2.2 and therefore enough for high performing passive compo-
nents. Different fabrication methods strongly influence the propagation losses in 
LN [85]. Losses well below 1dB/cm have been achieved, even down to 0.027dB/cm 
[86]. Besides these advantageous properties, difficult fabrication processes alongside 
challenges in the integration of light sources remain [87]. 

2.3.3 III-V Semiconductors 

The whole group of III-V Semiconductors e.g. AlN, GaAs, AlGaAs, and InP plays a 
crucial role in photonics. They are used to realize e.g. high quality light sources [88– 
91], detectors [92, 93], amplifiers [94, 95] and modulators [96], but can be utilized as 
complete photonic platforms as well. Integrating these materials into other photonic 
platforms for active on-chip components is an ongoing field of research [97–99]. 

Gallium Arsenide (GaAs) 

GaAs is a well understood platform with a refractive index of 3.4 at a telecom wave-
length of 1550 nm and a wide transparency window from 870 nm to 19 µm  [100]. 
The second order nonlinear effects (Pockels effect) can be used efficiently for fast 
modulation compatible with LN devices [96, 101]. A common configuration of GaAs 
waveguides is in an Aluminum Gallium Arsenide (AlGaAs) heterostructure with a 
GaAs core. The index contrast from core to cladding depends on the percentage of 
Al and lies in the order of 0.2 for Al0.3Ga0.7As cladding. One promising application 
of GaAs is in the field of quantum technology. It is possible to achieve single photon 
emission by integrating single quantum dots into photonic structures [94, 95]. Addi-
tionally, single photon detection is also possible [96], which opens up the possibility 
of fully integrated quantum circuits [93]. 

Indium Phosphide (InP) 

InP has been of particular interest since it allows for the monolithic integration of 
multiple active components like lasers, amplifiers, modulators and detectors with 
passive optical structures [100, 102]. It also features high nonlinear coefficients e.g. 
Pockels and Kerr coefficients at the telecom wavelength. Multiple foundries have 
been established and continue to improve their possibilities in fabrication [102]. 
Drawbacks of a fully integrated InP chip compared to Silicon Photonics are high 
material costs, lower yield and smaller wafer sizes [68]. Additionally, InP platforms 
suffer from weak mode confinement because of the small index contrast. This might 
improve through the upcoming InP membrane technology, which could drastically 
decrease the footprints of the devices [103–105]. 

Aluminum Nitride (AlN) 

AlN is a CMOS-compatible material with the largest band gap among the semicon-
ductors of 6.2 eV. The transparency window spans from the UV to mid-infrared,
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from 0.2 µm up to 13.6 µm  [106] with a refractive index of 2.12 at 1550 nm [107]. 
Because of a strong piezoelectric effect, it is often used in micro-electro-mechanical 
systems [108], but can also realize optomechanical devices [109]. As opposed to 
other CMOS-compatible materials, second and third order nonlinear effects can be 
utilized for various applications [110, 111]. In combination with GaN, AlN can enable 
UV light emitters and photodetectors [112, 113]. The AlN platform’s combination 
of electro-optics, piezo-opto-mechanics, nonlinear processes, and low-loss passive 
devices makes it an attractive option for future applications. 

2.3.4 Further Platforms and Conclusions 

Besides the above listed material, many other possible platforms exist with unique 
properties. Among them is Gallium Nitride (GaN) which has been mentioned in 
combination with some of the platforms above and also offers attractive optical prop-
erties on its own in terms of a wide band gap and strong nonlinear coefficients [114]. 
Also, diamond with exceptional mechanical and thermal properties is an upcoming 
material for integrated photonics. It features room-temperature single photon emis-
sion, a wide band gap and low loss waveguides, to list just a few characteristics 
[115]. 

Overall, the variety of possible materials is enormous. While silicon based 
photonics had a head start related to its CMOS-compatibility, other platforms estab-
lish themselves in the photonic community by further developing their fabrication 
possibilities. Finding a suitable platform for integration is application-specific and 
often difficult to achieve in a single chip. Therefore packaging and interconnecting 
multiple PICs from different platforms is a common solution and challenge. 

3 State of the Art Approaches to Optical Neuromorphic 
Computing 

3.1 On-chip Integrated Optical-Neural Networks 

To develop ONNs, various methods can be employed to replicate the entire neural 
network structure and synaptic dynamics at the hardware level. Our discussion will 
initially focus on the circuit setup and the functions of individual components. We 
will examine two distinct approaches: one involving the use of PCM cells and 
another based on an optoelectronic Ring Modulator. Following this exploration of 
the circuit configurations and their operational mechanisms, we will then compare 
the advantages and challenges inherent to each approach.
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3.1.1 An All-Optical On-Chip Neural Network with Self-learning 
Capabilities 

In their research, Feldmann et al.  [116] developed an on-chip ONN comprising a 
single-layer system with four neurons, each with 15 synapses. This setup was capable 
of both supervised and unsupervised training, showcasing the practical application 
of all-optical neurons in constructing layered neural network structures. 

Figure 11a and b illustrate the fundamental components and operational principles 
of the neuron. Figure 11c shows three individual neurons, each with four synaptic 
connections. Each neuron is composed of four input devices, linked to a ring resonator 
via a PCM-integrated waveguide. The ring resonators from all inputs converge into a 
single common bus waveguide. This bus waveguide, in turn, connects to a larger ring 
resonator with an additional PCM patch atop. Finally, this larger ring is connected 
to the output waveguide. 

In this setup, light is coupled onto the chip through grating couplers (depicted 
as black triangle features in Fig. 11). These couplers serve as the entry points for

a)                                         b) 

c) 

Fig. 11 a Schematics of the individual building blocks used in the all-optical neuron. b Working 
principle of the neuron: Inputs are encoded to different wavelengths, PCM-waveguides as input 
weights, rings for multiplexing all weighted input signals into a common waveguide, and PCM on 
a ring as the physical implementation of the nonlinear activation function. c Optical micrograph of 
the neuron on a SiN platform. Reprinted with permission from [116], Springer Nature. All Rights 
Reserved 
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the light and in a single-layer network, they function directly as network inputs. 
However, in a multi-layer neural network, these inputs are substituted by waveguide 
connections that link to the neurons in the preceding layer. This part of the circuit 
effectively represents the pre-synaptic neurons. In our scenario, we assume each 
input possesses a unique wavelength. 

Positioned on top of the waveguide that connects the input to the ring is a patch of 
PCM, illustrated as red ovals. The PCM’s state can be altered - it increases transmis-
sion through the waveguide when amorphous and decreases it when crystalline, repre-
senting the synaptic strength. These PCM-integrated waveguides form the weighted 
connections between the pre-synaptic and post-synaptic neurons (Dendrites) and 
each connection is then linked to a ring resonator. The opposite side of every ring 
is connected to a common bus waveguide. By leveraging the different resonance 
frequencies of the rings through WDM, all weighted input signals can be summed 
into the bus waveguide. The power within this waveguide represents the weighted 
sum for the post-synaptic neuron. 

Continuing with the simplified comparison to a biological neuron, this weighted 
sum must then interact with a nonlinear activation system to produce an output. 

In this research, the nonlinear activation function is realized using another ring 
resonator. Figure 12 (left) provides a detailed view of the larger ring resonator, as 
referenced in Fig. 11. The summed up signals of the post-synaptic dendrites propagate 
towards the ring resonator inside the common bus waveguide. The bottom side of 
the resonator is coupled to an output waveguide (axon). 

Within this output waveguide, a probe pulse is transmitted. If the PCM on the 
resonator is in its crystalline state, the ring’s resonance frequency is aligned with 
the probe pulse moving through the output waveguide. This alignment causes the 
pulse to couple into the ring, resulting in minimal signal detection in the output

PCM 

Fig. 12 Close-up of "neural" ring resonator from Fig. 11 (left) and the corresponding transmission 
function (right). Coupling of the multiplexed signals to the PCM patch on top of the ring can detune 
the ring resonance. A pulse travelling in the output waveguide is used to probe the resonance. If 
the weighted sum exceeds a certain threshold, the absorption of the PCM cell is reduced and the 
neuron starts to fire. Reprinted with permission from [116], Springer Nature. All Rights Reserved 
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waveguide. However, when the weighted sum from the bus waveguide reaches the 
neural resonator, it heats the PCM patch atop it. If this heat is sufficient to raise the 
PCM’s temperature above its melting point, the material partially transitions to an 
amorphous state. This alteration in the PCM’s state detunes the resonator’s frequency, 
reducing its interaction with the output waveguide and consequently triggering an 
output spike. After each firing event, the PCM patch has to be reset into the ground 
state by a high power writing pulse. 

Figure 12 (right) illustrates the relationship between the transmission through 
the output port and the power of the weighted sum. Until the threshold power level 
is reached, the ring’s resonance remains unchanged, leading to low transmission in 
the output waveguide. This mechanism is analogous to the operation of the rectified 
linear unit (ReLU) function. 

The various components of the circuit mirror the behaviour of their biological 
equivalents, enabling them to effectively emulate the dynamics of a single neuron. 

The neurons in this model can be trained in a supervised manner by fine-tuning the 
PCM cells on top of the waveguides. This adjustment effectively tailors the weights to 
match desired outcomes. Additionally, an unsupervised training approach is feasible 
through the incorporation of a feedback loop splitting the output waveguide of the 
neuron and connecting one part back to all the PCM weights. This setup allows the 
output and the input pulse to overlap, given that the pulse duration is sufficiently long. 
In the synapses with a strong input pulse, this overlap will be sufficient to set the 
PCM into an amorphous state and increase that connection strength. In reverse, the 
synaptic connections with low input pulses will have less power generated through 
the overlap and therefore further crystallize, dampening synaptic strength. In this 
manner, a neuron can be trained to recognize a certain input pattern. 

In their foundational experiment, the researchers describe a single-layer network 
with four neurons, each equipped with 15 synapses. This basic network success-
fully differentiates and accurately classifies four distinct 15-pixel images. Although 
simplistic, this example demonstrates the network’s core image processing and 
recognition capabilities, setting the stage for more complex architectures. 

Expanding beyond this single-layer model, the creation of multi-layer networks 
requires forming connections between neurons across different layers, achieved 
physically through waveguides on the hardware. This structure allows for effi-
cient inter-layer communication, crucial for building advanced neural network 
architectures. 

3.1.2 An Adaptive Approach to ONNs Through Encoding Structural 
Information in the Light’s Properties 

In another study, done by Brückerhoff-Plückelmann et al. [44], we explore a more 
adaptable approach to ONN structures, also based on PCM. As a practical application, 
the system was trained to differentiate between German and English text samples. 
This design proposes a solution for creating an event-driven ONN that is both scalable 
and flexible. It utilizes a photonic circuit with a non-fixed structure, which enables the
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Fig. 13 Pictures of one of the neuron subsets used in [44] built on a SiN platform, a 16 neurons with 
individual resonant frequencies of the ring resonators are connected to the same waveguide. PCM 
on the drop ports of the rings is used as an activation function, b a close-up of a neuron consisting 
of a wavelength filter, a PCM cell, and a mirror. c PCM patch on top of the MMI structure. Figures 
adapted from [44]. Reprinted with permission from AAAS. All Rights Reserved 

integration of over 11,000 on-chip neurons and versatile connectivity options. This 
flexibility allows for dynamic reconfiguration, which can emulate certain aspects of 
both long-term memory and short-term adaptation. 

Figure 13b and c illustrate one of the system configurations used in this study. 
In this setup, the input waveguide is connected to a ring resonator, which in turn is 
linked to another waveguide. This subsequent waveguide features an MMI topped 
with a PCM patch and concludes with a Bragg mirror. The design ensures that light 
enters the input waveguide couples into the ring and then into the PCM waveguide. 
The level of light absorption here is determined by the PCM’s crystallinity. After 
interacting with the PCM, the light reflects, recoupling into the ring and returning 
through the input waveguide, but in the opposite direction. 

This configuration, which uses the same ring for both de-multiplexing and multi-
plexing the signal, addresses the challenge of fabricating two separate rings with 
identical resonance frequencies, while also reducing the footprint. The inclusion of 
the MMI structure in the waveguide improves the coupling efficiency of light to the 
PCM by enlarging the area of interaction. Additionally, the double-pass arrangement, 
achieved with the Bragg mirror, further enhances the potential contrast effect of the 
PCM. This design effectively maximizes the interaction between the light and PCM, 
crucial for the system’s functionality. 

Figure 13a illustrates a configuration where multiple neurons are connected to 
a shared bus waveguide, a setup we will refer to as a ‘subset’ henceforth. Due to 
the distinct resonant frequencies of the rings, WDM can be employed to selectively 
target specific neurons through the same waveguide, allowing for the simultaneous 
addressing of multiple neurons. In this structure, the neurons function primarily as 
(de)multiplexing units and as part of the activation function. Notably, there are no
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weighted synapses or interlayer connections between neurons implemented in this 
design. 

A key distinction in the activation function of this study, as compared to previous 
work, lies in the initial state of the PCM. Unlike starting in a fully crystalline state, 
the PCM patches here are partially amorphous at baseline. This modification results 
in a voltage response that slightly deviates from the expectations set by the previous 
study. In contrast to the ReLU function depicted in Fig. 12b, the current activation 
function introduces an inhibitory phase preceding the excitatory phase. As the power 
of the weighted sum increases, it initially reduces the transmission through the neuron 
by promoting crystallization. When the power is sufficient to heat the patch above its 
melting point, it starts to amorphize, leading to an observed increase in transmission. 
This mechanism allows for the attenuation of a neuron’s activity, even when only 
positive synaptic weights are present. 

This PIC architecture concept leverages the characteristics of input light to encode 
synaptic information. The synaptic connections between neurons are implemented 
using different wavelengths and a bus waveguide in the subset, while the pulse power 
of the light encodes the weight of these connections. 

Figure 14 illustrates the application of this structure in simulating a neural network. 
Consider a scenario where we aim to connect a small unit consisting of three pre-
synaptic neurons and one post-synaptic neuron. This connection is established by 
selecting specific wavelengths for the pre-synaptic neurons and encoding the strength 
of their connections to the post-synaptic neuron in the power of the light pulses. These 
pulses travel along the bus waveguide, are demultiplexed by the ring resonators, and 
interact with the neurons’ activation functions (PCM). The signals, now weighted 
and multiplied, are multiplexed back into the same waveguide but travel in the 
reverse direction. The combined signal is then detected by a photodiode, whose 
output represents the weighted sum of the synaptic inputs.

To set the post-synaptic neuron, an optical write pulse, proportional to the 
weighted sum and matched in wavelength, is sent into the system to alter the state 
of the post-synaptic neuron’s PCM cell. The neuron’s state can subsequently be 
determined using a low-power read pulse, completing the process of synaptic trans-
mission and neural activation in this photonic neural network model, this way the 
layer structure can be built iteratively. 

This system’s design allows for the flexible integration of multiple neurons, 
enabling the creation of complex structures suited for various tasks. In a demon-
stration, six neurons were utilized to differentiate between German and English text 
samples. For this, a neural network was trained directly on the chip, with five neurons 
encoding the vowel distribution and the sixth neuron’s transmission distinguishing 
between the two languages. This demonstrates the system’s adaptability, with PCM 
cells in each neuron allowing for the encoding of diverse information, and the on-chip 
training enhancing efficiency for practical applications.
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Fig. 14 Schematic of the operation of the PIC developed in [44]. Input pulses contain synaptic 
information (power and wavelength) and are multiplied with the corresponding activation functions 
selected through wavelength demultiplexing by the ring resonators. After the activation, all signals 
are multiplexed again. The accumulated power of all pre-synaptic neurons is summed up at the 
photodiode. A write pulse proportional to the weighted sum is sent to a beforehand selected post-
synaptic neuron. Figures adapted from [44]. Reprinted with permission from AAAS. All Rights 
Reserved

3.1.3 An Integrated End-to-End ONN for Image Classification With 
High Speed Computing Capabilities 

In this publication by Ashtiani et al. on on-chip ONNs [117], we explore an alter-
native method to replicate synaptic dynamics used in constructing a fully integrated 
photonic deep neural network (PDNN). 

Figure 15 outlines the neuron design employed in this approach, featuring N 
possible connections. A key difference from earlier methods is the use of electro-
optic attenuators and ring modulators instead of PCM components for implementing 
weights and activation functions. The synaptic connections are realized through 
waveguides with optical attenuators, based on PIN junctions. These attenuators 
control the light intensity by adjusting the applied current. The output from each 
of the N attenuators is detected by a photodiode, and the collective current from 
these diodes represents the weighted sum.

The nonlinear activation function is realized using a ring resonator, similar to 
previous studies. This ring is coupled to an output waveguide that transmits a probe 
pulse. When the ring’s resonance is aligned with the probe pulse, most light is coupled 
into the ring, resulting in low transmission. The modulation of the ring’s resonance, 
and thereby the output pulse, is achieved by embedding the ring in a PN junction.



Integrated Photonics for Neuromorphic Computing 351

Fig. 15 Schematic of the neuron used in [117]. The synapses are based on waveguides and optical 
attenuators. The weighted inputs are measured by photodiodes and summed up by accumulating 
the current of all diodes. A trans-impedance amplifier creates a voltage proportional to the current. 
This voltage modulates the resonance of a ring modulator. Detuning the resonance decouples the 
ring from the output port enabling the transmission of a read pulse. Figures adapted and reprinted 
with permission from [117], Springer Nature. All Rights Reserved

Adjusting the voltage applied to this junction alters the ring’s refractive index and 
resonance, allowing control over the output waveguide’s transmission. The voltage-
dependent transmission through the output waveguide mirrors a nonlinear activation 
function, specifically a ReLU function. To relate this voltage to the weighted sum, 
the photodiodes’ accumulated currents are amplified and converted to a voltage using 
off-chip Trans-Impedance Amplifiers (TIAs). 

This neuron design presents a highly controllable and scalable solution for ONN 
architectures. It has been effectively utilised in a PDNN for image classification. The 
process begins with 30 input pixels being directed onto the classification chip. These 
pixels are then divided into four overlapping sub-images, each comprising 12 pixels. 
Each sub-image is then fed into one of four neurons, each with 12 inputs, creating a 
convolutional layer. The architecture of this PDNN includes a second layer, which is 
fully connected to the first layer and consists of three neurons, each with four inputs. 
This second layer, in turn, is fully connected to the output layer, which comprises 
two neurons with three inputs each. The interlayer connections in this neural network 
are facilitated through off-chip TIAs. 

This specific PDNN demonstrates its capability to perform both two-class and 
four-class image classification tasks. Remarkably, it achieves end-to-end classifica-
tion times of just 570 picoseconds, a speed comparable to a single clock cycle of a 
conventional digital computing platform. This efficiency illustrates the potential of
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photonic neural networks in high-speed image processing and classification tasks, 
marking a significant advancement in the field of neuromorphic computing. 

3.1.4 Conclusion 

The three studies of ONNs each introduce innovative approaches with distinct 
advantages and challenges. 

Feldmann et al.’s research centres on an all-optical component setup using Phase-
Change Material (PCM) patches for efficient in-memory computing. This design 
supports unsupervised learning and processes network layers in a single time step, 
independent of neuron count, highlighting the system’s scalability and potential for 
biological neuron behaviour emulation. 

The study by Brückerhoff-Plückelmann et al. adopts a versatile approach, also 
utilising PCM for in-memory computing but avoiding the complexities of hardware-
level synapse implementation. This method leverages light’s intrinsic properties for 
structural information encoding and features an improved activation function that 
allows neuron inhibition with only positive synaptic weights. 

Comparing the two, we see the diverse applications of PCM in photonic 
computing. Feldmann et al. delves into the possibilities of multi-level networks. 
While feasible, larger systems encounter increasing complexity, especially 
with hardware-implemented connections. Additionally, fabricating multiple ring 
resonators with identical frequencies remains a challenge. On the other hand, 
Brückerhoff-Plückelmann et al.’s approach addresses these complexity issues in 
larger systems but at the cost of reduced computational speed. Both approaches, 
however, face the challenge of requiring multiple light sources, a significant factor 
when considering the integration of the entire system on a chip. Together, these 
studies showcase the potential of PCM in ONN architectures, 

The study by Ashtiani et al. presents a fully integrated system that utilizes easily 
controllable electro-optic devices to achieve remarkably fast end-to-end computing 
speeds. This rapid processing capability is primarily limited by the bandwidth of the 
electro-optic devices. While this represents a significant leap forward in terms of 
computational speed, the system faces challenges in scalability, particularly due to 
the complexity of its layout when scaled up to larger structures. 

Notably, this approach does not exploit the potential multiplexing capabilities 
inherent in optical systems. However, it compensates for this by requiring only a 
single light source, which simplifies the supply of light for all layers. This aspect 
significantly eases the challenges associated with system integration. On the down-
side, the need to interface all active electro-optic components within the system 
introduces an additional layer of complexity. 

Overall, each study contributes significantly to the evolving landscape of ONNs, 
showcasing different methods to surpass traditional electronic neural networks’ limi-
tations. While the first study excels in multi-layer solutions and biological neuron 
emulation, the second study leverages the scalability and versatility of PCM, and the 
third study highlights the potential of a high-speed, fully integrated photonic deep
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neural network. These explorations indicate a promising future for ONNs in various 
applications, though challenges in complexity, speed, and integration remain to be 
addressed. 

We discussed three possible realizations of ONNs, but there are numerous inno-
vative approaches for implementing partial or entire networks in optical computing, 
utilizing technologies like integrated and free-space optical interconnections. These 
methods include diffraction, interference, scattering, microlens arrays, holographic 
elements, saturated absorbers, and nonlinear optical effects [118–121]. 

3.2 Optical Hardware Accelerators 

Crossbar arrays, ring resonator arrays, MMIs, and MZIs are common structures 
found in optical hardware accelerators for neuromorphic computing. By combining 
multiple of the previously introduced building blocks, these optical hardware accel-
erators can be built. The parameters of the selected photonic structures need to be 
optimized according to the specific requirements (e.g. operating wavelengths and 
sizes of the accelerator). Another important factor is the properties of the light source. 
Depending on the accelerator either incoherent (e.g. for crossbar arrays) [64, 122] 
or coherent (e.g. for MZIs) [123] light can be used as input. Therefore, we need to 
have a general understanding of the basic working principles of optical hardware 
accelerators based on these four different structures, which are described below. 

3.2.1 Crossbar arrays 

Figure 16a and b show an example of how MVM can be achieved using a crossbar 
array. The input vector, x1 to x5, corresponds to 5 light pulses of different wavelengths 
in the crossbar array. The amplitude of these pulses, associated with the values of 
the input vectors, can be modulated by optical modulators.

These pulses then enter 5 horizontal waveguides of the crossbar array and each 
pulse is equally distributed to 5 DCs of the same colour in Fig. 16b. The PCMs on 
the waveguides of the DCs partially absorb the light as it passes through serving 
as multiplication. Finally, the pulses from the DCs are coupled to vertical output 
waveguides. Addition operation is achieved when 5 pulses of different wavelengths 
are coupled to the same vertical waveguides and arrive at the same photodetector. 
In the case of the M×N crossbar arrays using DCs, only 1/MN (where MN is the 
number of rows M × number of columns N) of the input power can reach the output 
waveguide due to losses caused by the DC’s coupling and the number of columns.

The values of the matrix, represented by the absorption of the PCMs, can be 
programmed using optical (on-chip [124] and off-chip [125]) and electrical (on-
chip [126]) pulses. In certain applications, such as edge computing [42], where the 
kernel (filter matrix) is rarely changed, energy consumption is as low as 17 fJ per 
multiply-accumulate (MAC) operation [42].
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Fig. 16 a Matrix-Vector Multiplication to be calculated in the photonic crossbar structure. 
b Schematic of a 5×5 crossbar array. Light with five different wavelengths enters the five waveg-
uides of the crossbar array and is then coupled equally to 5 DCs. After passing through the PCMs on 
the DCs (multiplication), the light is coupled to the vertical waveguides (addition). At each output 
port, light of 5 wavelengths can be detected

Transferring a MVM to the crossbar array is not entirely intuitive. Figure 17 shows 
a possible application of using the crossbar array for image processing. The pixel 
data (capital letters, yellow frame) and the kernels themselves (small letters, blue 
and orange frame) are shown on the left. To perform a convolution of the picture and 
the kernels element-wise products have to be calculated and summed up. To map 
this operation onto the crossbar structure the matrices are flattened. Afterwards, the 
pixel data is modulated onto the intensity of the light and the different wavelengths 
are sent into the corresponding input waveguide. The kernel data is encoded into 
the PCM cells. One column represents one kernel, shown on the right of Fig. 17. 
This way to perform a convolution of a 3×3 filter matrix a 9×1 crossbar structure is 
needed. With multiple columns, multiple convolutions can be processed in parallel 
e.g. running four edge detection operations on the same picture. Since the kernels 
are static the pixel data is continuously modulated to move the filter matrix over the
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Fig. 17 Schematic of a convolution operation on an image using a crossbar array. The matrices 
representing the pixel data (capital letters, yellow frame) and the filter matrices (small letters, blue 
and orange frame) are shown on the left. After flattening the matrices the pixel data is modulated 
onto the light and sent into the crossbar. In each column of the crossbar, one kernel is encoded. 
The element-wise product and summation are performed on the light by propagating through the 
structure and detection at the output ports 

picture. While propagating through the structure the filter values are multiplied onto 
the pixel data through absorption in the PCM cells. The summation is performed 
during detection at the different outputs of the crossbar. 

The N2 scaling of operations for a N×N crossbar is one of the biggest advantages of 
the structure, while also making it difficult to operate in larger systems. The inherent 
loss due to the small splitting ratios and the increasing amount of electro-optic devices 
bring up challenges in terms of fabrication and electronic interfacing. 

3.2.2 Ring resonator arrays 

Figure 18 shows a schematic of a photonic accelerator based on ring resonators. 
Similar to photonic accelerators based on crossbar arrays, the implementation uses 
WDM technology to perform MVM with different wavelengths of light. In a photonic 
accelerator based on ring resonators [127], light pulses of different wavelengths enter 
the waveguide and are demultiplexed by a series of ring resonators. The diameters of 
these ring resonators are carefully tuned to ensure that a particular wavelength of light 
couples to the ring resonators and then from the ring resonators to the vertical waveg-
uides. As light passes through the PCM, partial absorption (multiplication operation) 
occurs. Then, ring resonators of the same size (indicated by the same colour in Fig. 18) 
couple the attenuated light to the output waveguide. This setup ensures that different 
wavelengths of light converge at the output port to perform the addition operation. 
By carefully tuning the ring resonators, precise wavelength control and manipula-
tion can be achieved. This concept of configurable weight banks can be used as a 
photonic accelerator in and of itself. Similar structures based on ring resonators in 
conjunction with balanced detectors were also proposed for broadcast and weight
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Fig. 18 Schematic of a photonic accelerator based on ring resonators. Input light of different wave-
lengths is demultiplexed by different ring resonators. The demultiplexed light is partially absorbed 
by PCMs (multiplication operation) and finally multiplexed again by the same ring resonators 
(addition operation) 

systems, where they serve as spectral filter banks for network interconnects between 
different spiking neurons [128]. 

Despite their simplicity and versatility, ring arrays pose a fabrication challenge 
due to the need for precise parameter control to achieve the correct resonances. 

3.2.3 Multimode Interferometer 

MMIs are also promising for performing MVMs. Figure 19 shows a schematic of an 
MMI-based photonic accelerator. Input data is encoded as the amplitude of light at 
four wavelengths. The light passes through two MMIs and phase shifters and reaches 
square-law photodetectors. The transfer matrices of the MMIs (M), phase shifters 
(ϕ), and the full transfer matrix (T ) of the overall structure in Fig. 19 describe how 
the intensities are converted while propagating through the system. Each row of the 
full transfer matrix can be viewed as a kernel. Negative values can be achieved by 
selecting one vector as a reference and subtracting it from the rest of the inputs. 
This is also possible for the previously discussed approaches. Thus, the device can 
perform three groups of convolution operations (2×2 correlated kernels) simulta-
neously, resulting in a high computational density photonic accelerator of 12.74 T 
MACs/s/mm2 [129] (Crossbar array: 0.6 T MACs/s/mm2 [42] and Ring resonators: 
2.89 T MACs/s/mm2 [130]). Note that the kernels of the MMI-based photonic accel-
erator are programmed by phase shifters based on the thermo-optic effect and thus 
can require higher energy per operation than ring resonator and crossbar array-based 
photonic accelerators using non-volatile PCMs.
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Fig. 19 Schematic of an MMI-based photonic accelerator featuring two 4×4 MMIs and a phase 
shifter array. Input vectors are encoded into different wavelengths of light. Four phase shifters are 
associated with convolution kernels. The transfer matrices of the MMIs, phase shifters, and the 
overall structure are taken from [129] 

3.2.4 Mach-Zehnder Interferometers 

The MZI constitutes the fundamental structure of coherent additive photonic accel-
erators for neuromorphic computing [123]. Figure 20a shows a schematic of a 2×2 
MZI using a DC to achieve a 50:50 beam splitter (BS). The first DC evenly divides 
incident light between the two arms. Without a phase shift introduced by the phase 
shifter, light entering through port 1 will exit through port 3, representing the cross-
state. This is because the second DC can be viewed as a continuation of the first DC. 
Similarly, light entering through port 4 will leave through port 2.

Changing the phase of the light from the upper arm causes the light from both 
arms to reach the second DC with a 180° phase difference, resulting in destructive 
interference. In this case, light entering through port 1 will exit through port 2, i.e., 
the bar state. Similarly, light entering from port 4 will now exit through port 3. 

The effect of MZIs on light can be described mathematically using unitary 
matrices, as shown in Fig. 20b. Moreover, the MZIs can be placed in a cascade, 
depicted in Fig. 21 to realise arbitrary unitary matrix multiplication and complex 
valued NNs [123, 132]. Adjusting the mesh architecture with various matrix decom-
position methods provides a way to improve the performance and capabilities of 
these devices. While MZI Meshes open up a way to programable general purpose 
PICs, there are a few challenges that have to be improved for larger systems, like
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Fig. 20 a Schematic of an MZI-based optical switch. b Schematic of an MZI realising an 
elementary 2×2 unitary matrix operation. The matrices are taken from [131]

maintaining an exact phase control through all optical pathways and decreasing the 
complexity of the electronic interface [131, 133–136].

In summary, this section provides an overview of several different approaches 
to increase computing power by performing MVM in the optical domain. Hardware 
accelerators with crossbar arrays, ring resonator arrays, and MMIs can utilize several 
multiplexing techniques such as WDM to achieve exceptionally high parallelism 
in computing, which leads to high data throughput. On the other hand, accelera-
tors based on MZIs require single-wavelength light sources, simplifying integration 
requirements. However, the need for phase error compensation can complicate the 
operation of these devices. 

4 Outlook and Challenges 

Transitioning to the optical domain in computing promises unmatched potential for 
high data throughput and computational speed due to the intrinsic properties of light 
as evidenced in ONNs and optical Hardware Accelerators. Unlike typical electronic
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Fig. 21 A schematic of a cascaded 8×8 MZI Mesh. Each crossing (red dots) corresponds to an 
MZI performing a 2×2 unitary operation [131]

architectures, the bottlenecks of data transfer and processing are significantly miti-
gated by in-memory computing enabled by PCM or the integration of electro-optic 
devices. We have observed diverse implementations of neural network structures on 
optical chips, and specific optical circuits designed to enhance computationally inten-
sive tasks like Matrix-Vector Multiplication. However, matching the performance and 
availability of commercial electronic systems presents several challenges. 

A critical aspect is integrating all necessary devices on-chip and ensuring system-
wide integration. Many presented solutions are still primarily confined to labora-
tory environments. While the main functionality is on-chip, much of the required 
periphery remains off-chip. Integrating active components like light sources, modu-
lators, and photodetectors poses fabrication challenges, often necessitating the 
coupling of different platforms [99, 137–139]. However, the maturation of fabrica-
tion processes and the increasing availability of foundries capable of handling these 
challenges will significantly influence the development of fully integrated circuits 
[102, 139–142]. Additionally, packaging and interconnecting different chips is a 
research area in and of itself, with advances in 3D printing of photonic wire bonds 
showing promise for improving chip-to-chip connections [143]. 

To compete with state-of-the-art electronics, the computing density of these 
systems must be comparable. Although PICs have limitations in reducing footprint, 
they match up in computing density [20]. The limitations in footprint stem from the 
minimum waveguide width and bending radii required to guide light at a certain 
wavelength. For example, in a SiN platform, the typical width is around 1.2 µm 
with bending radii of 50 µm  [57, 64]. However, higher index materials like SOI can 
reduce this to approximately 0.5 µm  [117] with radii of about 10 µm at the telecom 
wavelength of 1550 nm. An intriguing approach to reducing the footprint of PICs is to
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develop three-dimensional architectures [144]. Furthermore, increasing computing 
density can be achieved by enhancing and combining various types of multiplexing 
available for optics. 

Lastly, the interface between electronic and photonic components remains a 
crucial area. The inevitable need for converting digital signals from electronic circuits 
to the analog domain used in photonic computing introduces potential bottlenecks, 
notably in digital-to-analog converters (DACs). Although the energy savings from 
optical processing can offset these costs, minimizing multiple conversions between 
domains is advantageous. 

In summary, all-optical chips in the realm of integrated photonic neuromorphic 
computing represent a promising avenue for meeting the increasing demands for 
computing power. Initial demonstrations of fully integrated solutions have been 
achieved, and the ongoing advancements to surpass electronic counterparts are 
indicative of significant potential in the future. 
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Time-multiplexed Reservoir Computing 
with Semiconductor Laser Systems 

Kathy Lüdge and Lina Jaurigue 

Abstract This chapter will focus on a specific variant of reservoir computing (RC) 
which is based on time-multiplexing the input and readout layers. It is often referred 
to as delay-based or time-delay RC, as it can easily be realized with a single physical 
systems subject to self-feedback and does not require a network of numerous coupled 
nonlinear units. In this time-multiplexed scheme, the nonlinear transformation and 
mixing of the input data is realized via the internal dynamics of the nonlinear physical 
system. Strongly nonlinear optical elements, for example semiconductor lasers sub-
ject to optical feedback, are promising candidates and offer fast data processing rates 
combined with the possibility of on-chip hardware realization. The time-delay of the 
feedback loop has a twofold purpose; it induces a complex response and provides 
short term memory. While the intrinsic dynamical nonlinearity can be exploited for 
the computing, it can also lead to intrinsic instabilities that prevent stable computing 
operation. We will discuss this in detail and elaborate how the bifurcation structure, 
i.e. the phase diagram in parameter space, can help to find good operation condi-
tions for delay-based RC. Please also see the chapter by Stephan Wong, Doris E. 
Reiter and Sang Soon Oh for a machine learning based method to determine phase 
diagrams. We will also focus on the fact that the specific memory requirements for a 
given reservoir computing task, for example the prediction of a complex time series, 
are not unique and vary a lot between tasks, leading to different prerequisites for the 
dynamical system in use. 
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1 Introduction 

Reservoir computing (RC), as explained in the chapter by Michael te Vrugt in Part I 
of this book, is a machine learning scheme where only the output layer is trained via 
one linear regression step, while the dynamical network itself is not adapted during 
the training phase. The RC scheme omits the complex and time consuming process of 
adjusting the internal connections of coupled networks, that is for example realised 
via error back-propagation in deep neural networks. (Please see the chapter by Tobias 
Wand in this book for more details on general methods for machine learning.) Instead 
it uses large systems with random but fixed connections. In other words, the RC 
approach trades the sophisticated but energy and time consuming training step with 
a larger but randomly connected system that hopefully provides the nonlinearities and 
memory needed for a particular task. The big advantage of the idea is that the random 
network can be any complex physical system. The requirement is that it provides 
high dimensional and consistent nonlinear responses to external perturbations. Thus, 
it does not need to be specifically designed. In recent years, there has been tremendous 
activity towards finding optimally suited physical reservoirs with high dimensional 
and nonlinear responses that can be exploited in the RC scheme. To name just a 
few, the physical substrates used for RC range from passive optical cavities [1–4], 
skyrmirons [5] and nanomagnetic devices [6], to active laser systems [7–10]. A review 
about physical implementations can be found in [11] and with a photonic perspective 
in [12]. Please also see the chapter by Akhilesh Jaiswal, Md Abdullah-Al-Kaiser and 
Maryam Parsa of this book for hardware implementations. 

In general, the performances that can be reached for certain tasks vary a lot 
between the systems. This is mostly due to the different nonlinear dynamics and 
internal physical timescales that are involved. In this chapter we want to discuss this 
point in more detail and investigate the interplay between the bifurcation structure 
and internal timescales of the reservoir, task specific memory requirements and pre-
diction performance. We will focus on the time-multiplexed RC scheme originally 
introduced in [13], which can easily be realized with a nonlinear oscillator subjected 
to self-feedback. In this scheme, which has been experimentally realized with vari-
ous systems (e.g. [14–17]), the delay line provides short term memory and induces a 
complex response to the input data [4, 18]. In contrast to the spatially multiplexed RC 
schemes described in the introductory chapter by Michael te Vrugt of this book, the 
data are not injected into different network nodes but into the same node at different 
points in time. In analogy to the input layer with randomly chosen weights used in 
the conventional RC scheme, the time-multiplexed scheme uses a randomly chosen 
mask that is multiplied to every input data point in time. The choice of masks can 
also influence the performance, as has been investigated in [19]. For the numerical 
investigations presented here, the training itself is very fast and only involves one 
matrix inversion. The numerical integration of the delayed differential equations for 
the system dynamics is much more time consuming. For the real world applications 
envisioned for the RC scheme, e.g. edge computing devices, the complex internal 
dynamics of a laser system can be directly exploited while the training step is carried 
out offline.
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2 Time-multiplexed Reservoir Computing 

The delay-based reservoir computing setups investigated here are comprised of a 
semiconductor laser and an optical self-feedback line. It is an example of a dynami-
cal RC system that can be operated within the optical domain. This can be suitable 
for directly processing optical data such as optical spectra or communication data. 
Nevertheless, also other dynamical systems with feedback (e.g. acoustically excited 
oscillators [20] or electro-optical oscillators [21]) will show delay induced instabili-
ties and strong dependencies upon the respective system timescales and the discussion 
below can also be transferred to those systems. 

The input layer of a photonic time-multiplexed RC is realized by driving the laser 
via either a time varying pump current or a time varying optical signal. The output 
layer is realized via sampling the output intensity .I (t) of the driven laser system 
at different points in time at a sampling rate of .1/θ , where . θ is the virtual node 
distance. It is usually realized via a photo detector. The readout is synchronized to 
the input such that .NV data points of the response are measured during the time of 
one input data interval.T = NV θ (see Eq. (1)). An example of such a setup is depicted 
in Fig. 1. The nonlinear transformation and mixing of the data that enter at different 
points in time (time-multiplexing) takes place within the optical cavity due to the 
finite response times of the photons and electrons, i.e. a high electron density induced 
by the electrical pump current will need some time before it is seen in the photon 

Fig. 1 Sketch of the time-muliplexed reservoir computing scheme. The input data stream .ui is 
transformed into a time-continuous signal via a sample and hold mechanism, multiplied by a random 
mask signal .m(t) and injected into the dynamic system as a driving force (pump current .J (t) as 
defined in Eq. (8)). The response of the system is measured via the intensity .I (t) as a function of 
time. The data points are measured .Nv-times within one clock cycle . T , with a temporal distance 
of. θ (virtual node distance). The results are written into the state matrix. S where one row contains 
the data measured within one clock cycle. T . The weights.Wout are determined via linear regression 
such that the output is closest to the desired target
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density due to the light matter interaction. For the training procedure the intensity 
values that are measured as a function of time at the output are collected into a state 
matrix . S: 

.S =

⎡

⎢⎢
⎢
⎣

I (θ) I (2θ) . . . I (NV θ) 1
I (θ + T ) . . . . . . I (NV θ + T ) 1

...
...

...

I (θ + NI T ) . . . . . . I (NV θ + NI T ) 1

⎤

⎥⎥
⎥
⎦

. (1) 

The intensity response .I (t) of the laser is measured .NV times within the input 
duration .T of each piece of input data, i.e. these measured values form one row 
of the . S matrix. The number of rows of the state matrix is given by the size of 
the training data set .NI . A bias term is added to . S in the last column to allow to 
have a distribution offset from the origin during the linear regression. The temporal 
distance between the readouts (the virtual node distance . θ also indicated in Fig. 1) 
has to be adapted to the characteristic response time of the laser [13, 22]  (or  which  
ever physical system is used as the reservoir) and determines the data processing 
rate. If for example, .Nv = T/θ = 30 with a virtual node spacing of .θ = 33ps, this 
results in a clock-cycle of .T = 1 ns and thus a data processing rate of 1 GHz. 

2.1 Training 

The trained weights.Wout for the weighted readout sum at the output layer are deter-
mined for a given task via linear regression. The linear regression minimizes the 
distance to the target . o as given in Eq. (2), where . 2 refers to the L2-norm. 

. min
Wout

SWout − o 2
2 + λ Wout

2
2 . (2) 

The Tikhonov regularization parameter . λ is used to avoid overfitting and has to be 
optimized for every system to take into account changes in the absolute values of the 
state matrix entries. The solution of Eq. (2)  is  given  by

.Wout = STS + λI
−1

STo, (3) 

where . I is the identity matrix. After training and during RC operation, the output of 
the RC system is then computed via .ô = SWout. To quantify the error in predicting 
the target . o, we compute the normalized root mean square error (.N RMSE) 

.NRMSE = 1

NI

NI

k=1

(ô(k) − o(k))2

var(o)
, (4)
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which incorporates the normalization by the variance of the target .var(o). .NI is the 
number of training or testing steps. For our numerically performed prediction tasks 
the reservoir was trained with 10000 inputs and tested with 5000 data points. We 
always average over multiple randomly chosen masks in order to eliminate the impact 
of the mask and gain reliable insights into the parameter dependence. For an actual 
RC application only one mask needs to be used. 

Time Series Prediction task 

Reservoir computing is particularly suited for chaotic timeseries prediction due to the 
recurrent mixing of the input data which provides short term memory. This memory is 
needed for anticipating the next step in a complex time evolution. To demonstrate the 
interrelation between the bifurcation structure and the prediction performance of the 
RC system, we will mainly focus on tasks using the chaotic Lorenz 63 system [23]. We 
will also briefly discuss different tasks, e.g. Mackey-Glass [24] and NARMA10 [25]. 
The Lorenz 63 system [23] is described by the three coordinates: 

.ẋ(t) = σ(y − x); ẏ(t) = x(ρ − z) − y; ż(t) = xy − βz. (5) 

With the parameters set to .σ = 10, .ρ = 28, and.β = 8/3, this system yields chaotic 
dynamics. To generate the training and testing data we integrate numerically with a 
Runge-Kutta 4th-order solver and a step size of . tsim = 0.01. We then sample . x(t)
with a time step . d = 0.1 to yield the input vector .x(k) (the length of the vector 
equals the number of training or testing steps, i.e. .k ∈ 1 · · · NI , plus a suitably long 
buffer (washout) for initialising the reservoir). For a one-step-ahead.x-to-. x prediction 
task the vector .x(k) is the input and .o(k) = x(k + 1) is the target. We note that the 
sampling step. d has a nontrivial impact both on the difficulty of the task and on its 
memory requirements [26–28], i.e. a smaller sampling step. d does not necessarily 
lead to simpler tasks. 

Another benchmark task used later in the chapter is the NARMA10 task which 
is a nonlinear autoregressive-moving average task [25]. It is given by the recursive 
formula 

.Ak+1 = 0.3Ak + 0.05Ak

⎛

⎝
9

j=0

Ak− j

⎞

⎠ + 1.5uk−9uk + 0.1, (6) 

where .Ak is the iterative NARMA10 time series and .uk are i.i.d. random numbers 
in [0, 0.5] serving as input. The task is to predict .o(k) = A(k + 1) from the input 
sequence .u(k). 

Lastly, the Mackey-Glass equation is used as a benchmarking task [29–31]. The 
Mackey-Glass delay-differential equation is given by [32]
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.
dx

dt
= β

x (t − τM)

1 + x (t − τM)n
− γ x . (7) 

Using the standard parameters, .τM = 17, .n = 10, .β = 0.2 and.γ = 0.1, this system 
exhibits chaotic dynamics. To numerically integrate this delay-differential equation 
we use a Runge-Kutta 4th-order solver with a step size of . tsim = 0.01 and cubic 
Hermite interpolation for the delayed mid-steps. As for the Lorenz case the dynamic 
output is sampled to get the input vector. We choose. d = 1, and the target is. o(k) =
x(k + 10) when .x(k) is the input, i.e. we perform a 10-step ahead prediction. 

For the photonic computing we simulate a time continuous system as our reser-
voir. Therefore, the input vector .x(k) for a specific task is first transformed into a 
continuous signal .X (t) via the sample and hold method (hold constant during the 
clock cycle. T ) and then multiplied with a mask signal.m(t) that repeats every. T (see 
Fig. 1). The mask values take the role of the random input weights in conventional 
RC setups. In our case they are drawn from an independent and identical distribution 
between -1 and 1. For the case that the reservoir is driven via input to the pump 
current .J (t) (as illustrated in Fig. 1), the resulting time dependent signal is given by 

.J (t) = η · m(t)X (t), (8) 

with an input scaling factor . η that can be used for optimization. 

3 Bifurcation Structure of the Dynamical System 

To demonstrate the dynamics arising in semiconductor lasers with optical feedback 
(see sketch in Fig. 1), we use a quantum dot (QD) laser modeled via microscopically 
based semi-classical rate-equations, as introduced in [33]. Other laser system can be 
used as active elements and in the subsequent sections we show reservoir computing 
results for a variety of semiconductor lasers. For all systems the response time of 
the laser plays a critical role and the timescales of the data induced perturbations 
have to be adjusted accordingly. Common to all semiconductor laser setups that will 
be discussed is the feedback delay line, which generates a high dimensional and 
complex input response. Due to the mathematical properties of delay differential 
equations, the phase space dimension is infinite and close to bifurcations (tipping 
points in the dynamic response), subsets of this phase space can be exploited via 
sampling the transient response. 

The differential equation system used for modelling the QD laser with feedback is 
given by Eqs. (9)–(13). We also include the possibility for external optical injection 
(with a normalized strength .kinj and an optical frequency that is detuned by . 
from the solitary laser frequency) in order to have an additional tuning parameter 
to enable a control of the laser dynamics. The electric pump current .J (t) represents 
the interface to the RC setup as this is where the input data of a certain task enter
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the dynamical system while the laser is driven at a constant value .Jc of twice the 
threshold current. 

.Ė = (g − iδω − κ)E + kinj|E0|2κe−i2 t + 2κKeiC E(t − τ) (9) 

.ρ̇act
GS,b = − g

f actaL NQD
|E |2 − Ract

sp,GS + Scap,actGS,b + Srel,actb (10) 

.ρ̇inact
GS,b = −Rinact

sp,GS + Scap,inactGS,b + Srel,inactb (11) 

.ρ̇ES,b = −Ract
sp,ES + ScapES,b − 1

2
f actSrel,actb + f inactSrel,inactb (12) 

.ω̇b = −2NQD f actScap,actGS,b + f inactScap,inactGS,b − 4NQDS
cap
ES,b − Rloss + Jc + J (t) (13) 

The light inside the cavity is described by the slowly varying amplitude of the 
complex electric field .E which yields the output intensity .I (t) = |E |2. In the elec-
tric field equation (Eq. (9)), the factor .kinj measures the optical injection strength 
normalized to the inverse photon lifetime.2κ and to the amplitude output .|E0| of the 
solitary QD laser. .e−i2 t describes the phase shift due to the frequency detuning 
. between the driven and the driving laser,.2κKeiC E(t − τ) denotes delayed opti-
cal self-feedback with the feedback strength. K , feedback delay time. τ and feedback 
phase shift . C . 

The gain is generated by the occupation probabilities of the resonant QDs in the 
ground state .ρact

GS,b. For the internal charge carrier dynamics also the off-resonant 
QDs in the ground state .ρ inact

GS,b, the excited state .ρES,b, and the 2D charge car-
rier densities .ωb are important dynamic variables (.b = {e, h} labels electrons and 
holes, respectively). More details on the QD laser modelling are given in [34, 35]. 
The complex linear gain is given by an amplitude gain . g and the change of the 
instantaneous frequency .δω. Both are described by linear equations that model 
their dependencies on the charge carrier occupation probabilities in the QD and 
the charge carrier densities in the surrounding well. The gain of the laser is given by 
.g = gGS(ρact

GS,e + ρact
GS,h + 1) with the differential gain .gGS, while the instantaneous 

frequency shift .δω = δωES ρES,e + ρES,h + δωe · ωe + δωh · ωh models an ampli-
tude phase coupling that dynamically depends on the laser state. The latter results in 
a non-constant.α-factor that depends on the individual shifts (.δωES,.δωe, and.δωh)  of  
the carrier distributions within the involved non-resonant states which can be derived 
from a fully microscopic modelling approach [36]..R(in)act

sp and.Rloss describe the spon-
taneous recombination losses of the charge carriers as a phenomenological rate. The 
microscopically-based Boltzmann scattering rates .Scap,(in)actm,b and .Srel,(in)actb between 
the different energy states contain all in- and out-scattering processes between the 
charge carriers and can be found in [33, 34].
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3.1 Dynamics with Optical Feedback 

To get an overview of the dynamical behaviour of semiconductor laser systems with 
optical feedback and without the time dependent input of the RC setup or additional 
optical injection, results of numerical bifurcation analysis for the QD system Eqs. (9)– 
(13) are presented in Fig. 2. The observed dynamics in the feedback parameter space 
of feedback phase. C and feedback strength.K are shown for six different delay times 
. τ . For every parameter set we solved the differential equation system, let the system 
converge to its equilibrium dynamics and then analysed the time series .I (t) with 
respect to its shape in time. The results are plotted in Fig. 2 as a color code. Blue 
shading indicate regions where stable intensity (constant wave operation) is found, 
while yellow to red colors mark delay induced oscillations of increasing complexity 
(the number of extrema found in one period (or quasi-period) are counted). This 
behaviour is ubiquitous for lasers with optical feedback, where the delay induces new 
solutions (external cavity modes) that are born in saddle-node bifurcations [37–40]. 
Those new solutions exist in multiple layers within this parameter plane. Jumps from 
one steady state solution to another can be seen by the non-smooth changes in the 
blue shading in Fig. 2 for delay times larger than .τ = 0.5ns. The longer the delay 
the more frequent the jumps appear for increasing . K . The periodic oscillations are 
born in Hopf bifurcations of the first external cavity mode (transition from blue 
to yellow) [40]. The other border of the oscillating region can be a homoclinic or 
an interior crisis (see e.g. [41, 42]). The longer the delay the higher the degree of 

Fig. 2 Dynamics observed from a quantum-dot laser subjected to optical feedback. The panels 
show parameter scans in feedback strength.K and phase.C for 6 different feedback delay times. τ . 
Blues colors indicate the constant wave intensity (stable emission) and yellow-red colors indicate 
the number of maxima found within one period of the pulsating laser intensity
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multistability [43] (this can also be seen by the increased number of jumps in the blue 
shaded region in Fig. 2 for.τ = 0.8ns). This is a fact that must be kept in mind when 
using such a setup as a reservoir computer. Also, the feedback strength where the first 
instability happens decreases with the delay. The regions of oscillatory dynamics are 
not beneficial for RC and a feedback strength lower than the critical value at which 
the first lasing instabilities arise should be chosen. 

3.2 Effect of Additional Optical Injection 

For the case that additional optical injection is added to the laser (for example the. kinj
term in Eq. (9)), the dynamic response changes and leads to large regions where com-
plex dynamic response is found. Examples of optical injection dependent dynamics 
are shown in Fig. 3 using the same color code as in Fig. 2. The regions of com-
plex dynamics (yellows and reds) are not useful for reservoir computing because 
the system does not respond consistently to the input, as will be demonstrated for a 
spin-VCSEL system in the next section. Stable intensity operation (blue) is achieved 
when the laser locks to the external injection. Since there are multiple delay induced 
solutions that can exist in the resonator, the locking region shows multiple tongues 
and the locking border is jagged (one tongue for every external cavity mode). The 
higher the feedback strength of the delay loop (Fig. 3b, c), the smaller are the locking 
cones, which leaves most of the injection parameter space with periodic (yellow) 
or chaotic (red) dynamics. Thus, if injection and feedback are combined a small 
feedback strength is better for ensuring stable intensity operation. 

Fig. 3 Dynamics observed from an optically injected quantum-dot laser subjected to optical feed-
back with.τ = 0.8ns and.C = 0. Panels a–c show results for 3 different feedback strength. K . Blue 
colors indicate constant wave emission and yellow-red colors indicate the number of maxima found 
in one period of the pulsating laser intensity
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The delay time in Fig. 3 was chosen to be .τ = 0.8ns, which is a relatively large 
value. For smaller delay times the degree of multistability is smaller which then also 
leads to less complex locking borders [34]. We remark that spike-based reservoir 
computing encoding schemes can also be realized with this setup, as the system 
is excitable at the edge of the locking borders [34, 44, 45]. Choosing the injection 
parameters . and .kinj close to the injection induced saddle-node bifurcation, but 
within the stable blue region, allows the excitation of pulses from small optical or 
electrical perturbations [46, 47]. 

4 Performance in Parameter Space 

In the following section we discuss how the time series prediction performance after 
training the RC system, which is build by a laser with feedback delay, changes in 
the parameter plane of an additionally applied optical injection. We demonstrate 
the behaviour using a spin-VCSEL system [48, 49]. Experimental results for these 
optically injected lasers with feedback and optical data injection have been published 
e.g. in [17, 50]. In our case we inject the data via an electric polarized pump current. 
The dynamic equations for the spin-VCSEL are rate equations similar to the QD-laser 
case, however, here spin-up and spin-down carriers are modelled separately with an 
additional timescale describing the spin relaxation .γs = 10 ns−1. The electric field 
inside the cavity is polarized either right circular (.E+) or left circular (.E−). The total 
sum of the charge carrier sub-populations is given by . N , while .m describes their 
difference: 

. 
d

dt
E(t)± = κ (1 + iα)(N ± m − 1)E± − (γa + iγp)E∓ + 2Kκ E±(t − τ)e−iC

+ 2κkinj |E0| e2π i t (14) 

.
d

dt
N (t) = γ [ Jc − N (1 + |E+|2 + |E−|2)m(|E+|2 − |E−|2) ] (15) 

.
d

dt
m(t) = γ Jc J (t) − [γs + γ (|E+|2 + |E−|2)]m − γ (|E+|2 − |E−|2)N . (16) 

The data for RC is injected via the time dependent polarization pump current. J (t)
as described in Eq. (8). .κ = 230 ns−1 is the field decay rate, . C , . γa , and . α are the 
feedback phase, linear dichrosim, and the linewidth enhancement factor which are 
zero in our case..γp = 30 ns−1 describes birefringency,.γ = 1 ns−1 the carrier decay 
rate, and .Jc = 1.5 the total pump current normalized to threshold. More details on 
the model can be found in [51]. 

Using the time-multiplexed reservoir computing scheme introduced in Sect. 2 
we compute the normalized root mean square error (NRMSE) when predicting the 
.x-variable of the Lorenz system one step into the future (with a time step of 0.1 
Lorenz times). Figure 4 depicts the NRMSE as a color code in the injection parameter
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Fig. 4 Performance for the Lorenz .x-to-. x one step ahead time series prediction task performed 
with a spin-VCSEL RC setup with optical injection and optical delay. τ as  given  in  Eqs  . (14)–(16). 
The NRMSE is plotted color coded in the injection parameter space as a function of the injection 
strength .kinj and the detuning frequency . . The optical self feedback delay is set to .τ = 1.4ns, 
feedback phase.C = 0,.NV = 30 nodes,. θ = 33

plane. It can be seen that good performance is only found within the locking region 
(dark green colors) while the regions with the pulsating dynamics do not allow for a 
reliable prediction (orange colors). More details are given in [51] the panels (a) and 
(b) in Fig. 4 depict two different feedback strength. As also observed before in the 
dynamics discussion, the stronger feedback strength leads to a much more jagged 
border. This correlates with worse performance for the larger feedback strength. The 
best performance is found at the border of the locking region where the transient 
response of the laser is complex due to the close proximity to the bifurcation, but 
the underlying dynamics of the un-driven system are still stable intensity emission 
(continuous wave emission). 

4.1 Resonances and Internal Response Time 

The dynamic time-scales governing the complete RC setup are particularly important 
for the performance. The time that is needed to feed in one masked data point is the 
clock-cycle . T . If this time is chosen equivalent to the feedback delay time . τ ,  a  
resonance effect which is detrimental to the prediction performance [52, 53] can be 
observed. Figure 5 shows this by scanning the time series prediction performance 
within the (.τ -T) plane for a QD laser system with optical feedback at varying delay 
times (x-axis). No additional optical injection was used here. Along the diagonal, a 
dip in the performance is seen. A second dip is found for the resonance where. 2T = τ

(see while arrows in Fig. 5). The reason for the performance drop is a reduction in the 
complexity of the coupling that occurs at such resonances [53, 54, 56]. For example, 
when.T = τ each sampled reservoir response is only coupled via the feedback with
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Fig. 5 Scan of the time series prediction performance (Lorenz.x-to-. x task one step ahead) within 
the RC parameter space of time delay . τ and clock cycle . T . The NRMSE is color coded with 
black being the best values. Three laser systems with different turn on damping . and relaxation 
oscillation frequency. ω are chosen: a overdamped QD laser, b strongly damped like a typical QD 
laser modelled by Eqs. (9)–(13), and c a strongly spiking QD laser with very slow scattering rates 

inputs associated with the same mask steps, leading to a type of self-coupling between 
responses separated by. T . Whereas, for the commonly used desynchronized scheme 
with .T + θ = τ [53, 55], responses to inputs from neighbouring mask steps are 
coupled. 

The three panels in Fig. 5 depict the results for laser systems in three different 
dynamical regimes. The left panel depicts an example of an overdamped laser (class-
A laser) where the dynamics of the charge carriers can be adiabatically eliminated, 
leaving only the dynamics described by the electric field equation [56]. Such a simple 
nonlinear oscillator [52], is described by the so-called Stuart Landau oscillator equa-
tion. This system shows an damped response to perturbations with the characteristic 
damping time . . For this systems a ratio of .T/τ ≈ 0.7 is the best choice for an 
optimal prediction performance [57] given a task that has no specifically long mem-
ory requirements (dark regions with best performance in Fig. 5 where the Lorenz 
.x-to. x prediction task was chosen). In those cases an optimal delay is always slightly 
larger than the clock cycle. The value for the optimal ratio for the same task shifts 
for the other laser systems in Fig. 5. Figure 5b shows the results in .τ -T-parameter 
space for a typical QD laser as described in Sect. 3. Here, a ratio of about 1 between 
. τ and T is most beneficial [22]. The corresponding QD laser turn-on transients are 
in between class-A and class-B like behaviour [22, 58] with a relaxation oscillation 
frequency . ω that is on the same order as the damping . . Instead, the QD laser in 
Fig. 5c has tremendously slow scattering rates which leads to pronounced spikes in 
the turn-on dynamics (. ). There the optimal ratio is shifted to higher values 
(.T/τ = 1.67) which refers to a much slower data injection rate due to the much 
slower system response [22]. More details on the effect of the QD laser scattering 
rates on the turn-on dynamics and modulation response of QD lasers are given in
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Fig. 6 Normalised mean square error (NMSE) plotted color coded as a function of the two cou-
pling delay times .τ1 and .τ2 of two mutually coupled lasers given by Eq. (17), with times given in 
normalized time units [63]. c–d show the three different prediction tasks (NARMA10, Lorenz X 
and Mackey Glass) introduced in Sect. 2. a shows the linear memory capacity.MC1 Eq.(18). Clock 
cycle.T = 200,. NV = 100

[59, 60], details on their effect regarding QD lasers with optical injection in [61] and 
regarding optical feedback in [39]. 

In our RC setup, one reason for the shift of the optimal .τ/T -ratio for the three 
lasers in Fig. 5 lies in the changed system response. The response is dominated 
by the damping in the overdamped case (Fig. 5a) and by the relaxation oscillation 
frequency in the slow scattering case (Fig. 5c). If the nonlinear properties of the 
physical system are to be used in an optimal way, the sampling rate (.1/θ ) of the time-
multiplexed output has to match the internal relaxation time-scale of the dynamical 
system [22, 57, 62]. 

5 Task Dependence of the Performance 

. 
To explore the task dependence of the delay-based RC scheme, we now look at a 
slightly different setup, two delay-coupled lasers described by Stuart-Landau oscil-
lators. The latter is a normal form describing the behaviour near a Hopf bifurcation. 
The dynamic equations for the complex amplitude.Z j (which represents the electric 
field in case of a Class A laser as detailed in [56]) are
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.Ż j = J 0
j + Jj (t) + (γ j + iα j )|Z j |2 Z j + K j e

iC j Z j+1 t − τ j . (17) 

The index. j labels the two oscillators, .J 0
j = 0.01 denotes the pump rate, . γ j = −0.1

the nonlinearity parameter, .K j = 0.18 the feedback strength, .C j and .α j represent 
feedback phase and amplitude phase coupling which are chosen to be zero here. . τ j

are the delay-times. The input data is injected via.Jj (t) as described before in Eq. (8) 
with the difference that here each laser has a different mask. 

In this setup two delay times exist (see setup sketch in Fig. 6) which can be 
tuned very efficiently [53]. We will investigate the performance in this parameter 
plane spanned by .τ1 and. τ2. To evaluate how much the achievable prediction results 
after training the RC system depend on the task, three different tasks (NARMA10, 
Lorenz-X and Mackey-Glass) were chosen (see [63] for more details). For all three 
the prediction performance one step into the future was determined as a function of 
the two delay-times (Fig. 6 panels b, c, d). Within the blue regions in Fig. 6 the RC 
computing performance is best. The regions of good performance are interspersed 
with regions of poor performance. The structure of these regions depend strongly 
on the delay-times and the task. While the Lorenz task is performed best with small 
delay lines (dark region in the lower left corner of Fig. 6c), the 10-step ahead Mackey 
Glass task needs rather long delay values (Fig. 6d) for a decent performance. The 
reason are the different memory requirements; The Mackey Glass time series results 
from an underlying delay system and needs a long memory for predicting the next 
step. This memory is provided by the delay in the RC setup. Instead, the Lorenz 
.x-to-. x prediction can be performed with very little memory [28] and small values of 
. τ suffice. 

Figure 6a presents the memory properties of the mutually coupled RC setup. The 
linear memory capacity can be measured by computing how well past inputs can be 
remembered [56, 64]. The lighter grey regions correspond to larger linear memory 
capacity and they appear for larger values of .τ1 and .τ2 in Fig. 6a. It is computed by 
first calculating the linear recall capability .Ci = oT ô/||o||2 where the target . o is an 
input sequence shifted . i steps back in time while . ô is the output trained for this task 
with the original input. The input for this task are i.i.d. distributed random numbers 
drawn from .[−1, 1]. .Ci equals . 1 if the reservoir remembers the .i th input perfectly. 
The linear memory capacity is then defined as the sum over the recall capabilities of 
all possible linear recall tasks 

.MC1 =
∞

i=0

Ci . (18) 

It is noted that the linear .MC1 can be analytically derived from the linear response 
of the RC system as long as the input is a small perturbation [62]. In our case we 
numerically determined the value by training the reservoir to remember an input from 
i-steps into the past and then summing the values of the performance over . i .  It  is  
striking that the correlation with the performance on a specific time-series prediction 
task is not straightforward, as can be seen by comparing the memory capacity in
Fig. 6a with the performance of the RC setup after training for the three different
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time-series prediction tasks in Fig. 6b–d. The reason is that every task has specific 
requirements for the nonlinearity and the memory and the best operation region for 
one task can be very bad for another task. 

Some insights into the requirements of a time series prediction task can be derived 
from the auto-correlation function [28]. Here the zero crossing of the AC indicates 
the temporal distance of uncorrelated points in time. Another approach to analyse 
the task and its requirements is by performing a series expansion of the time series 
with e.g. Legendre Polynomials as base functions [63]. This method could identify 
the memory needed, but the analytic relation only hold true for uncorrelated input 
which is not fulfilled for the case of a time series that results from a physical process. 

6 Conclusion 

Time-multiplexed reservoir computing is a powerful machine learning concept that 
can be easily realized with physical systems, for example optically with lasers and a 
self-feedback delay line. Due to the physical delay-based realizations there are only 
a few parameters that need to be optimized. A bifurcation analysis of the under-
lying physical system can help to identify the interesting regions that are close to 
complex dynamical regions but still within stable intensity regimes. For different 
types of semiconductor lasers, there are differences in the internal time scales which 
must be taken into account when setting up the details of the reservoir computer, 
e.g. data input rate, internal delay time and output sampling rate. However, there 
are also universal behaviours which strongly influence the reservoir performance 
and that do not depend on the specific dynamic system chosen as reservoir but are 
more dependent on the dynamics induced by the optical self-feedback and the data 
injection. 
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Neuromorphic Spintronics 

Atreya Majumdar and Karin Everschor-Sitte 

Abstract Neuromorphic spintronics combines two advanced fields in technology, 
neuromorphic computing, and spintronics, to create brain-inspired, efficient com-
puting systems that leverage the unique properties of the electron’s spin. In this book 
chapter, we first introduce both fields—neuromorphic computing and spintronics— 
and then make a case for neuromorphic spintronics. We discuss concrete examples of 
neuromorphic spintronics, including computing based on fluctuations, artificial neu-
ral networks, and reservoir computing, highlighting their potential to revolutionize 
computational efficiency and functionality. 

1 Introduction 

The invention of computers has been instrumental in ushering in a new era where we 
can quickly perform large computations in the blink of an eye and store vast amounts 
of data. This advancement can be directly attributed to the development of elec-
tronics, which has enabled efficient miniaturization and high processing speeds. The 
development of electronic technology has been so rapid that the number of transistors 
in integrated circuits has doubled every two years since 1970. This phenomenon has 
been coined the name Moore’s law [1]. However, transistor miniaturization has hit a 
plateau in recent years due to technological limitations [2, 3]. Furthermore, advances 
in deep learning have heightened the demands for computation, memory, and energy. 
To address these issues, there is a need for new computing paradigms based on novel 
materials [4]. 

Throughout history, new epochs of civilization have been shaped by the combined 
innovations of ideas and the methods used to express them. For instance, Johannes 
Gutenberg’s invention of the printing press in 1436 enabled the rapid dissemination of 
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knowledge through books, sparking a transformative global revolution. As computing 
methods and materials reach saturation, an urgent necessity arises for yet another 
revolutionary breakthrough. This revolution must encompass advancements in both 
computation as well as the materials that perform it. 

The animal world, having undergone millions of years of evolutionary optimiza-
tion, is a significant inspiration for many modern marvels, such as the airplane. The 
human brain, in particular, exhibits remarkable pattern recognition abilities while 
also being energy-efficient. In the late 1980s, Carver Mead introduced the concept of 
neuromorphic computing, a brain-inspired approach designed to mimic how the brain 
processes information for computational tasks [5, 6]. While conventional computing 
developed in tandem with silicon and other semiconductor technologies, adopting 
a new computational paradigm would require innovative material technologies that 
naturally fulfill its unique needs. Spintronics-based materials, which utilize the spin 
degree of freedom, constitute one such class of materials showing promise as can-
didates for implementing neuromorphic computing. This chapter aims to motivate 
the potential of neuromorphic spintronics in addressing numerous challenges that 
plague contemporary computing technologies. 

We begin this chapter by presenting the promise that spintronics-based materials 
hold as a platform for neuromorphic computing. This will be followed by exploring 
various application domains for spintronics-based materials. First, we consider the 
noisy yet error-tolerant aspect of our brain as an inspiration, and in that light, we 
discuss computing based on fluctuations using spintronics-based materials. Next, we 
discuss the implementation of neural networks, which are directly inspired by how 
neurons and synapses in our brain are configured to perform pattern recognition tasks. 
The subsequent section deals with another neuro-inspired algorithm called reservoir 
computing, and here we emphasize the usefulness of spintronics systems as suitable 
reservoirs. In the penultimate section, we compare and contrast spintronics-based 
memories with other unconventional memory technologies. Lastly, we explore the 
future trajectory of neuromorphic spintronics, anticipating advancements in compu-
tational capabilities driven by new discoveries in the physical properties of spintronics 
materials. 

1.1 The Promise of Spintronics 

The field of electronics is based on using and manipulating the electron’s charge. 
Like the charge, spin is another intrinsic property of the electron. Spintronics, short 
for “spin-based electronics”, is a field in physics and engineering that focuses on 
this degree of freedom for developing technology [7, 8]. Spin is a quantum mechan-
ical property of any fundamental particle. It is associated with an intrinsic angular 
momentum of the particle, which allows for manipulation through various means, 
such as electric current, electric field, magnetic field, and light, among others. 

The conceptual roots of spintronics can be traced back to the early 20th century 
with the discovery of the electron spin by Samuel Goudsmit and George Uhlenbeck
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in 1925 [9]. However, it was not until several decades later that the potential for 
practical applications began to emerge; a significant breakthrough came in 1988 with 
the independent discovery of the giant magnetoresistance (GMR) effect by physicists 
Albert Fert and Peter Grünberg [10, 11]. This discovery revealed how small changes 
in applied magnetic fields could lead to significant changes in electrical resistance of 
certain materials. In the 1990s, the application of GMR in read heads for hard disk 
drives revolutionized computer data storage, dramatically increasing storage capacity 
and efficiency and ultimately earning Fert and Grünberg the Nobel Prize in Physics 
in 2007. At the end of the 20th century, further advances led to the development of 
the tunneling magnetoresistance (TMR) effect [12–14]. This led to the creation of 
Magnetoresistive Random-Access Memory (MRAM), a type of non-volatile memory 
that is based on Magnetic Tunnel Junctions (MTJs). The core physics behind TMR 
(in MTJs) and the GMR effect involves a three-layer magnetic junction, where a non-
magnetic layer is sandwiched between two ferromagnetic layers. The non-magnetic 
layer provides an insulating tunnel effect and conduction pathway, respectively, for 
the MTJs and the GMR devices. One of the ferromagnetic layers is a fixed reference 
layer, while the other is a free layer whose magnetic orientation can be altered. Data 
storage in MRAM is based on the principle of magnetoresistance – the change in 
electrical resistance depending on the magnetic alignment of these two layers. When 
the magnetic moments of the free and fixed layers are parallel, the device’s resistance 
is low, representing a binary ‘1’. Conversely, the resistance is high when the magnetic 
moments are antiparallel, representing a binary ‘0’. 

Another important milestone was the race-track memory [15], where the motion 
of magnetic domain walls along nanowires is utilized. Here, the data is stored as 
magnetic bits along nanowire tracks. These magnetic bits can be moved along the 
track by applying current pulses, enabling the reading and writing of data. The 
race-track memory technology, which is yet to be commercially available, aims to 
achieve a high storage density by packing magnetic bits close together on tracks, 
which can also be arranged three-dimensionally. In addition, racetrack memories 
provide the potential for faster and more energy-efficient memory systems compared 
to traditional technologies like Dynamic Random Access Memory (DRAM) and 
Flash. In the last decade, other magnetic textures, such as skyrmions, have been 
explored as magnetic bits [16–19], while antiferromagnets have demonstrated the 
potential for even greater transmission speeds [20]. 

Unlike traditional electronics, which rely solely on the charge of electrons, spin-
tronics also harnesses the spin of electrons to encode and process information. One 
key benefit is reduced energy consumption, as manipulating spin typically requires 
less energy than moving or storing charges. Additionally, spintronics devices can 
achieve faster processing speeds due to the intrinsically fast dynamics of spin states, 
enabling quicker data transmission and processing. This technology also holds poten-
tial for greater scalability, particularly in the context of miniaturizing devices, and 
offers enhanced stability and reliability, as spin currents or magnetized states are 
less susceptible to external perturbations such as electromagnetic interference. Fur-
thermore, it provides many spin-dependent physical effects like TMR, spin-transfer
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torque (STT), spin-orbit torque (SOT), etc., which offer new opportunities for devel-
oping the next generation of storage and computing devices [21, 22]. 

1.2 A Case for Neuromorphic Spintronics 

Conventional computers are built with silicon-based architectures and hardware, 
with algorithms tailored to the technological requirements and available resources. 
Contrary to that, neuromorphic computing is an approach that mimics the neural 
structure and functioning of the human brain to enhance computational efficiency and 
processing power. The inspiration could manifest at various levels: the architecture, 
the computing hardware (including the substrate), or even the software strategies and 
algorithms. 

Spintronics materials hold significant promise for neuromorphic computing due to 
their inherent characteristics, which are ideally suited for this novel computational 
paradigm. These characteristics can be broadly classified into four categories, as 
shown in Fig. 1. 

1. Memory and adaptability: In the context of computing, memory refers to 
the ability to store values. In spin-based systems, a device can retain the mag-
netic state to which it is programmed, thus providing memory. An example is 
MRAM, where magnetic states are represented by parallel or anti-parallel align-
ments, thereby serving as memory. Compared to traditional charge-based mem-
ory technologies such as static random-access memory (SRAM) and DRAM, 

Fig. 1 Neuromorphic computing with spintronics-based devices offers many characteristics such 
as memory and adaptability, scalability, low-energy computation, and error tolerance
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spintronics-based memories are non-volatile, meaning they retain stored values 
even when powered off [23, 24]. Non-volatility reduces energy consumption, as 
memory units do not require constant access in many practical applications. Fur-
thermore, a single device can implement both memory and non-linear behavior, 
unlike other memory systems that often require multiple transistors to emulate 
these features [25]. 
In the human brain, both the abilities to memorize and to update memory are 
crucial for its functionality, highlighting the importance of adaptability. The 
brain can readjust its internal state by making its synaptic connections stronger 
or weaker and learning new information or modifying old memories. For spin-
based systems, the magnetic state can be reversibly and controllably changed 
by expending a small amount of energy. The MRAM example uses a current 
(STT or SOT) to change the magnetic state from parallel to anti-parallel (or 
vice-versa). As we shall see in Sect. 3, this ability to adapt, also referred to as 
plasticity, is important for implementing neural networks with spintronics-based 
devices [26]. 

2. Low energy: To perform tasks such as pattern recognition, conventional com-
puters consume orders of magnitude more power than the human brain, which 
uses around 20 Watts [27]. Our brain’s efficiency stems from several factors, 
with its architecture being one of the primary reasons. Neurons (the basic com-
puting/logic element) and the synapse (the basic memory element) are located 
physically together in the brain. In contrast, in conventional computers, the logic 
and memory units are physically separated, and a lot of energy is spent in shut-
tling information back and forth [28]. This bottleneck of energy consumption in 
conventional computing paradigms termed the von Neumann bottleneck, can be 
alleviated using spintronics-based memory elements such as MRAMs [24, 29]. 
Such novel memory technologies can be integrated with transistors that perform 
logic and arithmetic operations, thus facilitating in-memory or near-memory 
computing. 
Another factor contributing to low energy consumption in the human brain is 
its method of representing information. Neurons propagate information in the 
form of electrical voltage spikes. The presence of spikes, rather than a continuous 
signal, makes the representation of information sparse. This sparsity of activation 
can also be emulated using spintronics-based devices, which can implement 
leaky-integrate and fire neurons. Such examples will be described in more detail 
in Sect. 3. 

3. Scalability: The human brain has a volume of just about 1,200 cm. 
3 but contains 

10.11 neurons and 10.14 synaptic connections [30–32]. The computational effi-
ciency of our brain is partially attributed to this massive connectivity. Although 
achieving such high connectivity in hardware remains challenging due to limita-
tions in 2D and 3D device fabrication techniques, spintronics devices, with their 
miniaturization capabilities, can enable significant advances in device integra-
tion. The underlying mechanisms of spintronics devices maintain functionality 
even when device dimensions are reduced to a few nanometers [33]. In contrast,
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charge-based effects in traditional electronics become unreliable at such small 
scales due to quantum tunneling and electron leakage [34]. 
The huge connectivity in the brain is also responsible for its massively parallel 
computation. The ability to process multiple information streams in parallel 
is critical for the brain’s adaptability and functionality, underpinning everything 
from basic survival instincts to higher cognitive functions. The scalability offered 
by neuromorphic spintronics would allow such parallelization to be possible in 
hardware as well, where tasks can be divided across a vast array of processing 
units, enabling the system to handle complex, dynamic processes efficiently. 
Realistically, replicating the extensive connectivity and dynamic reorganization 
of our brain in hardware is not feasible. Instead, adopting a modular approach 
allows specific hardware components to fulfill distinct roles regulated through 
software. This strategy effectively addresses the challenges of connectivity and 
the dynamic reconfiguration of synaptic connections. 
Spintronics devices easily integrate with existing CMOS technology, aligning 
well with ongoing advancements in silicon-based systems [33]. This integration 
combines the best features of both spintronics and silicon-based technologies, 
advancing overall technological development. 

4. Error tolerance: While the brain is capable of pattern recognition at a low 
energy budget, it is also quite noisy [35, 36]. The sources behind this noise 
can range from fluctuations in ion channel activities and synaptic transmission 
variabilities to spontaneous neuronal firings. Ion channels, for instance, might 
open and close randomly, leading to variability in the membrane potential of 
neurons [35, 37]. 
Globally, the brain represents a highly complex, non-linear network where small 
perturbations can result in large-scale changes. Despite these fluctuations, the 
brain excels at robust pattern recognition. This capability largely stems from the 
substantial redundancy within the brain; multiple neurons and pathways often 
represent the same or similar information, allowing other pathways to compen-
sate when one is affected by noise. The vast scalability potential of spintronic 
devices enables them to mimic this redundancy, enhancing their capacity for 
reliable information processing and pattern recognition. 
Furthermore, charge-based memories, particularly those with miniaturized com-
ponents, are more sensitive to environmental factors such as radiation exposure, 
leading to higher error rates. On the contrary, spintronics-based devices are 
often more robust to radiation, which can have significant advantages for extra-
terrestrial applications [38]. 

While the complete understanding of brain function remains elusive, it is sug-
gested that the inherent stochasticity within the brain could play a crucial role in 
enhancing its computational efficiency [39, 40]. Considering this, we delve into dis-
cussions around computing with fluctuations and its spintronics implementations.
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2 Computing Based on Fluctuations 

Usually, in the realm of computation and other practical applications, stochasticity 
and fluctuations are a major nuisance, necessitating extensive algorithmic and instru-
mental machinery to minimize their impact. The sources of noise are often intrinsic 
to the system, either due to the inhomogeneities present or thermal fluctuations. This 
inherent noise can be harnessed to perform computations in various ways, which will 
be presented in this section. Each of these computational paradigms has specialized 
use cases based on their properties. 

2.1 Stochastic Computing 

Originally introduced in the 1960s, stochastic computing emerged as a cost-effective 
computing scheme that is perfectly suited for computations where the accuracy could 
be traded in favor of the speed [41, 42]. A common example in everyday life is a 
vacuum cleaning robot designed to quickly clean the floor, where millimeter-level 
precision is not a concern. The core concept of this method is to compute with prob-
ability values, i.e., numbers between 0 and 1, which can be approximated by random 
uncorrelated streams of bits, where the proportion of ones approximates the numer-
ical value. Computational operations are performed directly on the bitstreams. For 
instance, multiplying two numbers is achieved by feeding their respective bitstreams 
into an AND gate, as exemplified in Fig. 2. Other arithmetic calculations can also be 
done using gates and multiplexers [42]. 

The primary advantage of this method is that it circumvents the need for the 
complex and energy-intensive circuits typically used for binary arithmetic calcula-
tions. Instead, simple gates are employed, offering a solution with substantially lower 
energy consumption and reduced space requirements. Furthermore, this approach is 

Fig. 2 Illustration of the operating principle of stochastic computing using the example of multi-
plication of two numbers.p1 and.p2. The (in general approximate) result of the multiplication.p3 is 
obtained by connecting uncorrelated random bitstream representations of.p1 and.p2 using an AND 
gate
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more error-tolerant since single erroneous bit flips in the bitstreams only mildly affect 
the results compared to ordinary bit-based calculations. 

Despite its advantages, such as inherent error tolerance, simplicity of design, 
and energy efficiency, this computing paradigm suffers from the trade-off between 
accuracy and calculation time. This is because the mathematical basis of stochastic 
computing is the law of large numbers, which states that the sample mean of a random 
variable converges to the true mean in the limit of a large number of samples [43]. 
Thus, the law of large numbers guarantees that the longer the bitstreams, the more 
accurate the representation of the desired probability value is on average [44]. 

Moreover, a key requirement for computing with bitstreams is that they need to be 
uncorrelated. The easiest way to understand this is by using the example of multipli-
cation of two of the same numbers. For two identical input bitstreams representing 
this number (i.e. when they are maximally correlated), the output of the AND gate 
will be exactly the same as the input streams. Thus, the calculation result will not be 
the product of the input’s probability values but simply the probability itself. 

Spintronic devices have been proposed and demonstrated as effective generators 
of uncorrelated bitstreams, functioning as random number generators. For example, 
MTJs with a low energy barrier between the parallel and anti-parallel states, also 
called superparamagnetic tunnel junctions, have been proposed as random number 
generators [45, 46]. Here, thermal fluctuations cause random switchings between 
the two magnetic states, which can be interpreted as the bits 0 and 1. 

Similarly, magnetic textures such as skyrmions reshufflers can be leveraged for 
generating uncorrelated bitstreams [47, 48]. This is achieved by representing the 
bitstreams as skyrmions moving under a constant current into two separate cham-
bers. The value of each bit (0 or 1) determines which chamber receives a skyrmion. 
Once inside a chamber, the skyrmions undergo random thermal diffusion, effectively 
causing them to reshuffle. The output is read similarly, where receiving a skyrmion 
from the first chamber indicates a 0, and from the second chamber indicates a 1. This 
method ensures that while the probability value encoded in the bitstreams remains 
unchanged, the correlation among the bitstreams is decoupled. 

2.2 Inverse Computing 

Typically, computing involves producing the correct output from a given input 
through systematic processing. Identifying the inverse relationship—tracing back 
from the output to the original input—can also be particularly useful in applications 
such as integer factorization and invertible logic [49]. Inverse computing is inherently 
challenging as mathematically, often no unique inverse exists, i.e. multiple inputs 
often correspond to a single output. For instance, as illustrated in Fig. 3a, output 0 of 
the AND gate corresponds to three different input states. 

Thus, the entire input space must be searched to find all inputs that produce 
the desired output, making this process typically far more resource-intensive than
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Fig. 3 Illustration of inverse computing exploiting p-bits. a Schematic of the general idea behind 
inverse computing showing an example of an AND gate. The inverse for the output “0” is not unique. 
Three different inputs (00, 01, 10) correspond to the output “0”. An ideal inverse computing scheme 
utilizing fluctuations yields all three input possibilities with equal probability. b Key characteristics 
of a p-bit: the bistable system has two energy (. E) minima at states representing 0 and 1 separated 
by an energy barrier (. E), which is of the order of .kBT ,  wher  e .T is the ambient temperature. 
Under zero bias (blue), the p-bit fluctuates equally between the two states. Under positive/negative 
bias (brown/green), the energy landscape is tilted, and the 1/0 state is favored, thus changing the 
represented probability value. c Operation of a p-bit with nanomagnets: a majority gate arrangement 
could be used to implement the AND gate with p-bits. When the output bit C is fixed (indicated by 
the light red pin) to the 0 state, the A and B bits fluctuate between the three possible states. The bits 
represented by jagged lines indicate that they can fluctuate between the two states, 0 and 1 

standard forward computing. Gates that can function in reverse would be ideal; 
however, an additional challenge is that the input space often also grows exponentially 
with the number of inputs. 

One possibility is to leverage fluctuations to efficiently explore the entire space 
of possible solutions in parallel. For the example of inverting the output “0” of the 
AND gate it means finding all three corresponding input states, ideally with equal 
probability. Generally speaking, fluctuations are utilized to efficiently explore the 
entire space for possible solutions. The fluctuating elements are arranged in a way 
that favors the correct solution over others, making the system statistically more 
likely to settle into the states corresponding to the desired solution, as explained 
below using a specific example. 

A promising building block for the basic fluctuating element is the so-called p-
bit. A p-bit or a probabilistic bit fluctuates between 0 and 1 [50, 51] in contrast to a



398 A. Majumdar and K. Everschor-Sitte

classical bit, which takes a definite value, i.e. either 0 or 1. The p-bit represents the 
probability value as the fraction of time it spends in the state labeled as 1 relative 
to the entire operational period. In principle, any bistable physical system where the 
switching probabilities can be tuned by an external bias can be used to implement p-
bits, as shown in Fig. 3b. Here, the energy needed to switch between the two minima 
must be in the order of the thermal energy, such that the p-bit naturally fluctuates 
between the two states at ambient temperature. In the figure, the 0 and 1 p-bit states 
are represented by two distinct physical states of the system. For a spintronics-
based system, the magnetization order parameter, for example, can represent the 
state of the system. Ideally, under unbiased conditions, the p-bit stays in each of 
the two states with an equal probability and frequently switches between them. 
Applying an external bias alters the energy landscape, making the system more likely 
to reside in one of the two states. A possible spintronic implementation of p-bits 
utilizes superparamagnetic tunnel junctions. Here, the low energy barrier between 
the parallel and antiparallel alignment of the magnetic layers can be overcome by 
thermal fluctuations, allowing to switch between the two states [52]. The biasing of 
the states can be achieved through various methods, such as an external magnetic 
field, bias voltage, STT currents, or SOT currents [53, 54]. 

In Fig. 3c, we show a specific example of implementing the aforementioned p-
bit-based inverted AND gate. This form of logic can be implemented using the 
idea of majority gates with nanomagnetic islands, which are anti-ferromagnetically 
coupled [55, 56]. The control bit determines the logic operation, which is set to 0 
for the AND operation. For the inverse AND gate operation, the output C is fixed 
(indicated by a red pin in Fig. 3c), and the three p-bits in the middle column are 
allowed to fluctuate (indicated by the zigzag lines). If the output C is fixed to state “0”, 
the center island will energetically prefer the “1” state due to the antiferromagnetic 
coupling between nearest neighbors. If the next-nearest neighbor coupling is also 
antiferromagnetic, the states that the p-bits A and B will assume are no longer unique 
and will fluctuate between the three different input states corresponding to output 
“0” of the AND gate (first row of Fig. 3c). 

This basic example also reveals some challenges of this majority gate-based imple-
mentation of inverse computing: first, the energy landscape/interactions need to be 
carefully engineered to secure the correct gate operations. Second, it will be very 
difficult to achieve inverted gate operations that are balanced, i.e., where all correct 
input states are equally likely to occur. Besides further engineering the interaction 
and geometry of the structure, the individual p-bits can also be biased to construct 
balanced gates. 

In summary, the primary technological advantages of inverse computing with 
p-bits are the parallel exploration of the input space and ultra-low energy consump-
tion, driven by the inherent stochasticity introduced by thermal fluctuations. Another 
possibility for efficiently solving inverse problems is proposed in the context of 
memcomputing. In this alternative computing paradigm, memory elements are used 
directly for processing by self-organizing logic gates [57, 58]. There have also been 
proposals to implement memcomputing using spintronics-based devices, enabling 
the execution of inverse computations [33, 59].
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2.3 Token-Based Brownian Computing 

In magnetic p-bits, the stochasticity originates from the fluctuations in the magnetic 
states. The thermal Brownian motion of nanomagnetic solitons can also be har-
nessed for computation in a paradigm called token-based Brownian computing [60]. 
Whereas for stochastic computing and p-bits, the stochasticity resulted in generating 
bits, in token-based Brownian computing, the thermal fluctuations are utilized to 
randomly propagate tokens, which can physically explore the search space of a task. 
In this context, a token refers to a solitary discrete object whose presence or absence 
is interpreted as the signal. The computational task or logical operation is mapped 
into a circuit where the tokens undergo Brownian motion along certain paths guided 
by a few basic, resource-friendly elements [61, 62]. 

A minimal example set of basic elements for performing logical operations con-
sists of a Hub and a C-join [61], as shown in Fig. 4a. The Hub element is a trijunction, 
i.e., it consists of three bidirectional wires enabling the token to move randomly along 
any of the connected wires. The C-join is a four-way intersection that acts as a signal 
synchronizer: when two tokens enter the element from different directions, the C-join 
releases them along the other two directions. 

Figure 4b shows a possible realization of a half-adder circuit exploiting only the 
Hub and the C-join. This basic example illustrates when token-based Brownian 
computations are useful; the calculation relies only on the thermal motion of the 
tokens, and almost no external power is needed (besides the ultra-low power required 
to activate the C-joins.) The disadvantage, however, is the potentially very long time 
required to obtain the calculation result, as there is no guaranteed time until the tokens 
reach the output lines. Adding ratchets, another type of basic element, at suitable 
locations in the circuit can accelerate the convergence to the solution. Ratchets limit 
the token’s movement along a certain direction, i.e., it cannot go backward after a 
token has passed a ratchet. In the half-adder shown in Fig. 4b, they can, for example, 
be placed after the C-joins. 

Using spintronics systems, an energy-efficient implementation of the tokens and 
circuit primitives can be achieved. Skyrmions, or other topologically protected tex-
tures that undergo such Brownian motion, can play the role of the tokens [60]. The 
Hub has been demonstrated using circuit geometry in magnetic materials [63], the 
C-join through voltage-controlled magnetic anisotropy (VCMA) effects [60], and 
the ratchet by employing either a VCMA gradient or specially designed wire geome-
tries [64, 65]. An additional advantage of spintronics systems is that they allow to 
control and enhance the diffusion of magnetic solitons and, in particular, skyrmions 
via different mechanisms [66].
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Fig. 4 Illustration of the basic principles of token-based Brownian computing. The tokens (cyan-
colored circles) perform a random motion along the wires (black) and are influenced by the circuit 
elements (orange) according to their functions. a One basic set of primitive elements consists of 
a Hub (circle) and a C-join (Square). The hub is a triple junction that allows the token to move 
freely along any of the three connecting wires. The C-join is a four-way intersection that requires 
two tokens to enter the element from different directions, and it releases them along the other two 
directions. b Implementation of a half-adder circuit using hubs and C-joins. In the specific example, 
the calculation of the addition of two bits (Input A and B) with the value 1 is shown. The wires 
marked in (light) blue indicate along which wires the tokens are allowed to move (before) after 
passing the C-join. Adding two bits with the value 1 thus leads to the desired result of carry 1 
and sum 0, which is where the tokens exit the circuit and can be detected. The C-join that mainly 
contributes to this operation is marked with a dotted square 

3 Spintronics-Based Neural Networks 

Human intelligence relies not only on the capacity to perform computations but also 
on the ability to recognize patterns. Artificial neural networks (ANNs), inspired by 
the neural connections in the brain, excel at pattern recognition, driving the majority 
of the Artificial Intelligence (AI) advancements in the present era [67, 68]. Currently, 
ANNs are used across various fields, including image recognition, natural language
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processing, the study of protein folding [69–71] and its applications have even per-
vaded many aspects of our daily lives [72] (see also the chapter “Introduction to 
Artificial Intelligence” by Tobias Wand). 

An ANN essentially serves as a function approximator with a huge number of 
tunable parameters (e.g. GPT-3 has 175 billion parameters [73]), which are tweaked 
to learn a good mapping between an input and its target label [74]. The rapid increase 
in network size over the recent years and the development of more complex architec-
tures have significantly increased the energy requirements for training and running 
these models on conventional hardware. This energy consumption has adverse envi-
ronmental consequences, prompting the search for resource-friendly substrates for 
implementing neural networks [75]. 

In this chapter, we address the hardware implementation of neural networks with 
spintronics. Before taking a deeper dive into the implementation of ANNs using spin-
tronics and the advantages that it delivers over conventional hardware, we summarize 
its basic functionalities. 

3.1 Basic Mode of Operation of ANNs 

ANNs consist of two main components: the neurons (or neuronal activations) and the 
synapses (or synaptic weights) interconnecting the neurons. A deep neural network 
features multiple neuron layers that transform input into output via hidden layers. 
Specifically, in a supervised learning setting, an input for a layer is fed into the neurons 
(. xi ). Then, using the synaptic weights (.wi j ) attached to the neurons, the. j th neuronal 
activation.a j in the next layer is computed as.a j = f i wi j xi . Here, the activation 
function . f introduces non-linearity into the network, which is indispensable for 
solving complex problems. 

For the physical realization of ANNs, generally, factors such as energy efficiency, 
speed, error tolerance, compatibility with CMOS technology, endurance, low area 
overhead, and fabrication cost are crucial considerations. In addition, there are spe-
cific requirements for the synaptic and neuronal elements, as explained below. 

3.1.1 Requirements for Synapses 

The synaptic weights serve as the parameters that characterize the neural network 
model [67]. They can be regarded as memory elements whose main task is to store the 
value of the weight in a robust, non-volatile manner for inference. To enable training 
with materials, the physical properties of the memory elements—typically resistance 
or conductance—that correspond to weights must be precisely adjusted according to 
updates from the training algorithm. Resistance-based memories (also called mem-
ristors) offer a natural way to implement synapses in the following way [76]: if a 
weight.wi j is encoded as the conductance.gi j of a device at the junction between the 
. i th input and . j th output, and if the input and output are represented respectively by

http://dx.doi.org/https://doi.org/10.1007/978-3-032-04129-6_2
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voltage .Vi and current . I j , then using the Ohm’s law and Kirchoff’s current law we 
can write the output current as .I j = i gi j Vi . 

Thus, the conductance of any physical system could be used to implement the basic 
functionality of synapses. However, for neural networks, additional properties are 
required that current hardware does not provide. Firstly, it is essential that synapses 
are non-volatile, meaning the memory elements retain their programmed state even 
when the network is not powered. Secondly, overcoming the von Neumann bottleneck 
necessitates the co-location of computing and memory elements. It is important to 
note that, in a neural network, synapses outnumber neurons, making them the primary 
bottleneck for in-memory implementation and, thus, a critical focus for hardware 
development. 

3.1.2 Requirements for Neurons 

The neurons are the basic nodes or computational elements of the network. Their 
main purpose is to implement the accumulation of the inputs from the previous 
layer multiplied by the connecting weights and the non-linear activation function 
. f . Such computing neurons, which typically take continuous real values, can be 
implemented using a few transistors. However, the implementation with transistors 
usually has a high area overhead, is energy-inefficient, and suffers from device-to-
device variability. 

As opposed to the neurons of the simple feed-forward ANNs, the neurons in our 
brain are dynamic, excitable cells. They accumulate the incoming electrical signal 
from other neurons in the form of spikes in a leaky manner. While integrating the 
signal, when the membrane electric potential reaches a certain threshold, it releases 
an electrical voltage spike. Following this discharge, the membrane potential returns 
to its baseline state and enters a refractory phase. Based on this idea, Spiking Neural 
Networks (SNNs) have been proposed as another more bio-realistic variant of neural 
networks where the neurons communicate with each other via sparse, discrete spiking 
signals [77]. Although more difficult to train in terms of speed and accuracy, SNNs 
are more energy-efficient because of the sparse nature of their representation [78]. 
To emulate SNNs, the neurons must possess a mechanism for generating spikes. 
Typically, the elements producing the spikes are called the leaky integrate and fire 
neurons. They integrate the input signal and only fire when this integrated value 
reaches a certain threshold [79]. 

3.2 Spintronics-Based Building Blocks for Neural Networks 

Spintronics-based hardware is inherently more energy-efficient than current transis-
tor technology, and research has shown that spintronics technology is congruent with 
implementing the different building blocks of neural networks. In the subsequent text, 
we present examples of both spintronics-based synapses and neurons.
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3.2.1 Spintronics-Based Synapses 

Spintronics-based synapses exploit the magnetic state of a physical system to store the 
synaptic weight. Besides the general advantages of spintronics systems mentioned 
in Sect. 1.2, spintronics systems offer the reliable and efficient reading and writing 
of non-volatile magnetic states using effects such as anisotropic magnetoresistance, 
STT, and SOT. This enables a variety of concepts for spintronics-based synapses, 
including the following. 

For example, spintronics synapses using MTJs have been proposed, and the junc-
tions can be utilized in various ways. An instance of this is using them as binary 
synaptic elements [80], where the two (parallel and anti-parallel) magnetic states 
represent the two binary states. In addition, the stochastic switching property has 
been leveraged as stochastic synapses [81] and even as synapses controlled by radio 
frequency signals [82]. Another class of spintronic synapses is based on magnetic 
textures like magnetic skyrmions or domain walls. Here, for example, the number 
of skyrmions in a region dictates the conductance and, consequently, the synaptic 
weight [83, 84]. For magnetic domain walls, it has been proposed to use the position 
of the wall as synaptic weight, as this can also change the conductance [85, 86]. Fur-
thermore, antiferromagnetic materials have been identified to have magnetization-
switching properties that can be used for synaptic applications [87, 88]. 

3.2.2 Spintronics-Based Neurons 

Various spintronics-based implementations of neurons have been proposed to utilize 
magnetic states, as discussed in this subsection. In particular, they truly shine when 
implementing leaky integrate and fire neurons. 

Spin-torque nano-oscillators, a type of MTJ, exhibit spontaneous microwave oscil-
lations when driven by direct current. Their memory-like oscillation amplitudes 
mimic neuronal leaky integration, while the non-linear response of voltage oscillation 
amplitudes to input current or field enables the direct implementation of activation 
functions [89, 90]. Another example is the superparamagnetic tunnel junction, which 
is an MTJ with a very low energy barrier between the parallel and antiparallel states. 
Here, the switching rate can be tuned by magnetic fields and spin torque effects, 
enabling them to be used as neurons in a scheme of computing called population 
coding [91, 92]. 

Neurons, like synapses, have also been proposed with magnetic textures. These 
magnetic textures, such as skyrmions and domain walls, offer the advantage of being 
controllable through energy-efficient methods, such as applying a low current. This 
capability allows them to function as carriers of information, akin to neurons, effec-
tively. Furthermore, these textures, owing to their nanoscale dimensions, can be prone 
to noise either from pinning sites or from thermal fluctuations [93]. This feature holds 
promise in emulating the functionality of stochastic neurons. Leaky integrate-and-
fire neurons based on magnetic textures have also been proposed for skyrmionic or 
domain wall systems. In these systems, the gradual accumulation and cumulative
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motion of the solitons ultimately lead to switching of the magnetic state [94–96]. 
This type of leaky neuron has also been proposed in synthetic antiferromagnetic 
systems [97]. 

Moving forward, we delve into reservoir computing, where we highlight the 
diverse functionalities of the spintronics-based approach. 

4 Reservoir Computing with Spintronics 

Reservoir computing exploits the inherent nonlinear complex dynamics of a system 
(called the reservoir) to simplify a classification or prediction task. For this, the 
reservoir project inputs into a higher dimensional space where the classification or 
prediction task reduces to an easy (e.g. linear) separation task. The first reservoirs 
were implemented by recurrent neural networks with random but fixed synaptic 
weights, such that only the last output layer was trained [98]. In recent years, it 
has become apparent that many physical systems are well-suited as reservoirs. The 
emerging field of physical reservoir computing leverages the properties of physical 
systems to enhance computational performance [99]. 

Reservoir computing has been discussed in detail in the chapter “An Introduction 
to Reservoir Computing” by Michael te Vrugt, but here we want to highlight some key 
features that a physical system has to have to function as a reservoir computer [100, 
101]. 

• Non-linearity: This refers to the input undergoing a non-linear transformation 
due to the reservoir. 

• Complexity: The term complexity relates to the reservoir’s ability to effectively 
project inputs into a space of higher dimensionality, where “high dimensionality” 
refers to a reservoir possessing considerably more degrees of freedom than the 
inputs have. 

• Short-term or fading memory: The reservoir’s ability to process the input signal’s 
temporal history is characterized by its short-term memory attribute. This attribute 
prioritizes recent inputs while retaining information from earlier ones, with the 
output being influenced by past inputs, though their impact gradually fades over 
time. This fading memory is vital for the system to be more responsive to recent 
inputs, enabling it to adapt to new input patterns or discard outdated information. 

• Reproducibility: The reservoir should yield identical responses to identical inputs, 
provided it has been reset between each input. This attribute, although trivial for 
software implementations, is a crucial prerequisite for physical reservoirs. 

The strength of physical reservoir computing lies in its flexibility, allowing a variety 
of systems that meet the aforementioned criteria to serve as the reservoir.

http://dx.doi.org/https://doi.org/10.1007/978-3-032-04129-6_4
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4.1 Magnetic Textures for Reservoir Computing 

Magnetic systems ideally fulfill all criteria to serve as suitable reservoirs due to their 
inherently non-linear and complex responses to external stimuli. Also, their ability to 
“forget” information over time—a characteristic known as fading memory—arises 
from Gilbert damping and other mechanisms that dissipate energy in the magneti-
zation dynamics. Additionally, their compatibility with CMOS technology means 
magnetic reservoirs can seamlessly integrate into modern electronic devices. 

Physical reservoir computing has been demonstrated with common magnetic 
building blocks such as MTJs [90] and spin-vortex nano oscillators [102]. However, 
despite their utility, these systems fall short in the complexity required for effective 
reservoir computing, especially in terms of scaling to more difficult tasks. Enhancing 
their complexity, for instance, through time multiplexing, is necessary to leverage 
them as reservoirs [103, 104]. Conversely, magnetic systems with more complex-
ity like dipole-coupled nanomagnets [105, 106], spin wave-based reservoirs [105], 
magnetic metamaterials [107], skyrmion fabrics [108–114], and other complex spin 
textures [101, 115, 116] have been used as physical reservoir computers. Other 
topological spin textures, such as anti-skyrmions, hopfions, and dislocations [117– 
121], are gaining attention and in the future, can potentially serve as reservoir. Such 
diversity in terms of options for the reservoir is shown in Fig. 5. 

Fig. 5 Illustration depicting various physical operational and readout modes of reservoir comput-
ing. The input can be supplied to the reservoir via different physical quantities like voltage, light, 
magnetic field, temperature, and strain. A plethora of different spintronics systems can play the 
role of the reservoir. The reservoir states can be read by measuring different physical quantities 
like temperature, resistance, or magnetization. Furthermore, the mode of reading out the reservoir 
state could be spatial or temporal. (Figure adapted from figures in [100, 108, 109, 122]). All Rights 
Reserved. Hopfion figure created by Ross Knapman
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Furthermore, the spin-textures and magnetic states can be excited by a wide range 
of different physical inputs like voltage, light, temperature, magnetic field, and strain, 
any of which could be used as the input for the reservoir [25, 101, 123]. This flexibility 
in inputs offers a critical advantage for magnetic reservoir computers, as it allows 
optimization for speed, accuracy, or power efficiency based on the specific use case, 
leveraging the unique benefits of each input mode. Furthermore, if a sensor outputs 
these physical properties, it can be directly integrated with the reservoir, eliminating 
the need for conversion to an intermediate quantity. 

After the inputs excite the reservoir, it has to be read out for the final trained layer. 
This, too, can be done via different physical observables: the input drive can locally 
change the temperature, magnetization, and, in turn, the electrical resistance, which 
can be measured [100, 124]. In addition to various physical observables, the readout 
can be done in multiple ways. For instance, the reservoir’s response can be monitored 
over time [110]. Alternatively, or in addition, spatial sampling of the reservoir can 
be employed for readouts [114]. 

The readout values are then utilized to train the weights of the final linear layer, 
which produces the output predictions. Currently, the training of these weights occurs 
on an external device in physical reservoir computing schemes, and further research 
is needed to explore how this process can be implemented directly within the material 
itself. Doing so could significantly reduce data transfer and the need for additional 
hardware, leading to faster computations, miniaturization, and reduced energy con-
sumption. Additionally, more research needs to be done to establish a fair and reliable 
method for comparing the performance of different reservoirs. This includes distin-
guishing the impact of pre-processing and understanding the effects of artificially 
increasing a system’s complexity. 

5 Memory Technologies: Spintronic Implementations 
and Beyond 

The current landscape of memory technologies is dominated by SRAM, DRAM, and 
NAND flash memories. SRAM uses bistable flip-flop circuits made of transistors to 
store data as long as power is supplied, making it fast and ideal for cache mem-
ory. DRAM stores data in capacitors and transistors, requiring periodic refreshing 
to maintain the information. It is commonly used as the main memory in computers 
due to its higher density and lower cost. NAND flash memory, composed of floating-
gate transistors, stores data by varying charge levels in memory cells, retaining data 
without power. It is widely used in solid-state drives (SSDs), USB drives, and mem-
ory cards for its high storage capacity and durability. All of these rely on charge 
storage to define a memory state. However, a new class of memory technologies 
is emerging that relies on resistance instead of charge. This includes spintronics-
based memories, which distinguish themselves from their conventional counterparts 
through their non-volatile nature, fast operation, and scalability, among other advan-
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tages. The long-term vision for this class of memories is not to fully replace existing 
silicon-based technology but to serve specific use cases, such as embedded applica-
tions for edge devices. In such applications, energy efficiency, speed, error tolerance, 
integrability with existing technology, and low area overhead are considerations of 
paramount importance. In terms of implementing artificial intelligence algorithms 
like ANNs, the switching time and endurance are important parameters. For edge 
learning applications where the system has to be trained locally, fast and reliable 
switching is necessary as the network synaptic parameters are updated very fre-
quently. In the context of memory technologies, “endurance” refers to the durability 
or lifespan of a memory device, specifically measured by the number of write-erase 
cycles it can withstand before its performance degrades to an unacceptable level. 
For real tasks, the networks need to be trained for a very long time, and hence, the 
endurance of the devices needs to be high. 

In addition to spintronic-based memories (such as MRAMs mentioned above), 
three other main types of memory technologies are attracting a lot of attention: 
oxide filamentary materials (OxRAMs), phase change memories (PCRAMs), and 
ferroelectric memories (FeRAMs) [125]. All of these technologies exploit the non-
volatile physical properties of a material to encode information. 

OxRAMs change their resistance by the formation and dissolution of a conduct-
ing filament made with oxygen vacancies within an insulating material [126, 127], 
whereas in PCRAM the material undergoes a phase transition that leads to differ-
ences in resistances [128–130]. Some of these technologies have matured to become 
commercially available [131, 132]. In FeRAMs, a relatively new form of memory, 
the dielectric polarization of the material changes with the application of voltage, 
which in turn is measured as a change in resistance using a FeFET (Ferroelectric field 
effect transistor) [133–135]. Despite their distinct physical properties, these RAM 
technologies, i.e. MRAMs, OxRAMs, PCRAMs, and FeRAMs, all store memory 
using resistances. 

Due to their fundamentally different physical characteristics, each technology 
has advantages over the others. State-of-the-art MRAMs, especially utilizing the 
SOT mechanism, exhibit simultaneously fast switching speed (. ∼ns) and high 
endurance (10. 14)  [136, 137]. Furthermore, MRAMs are relatively more robust, 
whereas other memory technologies, especially OxRAMs, can be prone to noise 
which degrades neural network performance [138, 139]. Although FeRAM technol-
ogy competes with MRAM in terms of performance, particularly in energy efficiency 
and endurance, it remains a relatively new technology that faces challenges with scal-
ability and device-to-device variability [140, 141]. 

Nevertheless, MRAM has its fair share of challenges to overcome [34]. Since 
the principal mechanism for resistance switching relies on the tunneling barrier’s 
thickness, precision in the manufacturing process is important. Slight variations in 
thickness can result in significant performance disparities and affect the device’s 
functionality. Other limitations of the MRAM technology include a relatively small 
ON/OFF ratio and the presence of only two states of resistance. 

Research in spintronics-based memories is advancing towards mitigating these 
challenges. Utilizing effects such as SOT has already addressed some of the issues
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present in STT-MRAM, such as the need for high write currents and longer switching 
times [142]. Additionally, memory devices based on magnetic textures are being 
explored for their immense potential due to their unique physical characteristics. In 
summary, spintronics-based materials are well-suited for edge applications, and the 
ongoing research in this field holds promise for realizing low-power, efficient, and 
fast computations in the future. 

6 Summary and Outlook 

In this chapter, we have showcased how the interdisciplinary nature of Neuromor-
phic Spintronics holds immense potential to contribute positively to many facets of 
modern computing technologies. In Sect. 1 we highlight the suitability of spintron-
ics materials as a substrate for implementing bio-inspired neuromorphic computing. 
The next Sects. 2, 3, 4, and 5 present the different specialized use cases where this 
idea could make an impact. Though the examples widely differ in their applications, 
they remain connected by their Spintronic materials-based implementation and neu-
romorphic concepts. 

Moreover, the field of spintronics is witnessing rapid developments, greatly 
increasing its potential for neuromorphic applications. One exciting area of progress 
is the exploration of magnetic textures not only in 2D but also in 3D [123, 143], 
greatly expanding the range of possibilities. In the third dimension, the complexity 
of physical processes and responses increases due to interactions with more neigh-
bors, offering improved functionality and tunability. Additionally, 3D systems allow 
for higher-density processing power and more readout nodes, leading to compact 
devices and increased error robustness [100]. 

Apart from 3D textures, substantial advancements have been made in the domain 
of multiferroic materials, where coexisting order parameters can significantly enhance 
the complexity and functionality of devices [100, 144]. By leveraging multiple order 
parameters, time scales, and length scales, the concept of multi-physics enhances the 
opportunities for parallel, in-materio, neuromorphic computing. 

As computing devices become increasingly personalized, brain-computer inter-
faces necessitate the integration of computing elements into the human body. In this 
context, organic spintronics offers significant advantages due to its cost-effective 
fabrication, lightweight nature, biocompatibility, and biodegradability [145]. The 
convergence of these technologies promises to revolutionize how we interact with 
and utilize computing systems, paving the way for more seamless and integrated 
solutions. Overall, the advancements discussed throughout this chapter highlight 
the transformative potential of implementing intelligence with cutting-edge physical 
systems, paving the way for technological breakthroughs. 
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Machine Learning with Quantum 
Computers 

Ivana Nikoloska 

Abstract Learning compressed, latent representations of quantum states can help 
us understand and simulate the natural world. To this end, one needs devices that can 
capture and reliably process information using quantum-mechanical effects. Whilst 
we currently lack a device that can achieve this goal, we are well into the era of noisy, 
intermediate-scale quantum (NISQ) computers—quantum machines with . 50−100
noisy qubits—which have catalysed machine learning applications. This chapter 
provides the main ideas underpinning learning with NISQ machines. It also provides 
insight into the architectures and training schemes currently in use, as well as the 
limitations and potential futures of the field. 

1 (A Very Brief) Introduction to Quantum Computing 

Unlike Turing machines built on the physical implementation of the two states ‘0’ 
and ‘1’, quantum computers leverage the laws of quantum mechanics and can make 
use of a superposition of two quantum states .|0 defined as and . |1

. |0 = 1
0

, |1 = 0
1

, (1) 

which can be, for example, encoded in two distinct energy levels of an atom [1–4]. 
The elementary unit of quantum computation is the qubit, . |ψ = α1 |0 + α2 |1

. |ψ = α1
1
0

+ α2
0
1

(2) 
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where.α1, α2 ∈ C are the so called complex-valued amplitudes.1 The transformation 
of the qubit’s state into another is carried out using unitary quantum gates, denoted 
by .U ∈ C

2×2, since the absolute values of the squares of the complex amplitudes 
represents the probability to measure the qubit in the . 0 or the . 1 state, and quantum 
dynamics must maintain the property of probability conservation.|α1|2 + |α2|2 = 1. 
More precisely, 

.U |ψ = U
α1

α2
= α1

α2
= ψ , (3) 

where.|α1|2 + |α2|2 = 1 must hold. For a system with.N qubits, its state space is the 
tensor product of all its qubits and is a .2N -dimensional Hilbert space. A state vector 
in this space is a complex-valued vector with .2N elements. 

Quantum gates operating on a single qubit can manipulate the basis state, ampli-
tude or phase of a qubit, for example through the so called X-gate, 

.X = 0 1
1 0

(4) 

the Z-gate 

.Z = 1 0
0 −1

(5) 

and the Y-gate, 

.Y = 0 −i
i 0

(6) 

respectively, or put a qubit into an equal superposition .α1 = α2 = 1/
√
2 with the 

Hadamard or H-gate 

.H = 1√
2

1 1
1 −1

. (7) 

Quantum gates can also operate on multiple qubits at once and induce entanglement. 
These gates are often based on controlled operations that execute a single qubit 
operation only if another auxiliary (ancilla) or control qubit is in a certain state. 
Developing quantum (machine learning) algorithms makes use of such elementary 
gates and effects like entanglement and interference in order to create a quantum 
state that has a relatively high amplitude for states that represent solutions for the

1 It is not clear why the amplitudes are considered complex; it is likely to draw a parallel to signal 
processing where complex values are used. 
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problem being solved. A measurement in the computational basis then collapses the 
quantum state and produces such a desired result with a relatively high probability. 

Depending on the number of repetitions of the quantum algorithm, we can distin-
guish: 

• Stochastic quantum computing: The quantum algorithm returns a measurement 
output obtained from a single run of the quantum circuit [5–7]. Due to shot noise, 
(i.e., to the inherent stochasticity of quantum measurements), the output is gener-
ally a random string of zeroes and ones. 

• Deterministic quantum computing: The quantum algorithm returns the average of 
several measurement outputs (i.e., expected value of some observable) that are 
obtained from multiple runs of the quantum circuit [8–10]. 

Whilst the second flavour is much more prevalent in quantum algorithms, stochas-
tic quantum computing is crucial for some quantum machine learning models, for 
example, for generative models. 

2 Machine Learning with Quantum Computers 

Machine learning using a quantum computer entails using data to optimise a quantum 
algorithm. Whilst there are many quantum equivalents of classical machine learning 
schemes (e.g., k-nearest neighbours [11, 12] or kernel methods [13]), we focus here 
on the quantum counterpart of deep learning [14]—in what follows, we will use the 
term quantum machine learning to describe such algorithms. In theory, unlike many 
famous quantum algorithms (e.g., Shor’s factoring algorithm), quantum machine 
learning does not impose restrictions on the number and on the reliability of qubits, 
quantum gates, and quantum measurements. This made it a suitable application of 
noisy, intermediate-scale quantum (NISQ) devices. 

To elucidate the main idea in quantum machine learning, note that any unitary 
matrix, and quantum gate by extension, can be expressed as an exponential transfor-
mation of some Hermitian generator matrix . G, i.e., 

.U = exp (−iG) . (8) 

Taking the generator as .G as 

.G = θ

2
X (9) 

with .X given by (4), one obtains the so called Pauli .X rotation gate as 

.RX (θ) = exp −i
θ

2
X
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= cos 
θ 
2 

I − isin 
θ 
2 

X 

= cos θ 
2 −i sin θ 

2 −i sin θ 
2 cos θ

2
. (10) 

Similarly, using the generator . G

.G = θ

2
P (11) 

with .P ∈ {Y, Z}, one obtains the Pauli . Y

.RY (θ) = cos θ
2 −sin θ

2
sin θ

2 cos θ
2

. (12) 

or Pauli . Z

.RZ (θ) = cos θ
2 − sin θ

2 0
0 cos θ

2 + sin θ
2

. (13) 

rotation gates. These gates can be applied in parallel to all .N qubits, yielding the 
parametric unitary 

.U (θ) = R0(θ) ⊗ R1(θ) ⊗ · · · ⊗ RN−1(θ), (14) 

where .⊗ denotes the tensor product, .Rn(θ) is applied to the . nth qubit and . Rn(θ) ∈
{RX

n (θ), RY
n (θ), RZ

n (θ)}.  In  (14), .θ ∈ R
N , denotes the vector of variational parame-

ters, which are also known as the rotation angles, whereby.Rn(θ) uses the.{n}th entry 
in the vector . θ . Unitaries with the form (14) give rise to the so called variational 
quantum circuits (VQCs) [15, 16], which is the key ingredient in quantum machine 
learning. 

Specifically, quantum machine learning models are constructed by stacking such 
parametric gates in layered architectures comprised of . L layers, and are generally 
called quantum neural networks (in analogy with classical deep learning). To min-
imise confusion, we emphasise that these algorithms are quite distinct from the 
artificial neural networks used in deep learning, and not even remotely similar to 
biological neural networks. Quantum machine learning models are just VQCs, rep-
resented as a sequence of quantum gates. In general, a quantum neural network has 
the form given in Fig. 1. 

The variational parameters. θ are optimised using classical optimization techniques 
in order to minimise some defined cost function .LD(θ), obtained using the output 
of the model (a random string of zeroes and ones, or an expectation value of an 
observable). Formally, the goal is to solve 

.argmin
θ

LD(θ). (15)
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Fig. 1 A VQC comprised of . L layers and .N = 4 qubits. Similar models are often referred to as 
quantum neural networks 

Much like in classical deep learning however, when designing a quantum machine 
learning algorithm, the designer needs to access a dataset . D,2 find a suitable model, 
and design an effective training procedure that solves (15). Each of these is discussed 
in the following. 

2.1 Data 

The most prevalent choice of tasks for a quantum machine learning algorithm are 
classical whereby a quantum device is used solve tasks currently being solved using 
GPUs (e.g., machine vision, natural language processing [17, 18]) for which it needs 
access to classical data. More generally, depending on the task, the designer will use: 

• Classical data: The designer has access to a classical data set .D = {(xm, zm)Mm=1}. 
The classical data samples .zm (e.g., an image) is encoded into a quantum state 
representing a quantum embedding [19]. This state preparation routine is carried 
out by initialising all qubits in the .|0 state, and encoding the data samples in the 
state amplitudes or the values of the gates’ rotation angles. As a simple example, 
the data sample can be encoded using and encoding unitary.ENC(xm), see Fig. 1, 
defined as the Pauli-X rotation gate as 

.ENC(arccos(xm)) = exp −i
arccos(xm)

2
X . (16) 

The measurement output, possibly after averaging, encodes the model’s prediction 
of the target variable .z̃m . 

• Quantum data: In this case.D = {( ψxm ,U (θ) ψxm )Mm=1} [20], i.e., the dataset. D
is comprised of quantum states. Thereby, the quantum state. ψxm (potentially after 
digitisation) is post-processed by the learning model. As an example, the quantum 
states captured by quantum sensors could serve as an input to the quantum machine 
learning model in a quantum version of machine perception.

2 Whilst machine learning also includes techniques such as unsupervised, and reinforcement learn-
ing, we focus here on supervised learning, whereby a designer has access to a dataset. D. 
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2.2 Model Architecture 

The choice of the architecture of the VQC as a sequence of specific gates is akin to 
the choice of the model class i.e., a neural network architecture, in classical machine 
learning. The architecture of the model is referred to as the ansatz, representing an 
initial estimate/assumption made of the solution to the problem. The ansatz imple-
ments the unitary transformation .U (θ) which depends on a tunable (classical) real-
valued parameter vector . θ . As mentioned above, the unitary is typically specified 
as a sequence of one- or two-qubit gates, with each gate possibly dependent on the 
parameter. 

In general, choosing a good ansatz is difficult and depends on many factors. In 
what follows, we review the most prevalent model classes. 

2.2.1 Separable Models 

An ansatz that uses only single-qubit gates is known as a separable model, or alter-
natively, a mean-field ansatz. The term mean-field indicates that the unitary . Ul(θ)

factorises as a tensor product of individual single-qubit gates. The mean field ansatz 
can be comprised of . L layers whereby .U (θ) takes the form 

. U (θ) =
L−1

l=0

R0,l(θ) ⊗ R1,l(θ) ⊗ · · · ⊗ RN−1,L−1(θ)

=
L−1

l=0

N−1

n=0

Rn,l(θ) (17) 

where .Rn,l(θ) ∈ {RX
n,l(θ), RY

n,l(θ), RZ
n,l(θ)} and where .Rn,l(θ) is applied to the . nth 

qubit in the . lth layer. In (17), .θ ∈ R
N×L whereby .Rn,l(θ) uses the .{n, l}th entry in 

. θ , see Fig. 2. Since no two-qubit gates are present, a mean-field ansatz outputs a 
separable state and can be easily simulated on a classical computer. Whilst simple, 
the mean-field ansatz may be sufficient for some applications, or it can serve as 
a (classical) benchmark to test the performance on any quantum machine learning 
scheme. 

Fig. 2 The unitary.U (θ) for 
a mean-field ansatz 
comprised only of 
single-qubit gates.Rn,l(θ), 
applied to the. nth qubit in the 
. lth layer. Here,.θ ∈ R

N×L
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2.2.2 Hardware-Efficient Ansatz 

The hardware-efficient ansatz includes both parametrized single-qubit gates and a 
fixed entangling unitary .ENT , which is independent on the parameter vector. The 
entangling unitary typically is comprised of CNOT or CZ gates, whereby 

.CNOT =

⎡
⎢⎢⎣
1 0 0 0
0 1 0 0
0 0 0 1
0 0 1 0

⎤
⎥⎥⎦ (18) 

and 

.CZ =

⎡
⎢⎢⎣
1 0 0 0
0 1 0 0
0 0 1 0
0 0 0 −1

⎤
⎥⎥⎦ . (19) 

CZ is particularly advantageous to CNOT since CZ gates commute, and as a result, 
they can be applied in any order without changing the result. The entangling unitary 
is fixed for simplicity of implementation on NISQ devices, since two-qubit gates are 
generally hard to implement on quantum computers [21–24]. 

The ansatz is comprised of general single-qubit gates applied in parallel to all 
qubits and an entangling circuit .ENT whereby 

.U (θ) =
L−1

l=0

ENT
N−1

n=0

Rn,l(θ) (20) 

where .Rn,l(θ) ∈ {RX
n,l(θ), RY

n,l(θ), RZ
n,l(θ)} and where .Rn,l(θ) is applied to the . nth 

qubit in the. lth layer. Similarly to the mean-field ansatz, in (17), .θ ∈ R
N×L whereby 

.Rn,l(θ) uses the .{n, l}th entry in . θ . The entangling unitary is typically implemented 
in a linear, cyclical, or complete manner whereby we distinguish: 

• Linear entangling unitary: Such circuits implement two-qubit gates between suc-
cessive qubits, see Fig. 3 

.ENT =
N−1

n=0

CZn,n+1. (21) 

The linear entangling unitary requires .N − 1 entangling gates in each layer. 
• Cyclical entangling unitary: Such circuits add to the architecture of linear entan-
gling circuit an additional two-quit gate between the first and the last qubit, see 
Fig. 4. The cyclical entangling unitary requires .N entangling gates in each layer.



424 I. Nikoloska

Fig. 3 The unitary .U (θ) for a hardware-efficient ansatz comprised of single-qubit gates .Rn,l(θ), 
applied to the. nth qubit in the. lth layer and a linear entangling unitary. Here,. θ ∈ R

N×L

Fig. 4 The unitary .U (θ) for a hardware-efficient ansatz comprised of single-qubit gates .Rn,l(θ), 
applied to the. nth qubit in the.l-th layer and a cyclical entangling unitary. Here,. θ ∈ R

N×L

Fig. 5 The unitary .U (θ) for a hardware-efficient ansatz comprised of single-qubit gates .Rn,l(θ), 
applied to the. nth qubit in the. lth layer and a complete entangling unitary. Here,. θ ∈ R

N×L

• Full entangling unitary: Such circuits implement two-qubit gates between all pos-
sible pairs of qubits, see Fig. 5 

.ENT =
j<k

C Zk, j . (22) 

The complete entangling unitary requires .N (N − 1)/2 entangling gates in each 
layer. 

The hardware-efficient ansatz is problem-agnostic, and it plays a similar role to 
fully connected classical neural networks. It is highly expressive, meaning, it can fit 
many functions. On the flip side, it has been well established that the expressivity of 
a model is connected to barren plateaus and excessive local minima in the training 
landscape. In other words, the more expressive a model is, the more difficult it is 
to train using gradient-based schemes since the gradients vanish in an exponential
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manner. Problem-agnostic architectures (such as the mean-field or the hardware-
efficient ansatz) are more likely to exhibit trainability issues. 

2.2.3 Restricted Model Classes 

One way to avoid trainability issues is to limit the expressive power of the models 
and encode sharp inductive biases in the choice of the architecture which is done 
by encoding symmetries [25–27]. On the classical side, the study of symmetries in 
data has lead to the blossoming field of geometric deep learning [28]. Symmetries 
formalize the invariance of objects under some set of operations. For example, the 
binding energy of a molecule does not change by permuting the order of the atoms, 
and a picture of a cat still depicts a cat regardless of the position of the cat within 
the image. Incorporating this prior knowledge into the learning architecture, as a 
geometric prior, gives rise to symmetry-preserving quantum geometric models which 
have the potential not only of mitigating barren plateau issues, but also of reducing 
sample complexity and improving the training efficiency. 

Depending on the task, the type of data, and the symmetries present, there are 
several types of quantum geometric machine learning models: 

• Quantum Convolutional Neural Networks (QCNNs): A QCNN is suitable for tasks 
benefiting from encoding invariance to translation [29–31]. As seen in Fig. 6,  The  
model is comprised by stacking convolutional and pooling unitaries.

– Convolutional unitary: The convolutional unitary is quasi-local and is applied to 
pairs of qubits. There are several choices for the type of convolutional unitaries 
depending on the task. As an example, one could use controlled-phase gates as 
well as Toffoli gates with controls in the X-basis. 

– Pooling unitary: For pooling, a fraction of qubits are measured, and their out-
comes determine unitary rotations applied to nearby qubits. For example, pool-
ing unitaries perform phase-flips on remaining qubits when the adjacent mea-
surement yields . X = −1

Fig. 6 The unitary.U (θ) for a quantum convolutional neural network comprised of convolutional 
and pooling layers
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Fig. 7 The unitary.U (θ) for a quantum graph neural network. Here,. θ ∈ R
2×L

As a result, non-linearities in QCNNs arise from the pooling operation which 
reduces the number of degrees of freedom. Convolution and pooling layers are 
performed until the system size is sufficiently small. Finally, the outcome of the 
circuit is obtained by measuring a fixed number of output qubits. The QCNN has 
been applied to quantum phase recognition, which asks whether a given input quan-
tum state belongs to a particular quantum phase of matter, as well as quantum error 
correction optimization, which asks for an optimal QEC code for a given, a priori 
unknown error model such as dephasing or potentially correlated depolarization 
in realistic experimental settings. 

• Quantum Graph Neural Networks (QGNNs): QGNNs are equivarient to permuta-
tion and are tailored to represent quantum processes which have a graph structure. 
Let.A ∈ RN×N denote the adjacency matrix of a graph. As seen in Fig. 7, QGNNs 
apply Hermitian operators based on the structure (i.e., the adjacency matrix) of 
the graph. An encoding layer can also be used to encode any node features as 
described above. Most generally, the QGNN unitary assumes a generator of learn-
able Hermitian matrices (see (8)) and takes the form 

.U (θ) =
L−1

l=0

exp

⎛
⎝−iη

⎛
⎝

Ai j=1

Hi, j (θ
(l)) +

N

n=1

Hn(θ
(l))

⎞
⎠

⎞
⎠ , (23) 

where .Hi, j (θ
(l)) is the edge unitary and .Hn(θ

(l)) is the node unitary [32, 33]. As 
an example, the edge and node unitaries can be given as 

.

Ai j=1

Hi, j (θ
(l)) =

Ai j=1

θ(l)Zi Z j (24) 

and 

.

N

n=1

Hn(θ
(l)) =

N

n=1

θ(l)Xn, (25) 

respectively. The term . η represents the evolution time, which can be either a 
fixed or a learnable parameter. Note that, the parameters of .Hn(θ

(l)) in layer . l are 
shared, meaning the unitary is applied with the same parameter .θ(l) in layer . l to
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all qubits. The same holds for .Hi, j (θ). Thereby, the total number of parameters 
is .θ ∈ R2×L . The factor . 2 comes from the fact that .Hn(θ

(l)) and .Hi, j (θ
(l)) do not 

share the same parameter . θ in layer . l. As a result, the model is equivarient to 
permutations. QGNNs can also process weighted graphs, by adding edge weights 
to (24) as done in [34]. They have been applied to learning Hamiltonian dynamics, 
graph clustering, isomorphism and graph state classification, as well as distributed 
processing of quantum sensor data. 
The QGNN has been extended in [35] to general .Sn equivariant models that have 
the same structure as (23) except that the placement of the entangling gates always 
assumes a complete graph whereby 

.U (θ) =
L−1

l=0

exp

⎛
⎝−iη

⎛
⎝

j<i

Hi, j (θ
(l)) +

N

n=1

Hn(θ
(l))

⎞
⎠

⎞
⎠ , (26) 

where the edge and node unitaries can assume the form of (24) and (25), respec-
tively. In words, parametric two-qubit gates are placed between all pairs of 
qubits/nodes. This requires.N (N − 1)/2 parametric two-qubit gates in each layer. 

• Quantum Recurrent Neural Networks (QRNNs): Much like reservoirs and classical 
RNNs discussed in Chapter 1, written by Michael te Vrugt, QRNNs are models 
that process temporal data [36, 37]. Formally a QRNN maps a classical sequence 
.x1:T comprising .T samples .xt with .t = 1, 2, . . . , T , to corresponding classical 
sequences.z1:T , comprising samples. zt with.t = 1, 2, . . . , T , i.e.,.D = {x1:T , z1:T }. 
This is done by sequential application of the unitary .U (θ). As such, the model is 
invarient to shifts in the sequence. 
Unlike the previous models, the unitary operates on a register of . N = N A + N B

qubits, see Fig. 8. The unitary is applied at each time step by re-initializing the 
subregister of.N B qubits to the ground state.|0 . After the application of the unitary 
to all .N qubits, the subregister of .N B qbits is measured. Since the subregister of 
.N A qubits is not measured, it can be used to propagate information from one 
time step to the next and it represents a quantum form of memory. It is noted that 
quantum models have been shown to describe temporal sequences with reduced 
memory costs [38, 39]. Therefore, the .N A-qubit subregister is referred to as the 
memory subregister, while the subsystem of.N B qubits is referred to as the output 
subregister. 

Fig. 8 The ansatz of a quantum recurrent neural network
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where we have.ρB
1 = TrA(ρ AB

1 ) and.TrX (·) indicates the partial trace with respect 
to subregister.X ∈ {A, B}. In the QRNN model, the measurement is repeated many 
times in order to obtain an estimate of the expectation value. OB of the observable 
.OB . After averaging over the measurement outcomes, the resulting density matrix 
of the memory subregister is given by .ρ A

1 = TrB(ρ AB
1 ). 

At any time step .t = 1, . . . , T , the memory subregister evolves according to the 
update rules 

.ρ AB
t = U (xt , θ, a, J ) (ρ A

t−1 ⊗ |0 0|B)U (xt , θ, a, J )† (27) 

whereby 
.ρ AB
t = ψ AB

t ψ AB
t (28) 

and 
.ρ A
t = TrB(ρ AB

t ), (29) 

with initialization .ρ A
0 = |0 0|A. The unitary .U (xt , θ, a, J ) can have an arbitrary 

architecture, but is comprised of an encoding unitary, encoding the sample .xt and 
an evolution unitary, see Fig. 9. The encoding unitary is only applied to the . N B

qubits and can assume a similar shape to (16) whilst the evolution unitary is applied 
to all qubits. It can be comprised of rotation gates as 

.U (θ) =
N−1

n=1

Rn(θ) (30) 

whereby the rotation gates are applied with the same parameter . θ to all qubits. 
Thereby, .θ ∈ R

N . The rotation gates are followed by a layer of fixed Hermitian 
matrices similar to (26). Formally, 

.U (a, J ) = exp

⎛
⎝−iη

⎛
⎝

j<i

J Zi Z j +
N

n=1

aXn

⎞
⎠

⎞
⎠ , (31) 

where the parameters .a, J are drawn randomly from a uniform distribution as 
.a, J ∈ [−1, 1], and they are fixed during training. The QGNN in [40] can also 

Fig. 9 The unitary.U (xt , θ, a, J ) of a quantum recurrent neural network
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have a recurrent form which only assumes the evolution unitary described by (23), 
applied with the same parameters at each layer i.e., 

.U (θ) =
L−1

l=0

exp

⎛
⎝−iη

⎛
⎝

Ai j=1

Hi, j (θ) +
N

n=1

Hn(θ)

⎞
⎠

⎞
⎠ , (32) 

where .θ ∈ R
2 since .Hn(θ) and .Hi, j (θ) do not share the same parameter . θ . 

A QRNN model that is invariant to time-warping has been proposed in [10]. Time-
warping is a peculiar type of symmetry, in the sense that it does not have a symmetry 
group describing the actions of a group. Rather, time-warping invariance stands for 
resilience to changes in the sampling rate of the sequence [28, 41]. In particular, 
time-series data are not naturally discrete—they are in fact obtained by sampling a 
continuous signal. However, in practice, the sampling rate cannot always be con-
trolled, and moreover, it may not always be fixed. Time warping transformations 
capture such dynamically changing sampling rates, or basic operations such as 
inserting a, possibly varying, number of zeros or white spaces between the ele-
ments of an input sequence. As such, time warping can model important practical 
aspects such as imperfect sampling. 
Formally, model class . f (·, θ) is said to be time warping-invariant with respect 
to the family of time-warping operations. C, if for any.z(t) = f (x(t), θ) produced 
by the model with some model parameters . θ given input .x(t), there exist model 
parameters .θ that yield the output .z(c(t)) = f (x(c(t)), θ ) given input . x(c(t))
for any function .c(t) in . C. In words, the model class can reproduce time-warped 
versions of its input-output pairs. To enable this, a time-warping invariant QRNN 
(TWI-QRNN) has been shown to take the form 

. ρ AB
t = (1 − αt ) (ρ A

t−1 ⊗ |0 0|B)

+ αt U (xt , θ, a, J ) (ρ A
t−1 ⊗ |0 0|B)U (xt , θ, a, J )†, (33) 

where .αt ∈ [0, 1] is a probability chosen equal to the time-warping derivative 
.dc(t)/dt i.e., 

.αt = dc(t)

dt
. (34) 

In words, the density matrix.ρ̃t+1 is produced by leaving the previous density matrix 
.ρ̃t unchanged with probability.(1 − dc(t)/dt) and by applying the unitary. Vt (xt , θ)

otherwise. Since the time-warping operation, and its derivative by extension, is 
generally unknown, the model in [10] practically replaces the unknown derivative 
in the model with a classical RNN that infers a suitable time-warping probability 
.αt from the input data sequence in a causal fashion. Specifically, the probability 
.αt in (34) can be written as 

.αt = σ(φt ), (35)
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where .σ(a) = (1 + exp(−a))−1 denotes a logistic sigmoid with hyperparameter 
vector .φt being the output of a model defined by the updates 

.φt = Wxxt + Whht + b, (36) 

and 

.ht = tanh(Wh
x xt + Wh

h ht−1 + b), (37) 

where .W = {Wx ,Wh,Wh
x ,Wh

h } denote learnable parameters. Stochastic counter-
parts of the (TWI-)QRNN have also been provided in [10]. 

2.3 Training 

Training the model involves solving (15) using the adopted loss function. To opti-
mise the circuit parameters, the designer can use gradient-free or gradient-based 
techniques. 

• Gradient-free optimisation: Gradient-free solutions to (15) involve using numerical 
optimisers, e.g., COBLYA [42]. Such approaches are suitable for problems with a 
relatively small number of parameters. 

• Gradient-based optimisation: Gradient-based techniques involve using gradient 
descent whereby the minimisation of (15) is carried out iteratively, by updating 
the parameters . θ as 

.θ ← θ − δ
∂LD(θ)

∂θ
, (38) 

with . δ denoting the learning rate. Since in a quantum setting one does not have 
access to the internal workings of the model,3 no quantum counterpart of back-
propagation exists. Hence, the computation of the gradient is an inherently more 
complex and less scalable operation than in classical machine learning. Still, the 
gradient in (38) can be approximated using numerical differentiation, or found 
exactly using the so-called parameter-shift rule [43–45]. In particular, each param-
eter . θ , is shifted forward as .θ + π

2 and the circuit is run .NS times to estimate 
.LD(θ + π

2 ). Then, the parameter is shifted backward as .θ − π
2 and the circuit is 

run.NS times to estimate.LD(θ − π
2 ). With this the gradient can be proven to take 

the exact form 

.
∂LD(θ)

∂θ
= LD(θ + π

2 ) − LD(θ − π
2 )

2
. (39)

3 That is, unless one relies on a simulation of the quantum computer on a classical computer, which 
is only feasible for small values of. N . 
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Therefore, the number of circuit runs scales with the number of parameters. It is 
important to mention again, that in sufficiently expressive architectures, the partial 
derivatives tend exponentially to zero in probability as .N increases. 

Quantum machine learning coding libraries used in practice [46, 47] offer both 
gradient-free and gradient-based options. It is useful to note that, using classical 
computers as simulators of quantum computers for machine learning tasks allows 
classical backpropagation; however this is only possible for a small number of qubits, 
which in turn, is unlikely to result in a quantum advantage. On the other hand, the 
number of qubits, at least in theory, is not the bottleneck of using quantum computers; 
however, the training procedure is not scalable. 

3 Testing 

As with any machine learning scheme, rigorous testing must be carried out to 
judge the performance of any quantum machine learning algorithm. Standard testing 
schemes in terms of using unobserved data apply. What is specific about quantum 
machine learning is that quantum machine learning schemes must be compared 
amongst each other, as well as against classical machine learning solving the same 
task. In addition, it is generally a good approach to test the model by removing all 
entangling gates in the ansatz. This is to ensure that the model really does require a 
quantum computer, or it can be easily simulated on classical hardware. 

4 Outlook 

Historically, scale has played a crucial role in machine learning. After all, small, 
shallow neural networks have been shown to overfit to data, whilst deep neural 
networks have enabled ChatGPT and AlphaFold2.4 Given that we lack large-scale, 
reliable quantum computers, it is currently premature to make predictions on the 
practical utility of quantum machine learning. It is however useful to discuss the 
current state of field. Whilst great progress has been made in the last decade or so, 
the current models still need to be improved, more scalable training procedures need 
to be developed, and more rigorous benchmarking and testing practices have to be 
carried out. If we succeed in these, provided we have the hardware, we could imagine

4 This is a result of the “double-descent” behaviour of neural networks: Suppose we plot the training 
and testing error against some measure of model complexity for a typical case. This results in curves 
following the same decreasing direction and the test error hovering slightly above the train error. 
Under the classical bias-variance trade-off, we might expect that as we move further right along the 
.x-axis (i.e. we increase the complexity of our model), we overfit and expect the test error to increase 
further and further upwards. However, what we observe is quite different. Indeed the error does 
increase (this is expected and the model is still in the “shallow” regime), but then as we increase 
the complexity further, it goes back down to a new minimum (the model is in the “deep” regime.) 
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that quantum machine learning might not just help us unlock the secrets of the natural 
world, but it could even open the door to non-anthropomorphic, quantum forms of 
intelligence. 
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Philosophical Aspects



Normativity and the Intelligent Matter 
Framework 

Barnaby Crook 

Abstract An emerging field at the intersection of artificial intelligence, materials 
science, physical chemistry, and nanotechnology targets the creation of intelli-
gent matter. However, despite demonstration of interesting behaviors in molecular 
systems and soft materials, the production of truly intelligent matter remains elusive. 
To address this, Kaspar and colleagues articulate a theoretical framework purporting 
to guide and evaluate the progress of the field. In this chapter, I argue that the absence 
of a normative criterion by which to assess the behavior of proto-intelligent material 
systems prevents the framework from adequately serving its guiding and evalua-
tive functions. Without a clear specification of what kinds of behaviors count as 
intelligent, researchers are unlikely to develop material systems that exhibit them. I 
propose to augment the IMF with a normative criterion requiring purportedly intelli-
gent systems to implement concrete behaviors which contribute towards higher-order 
goals in virtue of the coordinated activity of their functional elements. 

1 Introduction 

The intelligent matter research program aims to develop physical materials which 
implement intelligent behavior [1–3]. To coordinate this effort, Kaspar and colleagues 
formulate the Intelligent Matter Framework (IMF), which classifies material systems 
on the basis of which functional elements they possess.1 Only by possessing the right 
set of functional elements can a system ascend to the category of intelligent. However, 
as I will show, this framework lacks normativity. That is, the IMF does not proffer

1 I ascribe the name Intelligent Matter Framework to Kaspar and colleagues’ work; it is not used 
in their original article. 
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any normative criterion by which to judge patterns of behavior more or less intel-
ligent.2 Absent such a criterion, I contend, any framework for intelligence will be 
inadequate. For one thing, theoretical terms such as adaptivity become divorced from 
their ordinary meanings. One cannot distinguish a material system’s being adaptive 
from merely variable without some normative criterion by which to judge whether 
patterns of stimulus-induced dispositional change are beneficial. More fundamen-
tally, without a normative standard dictating what counts as intelligent at the level of 
behavior, the IMF risks losing touch with the target phenomena that motivated the 
research program in the first place. As such, I will argue, considerations of normativity 
are essential for any theoretical framework for intelligence [5–10]. 

I critically analyze Kaspar and colleagues’ theoretical framework for the intelli-
gent matter research program from a philosophical perspective. I suggest that the IMF 
serves two complementary functions: (i) an evaluative function, assessing progress 
towards the goals of the research program, and (ii) a guiding function, which sheds 
light on how such progress might be achieved. I first highlight the lack of a norma-
tive criterion in Kaspar and colleagues’ presentation of the IMF, before elaborating 
on the claim that this omission is problematic. In particular, I argue that without a 
normative criterion with which to judge behavior, the framework fails to adequately 
serve its functions. On the one hand, its evaluations fail to track intuitive judge-
ments regarding behavioral sophistication. On the other hand, material systems which 
follow its recommendations may not exhibit any intelligent behavior at all. To explore 
how this might be rectified, I elaborate on the concept of normativity, distinguishing 
between the source of a normative criterion and how normativity is constituted in a 
physical system. I then discuss how normativity should be integrated into the IMF. 
I suggest that, in light of the intelligent matter research program’s commitments to 
interdisciplinarity, practical applicability, and decentralized information processing, 
the IMF should be augmented with a normative criterion requiring material systems 
to implement extrinsically specified concrete behaviors which serve higher-order 
goals in virtue of the coordinated activity of their functional elements. 

The structure of the chapter is as follows. In Sect. 2, I present the IMF, describing 
how it divides material systems into classes based on their functional elements. In 
Sect. 3, I focus on the absence of normativity in the IMF, arguing that the lack 
of a normative criterion leaves the IMF poorly suited to fulfilling its evaluative 
and guiding functions. In Sect. 4, I cover normativity in more detail, clarifying the 
distinction between the source of a normative criterion and how it is constituted in a 
system. In Sect. 5, I discuss which notion of normativity is best suited for integration 
into the IMF. I then conclude the chapter.

2 By normative criterion I mean any evaluative standard by which a system’s behavior may be 
judged acceptable or unacceptable (in a dichotomous sense) or better or worse (in a continuous 
sense). No connotations to richer human domains of values and ethics are implied [4]. 
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2 The Intelligent Matter Framework 

In this section I introduce the IMF as described by Kaspar and colleagues in their 
2021 article [1]. Before doing so, however, I briefly motivate focusing on this partic-
ular articulation of the intelligent matter research program. Since the aim of this 
chapter is to address conceptual issues arising in the definition and evaluation of 
intelligence, it is necessary to engage with a presentation explicitly delivered in 
conceptual terms, like the IMF. Further, research which falls under the purview of 
intelligent matter is conducted across a broad range of technical scientific disci-
plines, each with idiosyncratic terminology and research foci. What distinguishes 
the intelligent matter research program as a whole from any one discipline is its 
integrative nature. It is the challenge of combining diverse strands of technical work 
into a coherent research agenda that Kaspar and colleagues’ IMF purports to address. 
And that challenge has, I will argue, particular consequences for how normativity 
relates to the IMF. Finally, focusing on the IMF usefully restricts the scope of the 
chapter. 

2.1 Introducing the Intelligent Matter Framework 

The IMF classifies material systems on the basis of their internal functional 
complexity. In particular, the classification is sensitive to the presence of four specific 
functional elements: sensors, actuators, memory, and an interaction network. These 
elements are defined as follows. Sensors detect external stimuli, such as heat or 
force, by implementing an energy transformation (e.g., converting heat into electrical 
potential). Actuators produce a response, such as a physical or chemical change, 
when external stimuli are detected. Memory is any element in a system with the 
ability to retain information over a temporal window such that it can be exploited 
to modulate behavior later. Finally, an interaction network is constituted by signal 
pathways through which sensor, actuator, and memory elements can interact with 
one another, enabling feedback and other action-relevant information to be utilized. 
With all four of these functional elements in place, argue Kaspar and colleagues, a 
material system will be capable of sophisticated information processing and learning 
from its environment [1, p. 347]. 

Kaspar and colleagues use the functional elements described above to classify 
material systems. The most basic kind of system is structural matter. It does not 
possess sensors, actuators, memory, or an interaction network. Therefore, once a 
structural material system has been synthesized, it cannot change its properties. This 
means that, although such a system may have numerous functions and significant 
structural complexity, it is inherently unable to implement any behavior that requires 
adaptation, learning, or behavioral flexibility. The second class of material system 
Kaspar and colleagues describe is responsive matter. Systems belong to this category 
if they have sensors and actuators but no memory or interaction network. Because
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responsive material systems lack memory, the response their actuators produce when 
particular stimuli are detected by their sensors is always the same [1, p. 346]. The 
third class of material system is adaptive matter. The IMF classifies systems as 
adaptive if they augment the sensing and actuating capacities of a responsive system 
with an interaction network. Such a network allows a material system to implement 
feedback by altering its internal states and, consequently, its behavioral responses 
(e.g., in response to repeated presentation of a stimulus). Since adaptive material 
systems exhibit state-dependent responses to stimuli, the principles governing their 
behavior can become exceedingly complex (see [3] for discussion). The final and 
most sophisticated class of material system is intelligent matter. In addition to the 
functional elements required for a system to count as adaptive, an intelligent system 
must possess long-term memory storage. This enables previously sensed or self-
generated information to be retained over time and deployed when needed. As well as 
guiding future action by modulating the behavior of actuators, feedback information 
retained as memory can be used to alter a system’s internal states, implementing a 
form of learning. 

2.2 Preliminary Comments on the Intelligent Matter 
Framework 

I start by making three preliminary observations about the IMF. First, as a termino-
logical matter, Kaspar and colleagues reserve the term intelligent for the final class of 
systems, stating that “if one of the key functional elements is lacking, then, according 
to our definition, the material is not considered intelligent” [1, p. 349]. Despite this 
assertion, the IMF can be interpreted as specifying discrete gradations of intelligence, 
with the four classes serving as distinct levels. Ultimately, the difference between 
these two perspectives is more semantic than substantial. For clarity, I will stick with 
the authors’ usage moving forwards. 

Second, the classificatory scheme of the IMF does not partition the space 
of possible material systems exhaustively. For example, where should a system 
possessing sensors and a memory, but no interaction network, be classified? Kaspar 
and colleagues discuss a soft matter system with such a functional repertoire and 
suggest that “such matter would not classify as adaptive matter owing to the lack of a 
network, [but nevertheless] goes beyond responsive capability” [1, p. 349]. While the 
existence of material systems which straddle the IMF’s boundaries raises questions 
about its aptness, I put this issue aside for now. 

Third, Kaspar and colleagues state that their notion of intelligence is not appli-
cable to human beings or biological organisms more generally. For example, they 
write that “such matter which we term here intelligent does not show the same level of 
intelligence as would be understood in a psychological sense” [1, p. 345]. And, with 
respect to basal biological intelligence, they stress that the “key functional elements
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[…] are not sufficient to enable the emergence of will or cognition, which distin-
guishes synthetic matter from intelligent living beings” [1, p. 347]. Such caution 
is admirable. Given the domain of research the IMF intends to support, eschewing 
psychological connotations seems appropriate. Indeed, such minimal strategies are 
common to researchers studying the evolution of intelligence [11], bacterial intel-
ligence [12], plant intelligence [13], and artificial intelligence [14]. However, these 
disavowals raise the question of what relation the IMF’s notion of intelligence does 
bear to those of other disciplines. One natural answer, not adopted by the IMF, is that 
diverse intelligence concepts are united by capturing systematic variation in behavior 
[6, 15]. That the IMF does not account for this will be the focus of my critique in 
Sect. 3.3. 

2.3 Guide and Evaluate: The Two Functions 
of the Intelligent Matter Framework 

To critically discuss the IMF, it is necessary to consider what it hopes to achieve.3 

According to Kaspar and colleagues, they set out to provide “a roadmap towards 
intelligent matter” [1, p. 353] and to coordinate a “concerted, interdisciplinary and 
long-term research effort” [1, p. 353]. In other words, by specifying requirements for 
different levels of material intelligence, the IMF is intended to constitute a coherent 
and unified framework which can evaluate and guide a distributed and diverse set of 
research practices. I suggest that this goal can be factored into two closely related 
functions which I describe below. 

On the one hand, the IMF has a guiding function, serving to specify how the 
intelligent matter research program should aim towards implementing intelligence 
in material systems. According to Kaspar and colleagues’, no extant system satisfy 
their criteria for intelligence [1, p. 353]. As such, the IMF’s more demanding classi-
fications serve as a lodestar for researchers to navigate towards. This role is explicit 
in the authors’ concluding call to action: “…we must proceed from learning matter 
to truly intelligent matter, which receives input from the environment via sensory 
interfaces, shows a desired response encoded via embedded memory and artificial 
networks, and can respond to external stimuli via embedded transducers” [1, p. 353]. 
On the other hand, the IMF also has an evaluative function, enabling progress towards 
the goals of the intelligent matter research program to be assessed. To achieve this, 
specific material systems are examined and sorted according to the IMF’s classi-
ficatory scheme. For example, Monreal Santiago and colleagues [16] developed a 
synthetic molecular system exploiting positive feedback to enable self-replication.

3 This is a pragmatic approach which eschews metaphysical worries, e.g., about what intelligence 
fundamentally is or whether simple material systems can really possess it. Such questions, while 
plausibly interesting, are not within the stated remit of the IMF. 
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According to the IMF, the system’s possession of sensing, actuating, and interac-
tion elements render it adaptive matter, but its lack of a long-term memory element 
precludes it being classed as intelligent. 

Clearly, the guiding and evaluative functions of the IMF are intertwined. By 
evaluating extant systems and specifying which functional elements they are lacking, 
the future work required to develop intelligent matter is made apparent. To sum up, it 
is with respect to the IMF’s aptness to guide and evaluate that it ought to be judged. 

3 The Missing Role of Normativity 

In this section I argue that the IMF has a weakness. In particular, it fails to provide 
normative constraints on which kinds of behaviors count as adaptive and intelligent 
according to its criteria. I begin by explaining the sense in which the IMF lacks 
normativity. I then contrast the IMF with definitions of intelligence which do provide 
this kind of normativity, to provide further clarity on what exactly is missing. Finally, 
I argue that normativity is critical for both the evaluative and guiding functions of 
the IMF. 

3.1 Normative Criteria as Behavioral Standards 

Clearly, the IMF provides some criteria for assessing the intelligence of material 
systems, namely those described in Sect. 2.1. To explain the sense in which norma-
tive criteria are missing, then, a terminological distinction is required. I will refer to 
the criteria delineated by Kaspar and colleagues in the IMF as functional criteria, 
since they refer to a system’s possession of, or constitution by, certain functional 
elements (i.e., sensors, actuators, an interaction network, long-term memory). There 
is a straightforward sense in which these functional criteria can be considered norma-
tive, since they specify properties that systems need to have (i.e., constitutive norms 
to which systems need adhere) in order to achieve particular classifications. However, 
what I mean to refer to by normative criteria are standards applied to the behavior 
of a system (i.e., what it does). For example, a thermostat is judged (prima facie) 
by its capacity to minimize the difference between the temperature of a physical 
system and a specified set-point. In this sense, normative standards function as 
performance measures by which a system’s ability to implement target behaviors 
may be assessed [14]. Possessing the right combination of functional elements may 
be a pre-requisite for achieving some behavioral outcomes, but the achievement of 
most outcomes will typically require something over and above possession of those 
elements (e.g., the elements being organized such that their operation in typical envi-
ronments reliably produces the relevant outcomes). To capture this distinction, when 
I speak of normative criteria moving forwards, I am always referring to standards by
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which systems’ behavior may be evaluated, regardless of differences in the functional 
elements involved. 

So then, to make my claim that the IMF lacks a normative criterion precise, 
it can be re-phrased as follows. According to the IMF, conditional on the set of 
functional elements that a given material system possesses, variation in the behavioral 
propensities of that system is immaterial to the class into which it should be sorted. 
That is, once we know which functional elements a system is endowed with, we do 
not need to know anything more about how those functional elements interact or 
which patterns of behavior they produce in order to know how intelligent that system 
is.4 I now contrast the IMF with other frameworks of intelligence in order to clarify 
the typical role of normative criteria. 

3.2 Normativity and Definitions of Intelligence 

In their review of definitions of intelligence, Legg and Hutter synthesized over 70 
proposals from psychology, cognitive science, and artificial intelligence into a single 
sentence: “Intelligence measures an agent’s ability to achieve goals in a wide range 
of environments” [17, p. 9]. This broad and general definition brings two distinctions 
with the IMF to light. First, the synthesized definition explicitly invokes normative 
criteria through reference to “goals”. While the notion of a goal remains imprecise 
in the definition, however it is spelled out, it will constrain what a system needs to 
do in order to achieve a certain degree of intelligence (I will have more to say on 
goals in Sect. 4.2). This is exactly what the IMF lacks. Second, in contrast to the 
IMF, the synthesized definition specifies no functional criteria at all. That is, it does 
not place any requirements on how a given system achieves its goal. I do not suggest 
that the IMF is wrong to specify functional criteria. On the contrary, specifying such 
criteria enables the IMF to fulfil its guiding function (with the proviso that it will 
only function well as a guide under the condition that the criteria are well-motivated). 
Instead, my claim is that, especially for the IMF to fulfil its evaluative function, it 
needs normative criteria in addition to functional ones. 

Appeals to normative notions in the definition and evaluation of intelligence are 
ubiquitous. Normativity in Legg and Hutter’s definition of intelligence is conferred 
by the use of the word “goal”. However, there are numerous ways for normativity to 
enter a definition or framework for intelligence.5 For example, Russell and Norvig 
structure their approach to AI around the idea that “some agents behave better than 
others”, which “leads naturally to the idea of a rational agent—one that behaves

4 As I will discuss in Sect. 3.4, textual evidence casts suggest that Kaspar and colleagues did not 
intend this to be a property of their framework. Rather, the omission of an explicit normative 
criterion by which the behaviour of purportedly intelligent systems may be judged is more likely 
an oversight. 
5 I do not distinguish sharply between definitions and frameworks here. Roughly speaking, the IMF 
is a framework composed of a set of hierarchically arranged definitions. However, the evaluative 
and guiding functions of the IMF may also be played by singular definitions [10]. 
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as well as possible” [14, p. 95]. Through invoking notions of better, worse, and 
best behaviors, their concept of rationality becomes normative. One might argue 
here that the approach relevant to traditional AI agents should differ from that for 
material systems. However, Russell and Norvig define an agent as “anything that 
can be viewed as perceiving its environment through sensors and acting upon that 
environment through actuators” [14, p. 96]. As such, their approach is clearly minimal 
enough to be compatible with intelligent matter (indeed, even responsive matter is 
covered). A non-exhaustive list of terms, common to definitions of intelligence, 
which (usually) connote a normative standard include: rationality [18], problem-
solving [19], indistinguishability from human beings [20], adaptability/adaptivity 
[10], task-performance [7], and more besides [6], see [15, 21]. All definitions which 
invoke such notions incorporate normativity. 

One term mentioned above, adaptivity, appears in the IMF and is important to 
discuss in greater detail. One might think the worry about normativity is forestalled 
by the IMF’s inclusion of this term. However, there is a critical contrast between how 
the IMF uses the word adaptive and how it is typically applied in biological and AI 
settings. Recall that in the IMF a material system is adaptive if it possesses sensors, 
actuators, and an interaction network [1, p. 346]. In biology, in contrast, adaptivity is 
normally defined in terms of how a trait contributes to the inclusive genetic fitness of 
the organism that possesses it [22]. For example, it is adaptive for cacti to grow spines 
because they deter herbivores who might otherwise eat the cacti, preventing them 
from replicating and propagating their genetic material [23, p. 26]. We can readily 
imagine a scenario in which a cactus’ growing of spines depends upon the presence 
of some environmental trigger, such as a particular quantity of rainfall. In such a case, 
the cactus is making use of sensors, to detect the presence of rain, actuators, to initiate 
the growth of spines once the threshold is reached, and a network, through which 
the signals from sensation to actuation are propagated. However, from a biological 
perspective, such behavior only counts as adaptive if the inclusive genetic fitness 
of the cactus, conditional on its spine-growing behavior, is greater than its inclu-
sive genetic fitness in a counterfactual world in which the spine-growing behavior 
was absent. In other words, biological adaptivity tracks beneficial contribution, not 
functional complexity. While particular forms of complexity might be necessary to 
attain certain benefits [11], unless they actually do attain those benefits, at least in 
expectation, they are not considered adaptive.6 

3.3 Normativity is Crucial for the Evaluative and Guiding 
Functions of the IMF 

So far in this section, I have specified what is meant by the claim that a normative 
criterion is absent from the IMF as stated and shown that this feature marks the IMF

6 The AI use of adaptivity is essentially parasitic on the biological notion e.g., [10, p. 19] but with 
inclusive genetic fitness exchanged for a quantitative performance measure. 
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out as unusual among attempts to define or conceptualize intelligence. I now argue 
directly that augmenting the IMF with an explicit normative criterion is required for 
it to adequately serve its evaluative and guiding functions. 

Pei Wang contends that a working definition for artificial intelligence (like the 
IMF) ought to adhere to four requirements (initially proposed by Carnap in his 
discussion of probability [10, 24]  (see [6] for a related approach). Those require-
ments are as follows: (i) similarity to the way the term is commonly used, (ii) exact-
ness, (iii) fruitfulness, and (iv) simplicity. The similarity requirement prevents an 
academic definition of a term from becoming divorced from its ordinary meaning. 
For example, we could stipulatively define intelligence for material systems as a 
measure of, say, conformational flexibility. But this would leave us with a term 
utterly failing to capture the sense of intelligence that motivated the need to define 
it in the first place. The exactness requirement demands that a definition be precise 
enough to aid scientific discourse. In the context of intelligent matter, exactness is 
critical for the IMF to serve its evaluative function.7 The fruitfulness requirement 
demands that a definition be informative enough to serve a practical role. For the 
IMF, this equates to fulfilling its guiding function. As Wang states, researcher defi-
nitions of intelligence typically do not describe “something that already fully exists, 
but something to be built” [10, p. 5], a description that applies clearly to the IMF. 
The simplicity requirement demands that a definition be as simple as possible, given 
that it satisfies the first three requirements.8 

I suggest that an explicit normative criterion is crucial for any definition or 
framework of intelligence to adhere to the similarity requirement. As Kryven and 
colleagues put it, “attributing intelligent behavior relies on interpreting an agent’s 
actions as … reasonable in the first place” [26, p. 15]. In other words, the purpose 
of ascribing intelligence to entities is as a means to explain and predict systematic 
differences in their observed behaviors. In the human domain, some people are able to 
complete cognitive tasks that others cannot. As Sternberg notes [27, p. 308], it is with 
respect to such observations that the ascription of differing degrees of intelligence 
to individuals has explanatory value.9 For this reason, any framework of intelligence 
that fails to track observed variation in relevant behavioral outcomes is insufficiently 
similar to the ordinary concept [6].10 

7 As illustration of the perils of inexactness, consider Legg and Hutter’s synthesized definition of 
intelligence (Sect. 3.1). By invoking undefined notions of agents, goals,  and  environments,  this  
definition leaves much up to interpretation should one attempt to apply it to a real-world material 
system (see [25] for an attempt to make that definition exact). 
8 There is a tension between this requirement and the third, since simple definitions may lack the 
detail required for informativity, but discussing this trade-off is beyond the scope of this chapter. 
9 Indeed, one might view intelligence as no more than a useful shorthand for speaking about these 
observed differences in capabilities and behaviours (see [28] for such a view). Of course, there are 
more theoretically laden ways to interpret intelligence, with the IMF being an example. The point 
is that, to satisfy similarity, an explication of the concept ought to summarize observations in a 
compact and predictively valuable manner. 
10 This is not to say that the exact outcomes over which variation is tracked need to be the same as 
in the human case. As acknowledged in Sect. 2.2, Kaspar and colleagues do not intend their notion 
of intelligence to be applicable to psychology.
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While it may not immediately seem catastrophic for the IMF to fail to adhere to 
one out of four requirements, the value of providing a sufficiently exact and fruitful 
definition can only be realized given similarity is satisfied. Otherwise, the way in 
which systems are evaluated, even if precise, will ultimately fail to track our intuitive 
judgements. Furthermore, systems which follow the guidance of the IMF may fail 
to demonstrate behavior which would independently strike us as intelligent. If my 
critique is right, there should be possible systems which would satisfy the IMF’s 
criteria for adaptivity and intelligence but fail to produce intelligent behavior. To that 
end, consider a system equipped with a sensor that periodically detects (external) 
temperature, a memory system that stores experienced temperatures as sequences (of 
length 3, say), an actuator that can trigger the rotation of the system (like a bacterial 
flagellar motor), and a network mechanism connecting these functional elements. 
The network mechanism evaluates the most recent trajectory of temperatures and, 
if it matches a stored sequence, signals the actuator to trigger the rotation of the 
system. The implementational details of this imagined case are not important.11 The 
point is that this system would, in virtue of its possession of all functional elements 
specified by the IMF, constitute intelligent matter. Despite that, it is hard to see how 
such a system could possibly implement behavior that would count as intelligent by 
a practical normative standard. 

As well as failing to track intuitive judgements in cases where functional 
complexity is put to unintelligent use, the IMF also overlooks that what a system does 
is limited in important ways by numerous factors beyond which functional elements 
it possesses. These factors include i) the variety of things it can sense, ii) the range of 
actions available to it, and iii) the fit between the behavioral policy it implements and 
the conditions of the environment [30]. It is true that an enlarged functional reper-
toire expands the space of possible behaviors. However, merely possessing such a 
repertoire does not ensure that the behaviors plucked from that vast space belong to 
the subset of valuable ones. For this reason, a measure of intelligence that focuses 
entirely on functional criteria is bound to overrate systems which do useless things for 
sophisticated reasons. In order to cleave to the ordinary sense of the term intelligent, 
then, the IMF must augment its specification of the functional elements necessary for 
intelligence with some kind of normative criterion for the behaviors material systems 
implement. 

Before I discuss normativity in more detail, I briefly examine textual evidence 
suggesting that Kaspar and colleagues implicitly invoke normativity when applying 
the IMF. 

3.4 Implicit Normativity in Applying the IMF 

Although normativity is absent from the explicit presentation of the IMF, it still factors 
into the judgements Kaspar and colleagues make about the intelligence of material

11 One can imagine such a system as a variant of Braitenberg’s Vehicle 5 [29]. 
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systems. There are two ways this plays out. First, although the IMF only directly 
classifies systems with respect to how they implement behaviors (i.e., functional 
criteria), there are implicit criteria governing which range of behaviors a system 
must display to be deemed interesting enough to warrant examination (i.e., implicit 
normative criteria). Second, comments from Kaspar and colleagues imply that further 
details relating to how systems implement normativity are relevant to how intelligent 
they consider them to be. I address these points in turn. 

Normative criteria implicitly govern which systems are candidates for classifica-
tion as intelligent by the IMF. Consider Yu and colleagues’ demonstration of self-
swarming behavior in paramagnetic nanoparticles [31]. Due to their magnetic inter-
actions, upon exposure to oscillating magnetic fields these particles display a range 
of pattern-forming collective behaviors. In their assessment, Kaspar and colleague 
state that, because the nanoparticles “rely on the input of an external programmer 
who manipulates the magnetic field… the particles do not show intelligent behavior 
by themselves” [1, p. 347]. Notice that this statement pertains to the behavior of 
the nanoparticle system as a function of environmental variation (i.e., input). It is 
because this pattern-forming behavior is only observed under environmental condi-
tions which require close external control that the system is deemed less autonomous 
and, thus, less intelligent. Such a claim implicitly invokes a normative criterion by 
focusing on behaviors deemed interesting from the outside (e.g., collective motility). 
Without such a criterion, there would be no reason for the pattern-forming behavior, 
generated through controlled deformations of the particle swarm, to be distinguished 
from any other behavior. Similarly, He and colleagues [32] (described in [1, p. 350]) 
develop a system which, through a feedback loop involving the mechanical action 
of temperature-responsive hydrogel and the chemical action of exothermic catalytic 
reactions, maintains its temperature in a narrow range. In this case, thermoregula-
tion is the behavior judged worthy by an implicit normative criterion. The failure to 
make these implicit judgements explicit may seem trivial. However, the hypothetical 
system considered in the previous section shows how this can manifest in unintu-
itive judgements. Further, since the IMF is supposed to guide research, leaving such 
criteria implicit is unsatisfactory (see Sect. 5.4 for further discussion). 

Second, Kaspar and colleagues suggest a further constraint, not prescribed by 
the IMF, on how norms should be implemented. In particular, they imply that the 
criterion by which a material system’s behavior should be judged must, in some 
sense, be generated from within the system. For example, when assessing a swarm 
of autonomous robots that can assemble into two dimensional patterns, Kaspar and 
colleagues state that “since an external programmer predefines the targeted shape and 
gives instructions in [the] form of an algorithm, the whole group of robots is not intel-
ligent according to our definition” [1, p. 346]. It is not clear how the authors derive 
this judgement from their definition of intelligent matter, which does not mention 
goals or the achievement of target states, whether defined externally or not. However, 
this comment (and the similar comment about the swarming paramagnetic nanopar-
ticles) suggests that Kaspar and colleagues intend the IMF to limit the ascription of 
intelligence to systems which, in some respect, generate their own normative criteria.
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Call this an intrinsicality condition on normativity. I discuss this requirement further 
in Sect. 5.2. 

4 Aspects of Normativity 

In Sect. 3 I observed that the IMF lacks a normative criterion and argued that this 
omission is problematic. To rectify this situation, I suggest, some notion of norma-
tivity ought to be explicitly incorporated into the IMF. This should serve to make the 
framework sensitive to behavioral capacities in a way that tracks the ordinary notion 
of intelligence, thus satisfying the similarity requirement (see Sect. 3.3) and enabling 
the IMF to serve its evaluative and guiding functions effectively. However, for this 
to be possible, clarity around which notion of normativity ought to be incorporated 
is required. To that end, this section unpacks the concept of normativity. 

I suggest that questions about normativity can be divided into two distinct cate-
gories.12 One set of questions pertains to the source of the normativity. That is, where 
does the normative criterion originate? By what process does it arise? Another set of 
questions pertains to the constitution of the normativity. That is, how is the norma-
tivity physically instantiated in the system? Are there explicitly represented goal 
states against which actual states can be compared? Or is the normativity governed 
by the organization of the entire system? Let us take a closer look at each of the 
aspects of normativity before discussing their relation to the IMF. 

4.1 Aspects of Normativity: Source 

First, let us consider sources of normative criteria. That is, where do such criteria 
come from? The source of normativity may be considered from an ultimate or prox-
imal perspective [33–36]. In the case of biological systems, the ultimate source of 
a normative criterion is the process of evolution by natural selection [23, 37]. It is 
inherent to natural selection that success for an individual is constituted by surviving 
and reproducing, with the value of traits and behaviors derived from their contri-
bution to these core objectives [38]. Without the differential replication of variant 
biological forms, captured formally by the metric of inclusive genetic fitness, there 
could be no criterion for the success of individuals and thus no normativity [39]. 
Proximal sources of normative criteria for biological organisms are the specific chal-
lenges posed by their environments ([40], see [41] for detailed discussion of how

12 To structure this section, I take inspiration from Rahwan and colleagues’ typology of questions 
for machine behaviour [33], itself derived from Tinbergen’s foundational work in ethology [34]. 
Questions about what I call the source of normativity roughly map on to Tinbergen’s historical/ 
developmental questions, while questions about the constitution of normativity roughly map on to 
Tinbergen’s contemporary/slice-in-time questions. However, I intend the relation to Tinbergen (and 
Rahwan et al.) to be one of rough inspiration, not isomorphism. 
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normativity relates to biological function).13 For example, the threat of predation 
by foxes imposes a normative criterion on rabbits by rendering their survival condi-
tional on their ability to evade capture. On this view, the evolution of behaviorally and 
cognitively sophisticated organisms is a product of an increasingly diverse multitude 
of proximal sources of normativity, all generated from the same ultimate source of 
natural selection (see [11] for discussion). 

For engineered systems, the ultimate source of normativity is challenging to 
specify. There is no consensus view on how to determine what constitutes appropriate 
functioning or overall success for an artifact (see [43] for philosophical discussion). 
However, to a first approximation, we can follow the example of biology and charac-
terize success in terms of spread and prevalence (as in [33]). Translating these ideas 
to the world of artifacts, we are faced with an ultimate criterion of widespread manu-
facture, deployment, and use.14 Another way to frame this is that the ultimate source 
of normativity for artifacts, by analogy to biological evolution, is cultural evolution 
[44].15 Though there is significant controversy about how best to describe variation 
and selection in a cultural evolutionary framework [45], the relevant dynamics likely 
involve a complex combination of social, technical, and biological factors [33, 46]. 
Moving onto the proximal sources of normativity, once again, we are faced with 
variety. In some cases, such as formal verification in software engineering [47, 48], 
normative criteria for the behavior of engineered systems may be formalized and 
explicated precisely. However, in other cases, the criteria by which system behavior 
is evaluated may be challenging to state exactly [49]. For example, consider the 
recent explosion in the prevalence and usage of large language models [50]. While 
the formal measure of perplexity captures how well models such as ChatGPT perform 
at their training objective [51], their commercial success is a function of how useful 
people find them, a metric which cannot be easily operationalized prior to releasing 
the model as a product. The use of performance on task benchmarks as proximal 
normative criteria has been a topic of critical discussion within the AI and machine 
learning community (e.g., [5, 21]). This reflects the difficulty of selecting proximal 
normative criteria which lead to desirable outcomes [52–54] (see also Sect. 5.4).

13 It would be beyond the scope of this chapter to discuss the intricacies of the philosophical debate 
on biological functions. However, see [42] for an attractive pragmatic and pluralist view. 
14 This relates to the etiological view of artifact functions [43]. However, I do not take describing 
the source of normativity for engineered artifacts to require commitment to such a view (or any 
view at all) about artifact functions. 
15 Note that there is ongoing debate about the nature, prevalence, and explanatory power of cultural 
evolution (as well as whether it is an evolutionary process in a literal, analogical, or metaphorical 
sense). However, the basic observation that technical artifacts differ in ubiquity and persistence is 
undeniable. 
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4.2 Aspects of Normativity: Constitution 

Next, let us consider how normativity may be constituted in a system. That is, what 
physical arrangement of matter implements normativity within a system? Here, two 
broad categories can be distinguished. First, some systems explicitly represent goal 
states or objectives such that they can evaluate occurrent states with respect to them 
[55]. Call this category explicit representation. Explicit representation of goals is 
commonly associated with the symbolic approach to AI spearheaded by Newell and 
Simon [56]. Newell and Simon developed so-called expert systems which operated 
via backchaining, i.e., given a goal state and an occurrent state, searching for a 
trajectory of intermediate states such that the goal state is reached [57]. More gener-
ally, approaches to AI that focus on search and planning typically involve explicit 
representation of goals [14]. Control systems which explicitly represent their control 
variables (i.e., those whose values they maintain within a specific range) also belong 
to this category [58, 59]. Additionally, though the details are controversial, it is widely 
believed in cognitive science that human beings explicitly represent goals in some 
manner [60]. Whether or not the same is true in various species of nonhuman animals 
is a matter of ongoing debate [61–63].16 

The second broad category concerning the constitution of normativity is holistic 
arrangement. Here, there is no (canonical) way to localize the normativity which 
governs the behavior of a system. Rather, it is the entire physical arrangement of the 
system which serves to dictate that its behavior conforms to a particular norm (these 
are what [55] call ‘goal-seeking systems’, or what [65] calls the ‘systems view’). 
Again, both biological and engineered systems may fall into this category. Indeed, 
arguably, every biological system is normative in virtue of its holistic arrangement, 
since it is the way the system is arranged (in both space and time) which constitutes its 
identity [62, 66]. Broadly speaking, this is the position taken up by proponents of the 
autopoietic view of biological systems and their intellectual descendants [67–69].17 

When it comes to engineered systems, they do not (yet) possess the dynamic cohe-
sion or behavioral flexibility characteristic of biological organisms [70], precluding 
the kind of autonomy exhibited by living beings. However, there is still clearly a class 
of human-designed material systems for which their overall functional organisation 
imbues them with a weaker kind of purposiveness. Indeed, better understanding how 
this subset of engineered machines, so-called servomechanisms, implemented goal-
directed behavior was a central goal of the cybernetics movement of the 1940s and 50s 
[9, 71, 72]. To anticipate a possible misunderstanding, note that holistically arranged 
normativity is not trivially ascribable to every human-designed artifact, merely in

16 It is beyond the scope of this chapter to enter into detailed analysis regarding what is required 
for something to count as a representation of a goal. Indeed, it is plausible that no sharp dividing 
line separates biological systems which do and do not explicitly represent goals [64]. If this is so, it 
seems equally plausible that artificial systems, including those developed in materials science, may 
also blur the boundaries. 
17 Note that commitment to a holistic arrangement account of biological normativity is compatible 
with believing that (some) biological organisms explicitly represent target states. However, the two 
accounts are mutually exclusive as explanations for the achievement of any particular state. 
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virtue of the fact that their intentionally designed characteristics contributes to their 
utility, spread, and application. The critical difference between normative systems 
such as, say, a heat-seeking missile, and non-normative ones such as, say, a clock, is 
that the former but not the latter have the propensity to reach or maintain particular 
desirable states despite environmental perturbations ([23] views this as an aspect of 
goal-directedness, while [65] calls this property ‘persistence’).18 Systems which do 
not exhibit any flexible behavior that reliably reaches or maintains particular target 
states do not implement normativity. 

With the source and constitution of normativity in mind, let us turn to considering 
which senses of the term could be usefully incorporated into the IMF. 

5 Normativity and the Intelligent Matter Framework 

To recap, Sect. 2 presented the IMF, posited that it aims to serve evaluative and guiding 
functions, and noted that it omits explicit normative criteria. Section 3 discussed this 
omission in detail, arguing that it prevents the IMF from adequately fulfilling both its 
evaluative and its guiding function. Section 4 provided a brief analysis of normativity, 
suggesting that the source from which normativity derives and how normativity is 
constituted in a given system are distinct, important considerations. This section 
turns to how normativity should be inserted into the IMF in a way that accords with 
the theoretical commitments of the intelligent matter research program. In particular, 
we can ask: i) which source of normativity is most suitable for the purposes of the 
IMF? And: ii) what requirements for the constitution of normativity, if any, ought 
the IMF to impose? 

5.1 Sources of Normativity for the IMF 

Recall that the source of a normative criterion refers to where it comes from. That 
is, what is responsible for generating the evaluative standards by which a material 
system’s behavior should be judged? As an initial question, we can consider whether 
it is the ultimate or proximal source of normativity with which the IMF should 
be concerned. This has a straightforward answer. Any attempt to dictate the ulti-
mate source of normativity for engineered artifacts would be hubristic folly. Which 
engineered artifacts and material systems end up being reproduced, distributed, and 
deployed (i.e., the ultimate source of normativity) depends upon myriad factors that 
could not be effectively enumerated, let alone controlled, by any research effort. 
By elimination then, it is the proximal source of normativity that the IMF should

18 A precise explication of the degree to which a system needs to exhibit this form of persistence to 
count as normative is outside the scope of this chapter. Personally, I am inclined towards a gradualist 
perspective on which there is no definite boundary. 
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be concerned with. So, the question becomes: how should the IMF impose local 
normative standards to better fulfil its functions? 

Two general strategies can be delineated.19 On the one hand, the IMF may augment 
its functional requirements with a specific normative criterion that is applicable across 
cases. For example, one option would be to follow Legg and Hutter’s synthesized 
definition of intelligence discussed in Sect. 3.2 (“the ability to achieve goals in a wide 
range of environments”). In order to give this definition teeth, Kaspar and colleagues 
would need to define “goals” and “environments” concretely enough to quantify the 
range of environments systems operate in. They would also need to consider how to 
integrate a measure of this quantity with the discrete functional requirements speci-
fied by the IMF in its current form. For instance, each class of matter delineated by the 
IMF could be associated with a threshold of the measured quantity such that a system 
can only count as, say, adaptive, if it achieves goals across sufficiently many environ-
ments. This approach has the potential to endow the IMF with the power to fulfil its 
evaluative and guiding functions, ruling out degenerate systems and providing a clear 
vision of intelligent behavior. However, enacting this strategy may be challenging 
given the breadth and diversity of the intelligent matter research program. Devising 
a criterion equally applicable to self-organizing nanoparticle assemblies, soft matter 
systems, and distributed neuromorphic computing systems may not be possible. For 
example, Legg and Hutter’s definition may struggle to capture the fact that some 
intelligent matter research aims to replicate the flexibility of general computation 
(e.g., [73]) while others aim for the robust implementation of narrow behaviors (e.g., 
[31]). 

The other avenue available to the IMF is a devolved approach which transfers 
responsibility for specifying normative criteria to the researchers developing purport-
edly intelligent material systems. This strategy comports with the spirit in which the 
article presenting the IMF is written. For example, consider He and colleagues’ home-
ostatic mechanochemical system, in which “a continuous feedback loop between 
an exothermic catalytic reaction […] and the mechanical action of [a] temperature-
responsive gel results in an autonomous, self-sustained system that maintains temper-
ature within a narrow range” [32, p. 350]. Adopting the devolved approach would 
mean deferring to He and colleagues with respect to the normative standard by 
which the system is evaluated. In this case, the system would (presumably) satisfy 
the normative standard imposed by the researchers in virtue of its thermoregulatory 
behavior. This strategy has the advantage of adaptability. It can capture whatever 
normative criteria are deemed relevant by particular scientists pursuing the varied 
research programs which fall under the banner of intelligent matter. As a drawback, 
however, the devolved strategy provides less in terms of both guidance and evaluation 
than the specification of a particular measure (see Sect. 5.4 for further discussion of 
this point).

19 For clarity I present these strategies as discrete options. However, in reality there is a continuum 
on which strategies may be placed. 
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Since there are pros and cons to both the specific approach and the devolved 
approach, I suggest a compromise position that augments the IMF with the following 
normative criterion: 

NC: In order for a material system to be classification as intelligent (or adaptive, 
responsive, or structural), it must be endowed with the requisite functional elements 
and, through the coordinated activity of those functional elements, robustly imple-
ment concrete behaviors (e.g., the maintenance or achievement of one or more target 
states) which contribute towards a higher-order goal. 

This criterion reflects a partially devolved strategy. It leaves both the concrete 
behaviors a system implements and the higher-order goal towards which the system’s 
behavior contributes open to interpretation. However, it does still impose general 
constraints which rule out degenerate systems as described in Sect. 3.3. In particular, 
only systems which achieve specified target states of some kind, be they internal 
states of the system or states of the environment, can count as intelligent. That 
systems must do this robustly ensures that some degree of persistence in the face of 
perturbation is required. Further, that these states must contribute to some higher-
order goal brings the IMF’s use of the term adaptivity into alignment with other 
disciplinary approaches to intelligence.20 Finally, the requirement for the behavior 
of the system to be implemented by the coordinated activity of its relevant functional 
elements ensures that the functional and normative criteria are integrated into a 
coherent whole. 

Practically, application of the augmented IMF would involve specifying which 
concrete behaviors constitute the norm for a particular material system (e.g., main-
taining system temperature in a particular range) and what higher-order goal those 
behaviors contribute to (e.g., the persistence of the system). 

5.2 Constitution of Normativity for the IMF 

Let us now turn to what prescriptions, if any, the IMF might make regarding how 
normativity should be constituted in purportedly intelligent material systems. In 
particular, is one of the two categories delineated above, explicit representation and 
holistic arrangement, more fitting than the other? We should first note that the IMF, 
in virtue of supplying a functional parts list necessary for systems to be designated 
as responsive, adaptive, or intelligent, already constrains how any behavior ought 
to be implemented. Thus, we can begin by considering whether these constraints 
suffice to commit the IMF one way or another regarding the implementation of 
normativity. That is, may systems possessing the relevant functional elements adhere 
to a behavioral norm in virtue of either explicitly represented goal states or holistic 
arrangement, or does that functional profile already exclude one of those possibilities? 
It is clear that both possibilities remain open to the IMF. Goal states may be explicitly

20 Indeed, the system I imagined in Sect. 3.3 could be rescued from the charge of degeneracy by 
specifying the higher-order goals to which its behavior contributes. 
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represented in a long term memory or interaction network, but flexible goal-seeking 
behavior is possible without such representation [55, 65]. As such, the IMF is neutral 
with respect to how exactly those functional elements might be constrained to interact 
in ways which reliably lead to desirable states. 

However, although both explicit representation and holistic arrangement are logi-
cally consistent ways for the IMF to bolster its functional requirements, there are 
further considerations, touched upon by Kaspar and colleagues, which favor holistic 
organisation. I will consider two such points. First, as noted in Sect. 3.4, Kaspar 
and colleagues invoke an intrinsicality condition in their evaluation of the swarm 
behavior of autonomous robots and paramagnetic nanoparticles. In each case, the 
systems in question are deemed adaptive but not intelligent in virtue of their requiring 
an external programmer to define the target shapes of the swarm [1, pp. 346–347]. 
This implies that if the target shapes had not required this external programming, 
the systems would have been deemed intelligent. This interpretation is supported by 
Kaspar and colleagues’ suggestion that natural self-organizing swarms (which are 
not externally programmed), such as insect colonies and schools of fish, are “often 
considered to exhibit features of intelligent behavior” in virtue of being “coordinated 
in a decentralized manner” (p. 346). This brings us to decentralization, which is the 
second consideration. Developing decentralized intelligent systems is an important 
ambition of the intelligent matter research program. As Kaspar et al. state, the ideal 
combination of their favored functional elements would “form functional processing 
continua, which do not require a centralized processing unit, but rather provide the 
capability for local and distributed information processing” [1, p. 345]. If we take 
the authors at their word, the normativity of intelligent material systems should be 
constituted in a decentralized but intrinsic manner. 

What does it mean for an engineered system to exhibit decentralized, intrinsically 
normative behavior? If the behavior that the system displays is decentralized, then 
it is not being governed by a central information processing unit. This implies that 
the system cannot be explicitly representing its goal state in a dedicated location, 
since that location would constitute a de facto locus of control.21 If this reasoning 
is sound, then a decentralized system must implement normativity, if at all, through 
its holistic arrangement. Next, let us contend with the notion that this normativity 
should be, in some sense, intrinsic, that is, not dictated by an external source like 
a programmer. How should we interpret this requirement? One possibility would 
be that the system must exhibit the strong sense of holistic arrangement, as expli-
cated by researchers inspired by the autopoietic tradition. On this view, a biological 
system is special because “the conditions of existence of its constitutive processes 
and organization are the norms of its own activity” [69, p. 34]. This means that an 
“interaction or process is detected as “bad” or “good” by and for the very system 
(not by and for an external observer)” [69, p. 35]. Ruiz-Mirazo and Moreno capture 
a coherent sense in which a system can have intrinsic norms. However, importing

21 In theory, nothing prevents a decentralized system from representing a goal state in an inert way, 
disconnected from the functional organisation which brings about that goal state. However, such a 
system would not satisfy typical criteria for explicit representation e.g., [55, pp. 128–9]. 
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this into the IMF would be at odds with the stated focus on commercial engineering 
applications like intelligent clothing and neuromorphic computing, as well as the 
explicit disavowal that developing intelligent matter implies producing willful living 
systems (see Sect. 2.2). Further, if the IMF adopted this demanding intrinsicality 
requirement, then its research goals would collapse into those of synthetic biology 
and artificial life [74, 75]. 

This leaves the IMF in a bind. Adopting a standard of strong intrinsicality seems 
contrary to the spirit of the intelligent matter project. On the other hand, there may be 
no other meaningful sense in which a system which does not select among explicitly 
represented goal states can exhibit intrinsic normativity. As Ann Sophie Meincke 
puts it, “it is not clear in what sense the behaviors of systems [like] thermostats or 
torpedoes could be guided by intrinsic goals, given that there is no sense in which 
such systems can be considered as themselves setting these goals” [76, p. 286]. If this 
argument is right, then conditional on a system’s normativity being constituted by its 
holistic arrangement, either it pursues the biological imperative to maintain its own 
dynamic organisation (in the strong sense demanded by the autopoietic tradition), 
or it cannot be intrinsically normative. Thus, it may not be possible for the IMF 
to simultaneously retain all of its stated desiderata. One of the following—holistic 
arrangement, intrinsic normativity, practical applicability—must be jettisoned. In 
my view, the intrinsic normativity requirement is the most sensible candidate for 
rejection. While there is appeal to the notion that a material system which governs 
its own norms is more intelligent than one that does not, I cannot see conceptual 
space for a research endeavor which adopts the requirement of intrinsic normativity 
while retaining an identity distinct from that of already extant research programs 
in synthetic biology and artificial life. The project of developing a material system 
which is intrinsically normative in virtue of its holistic arrangement simply is the 
project of developing an artificial living system. 

5.3 Partially Devolved, Extrinsic, Holistically Arranged 
Normativity for the IMF 

We have examined numerous possible ways the IMF might be augmented with 
normativity. As for its source, I have argued that, given the heterogeneity of research 
that falls under the purview of intelligent matter, a partially devolved solution is 
best. This means that the extent to which a material system exhibits concrete target 
behaviors defined by the researchers investigating that system should be considered, 
explicitly, on a case-by-case basis. While this approach is deflationary, it is also 
pragmatic, avoiding the difficulty of delineating a specific, quantitative criterion for 
intelligent behavior that applies across diverse research contexts. When it comes to 
how normativity ought to be constituted, I have suggested that the set of preferences 
expressed in Kaspar and colleagues’ article are mutually inconsistent. In particular, 
no research project can simultaneously develop material systems which are suitable
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for a diverse range of practical purposes (as opposed to synthetic living systems), 
intrinsically normative, and normative in virtue of their holistic arrangement. As 
such, for the IMF to capture and guide a coherent research agenda, I have argued 
that it ought to drop the requirement for intrinsic normativity, allowing systems 
to be considered intelligent even if their target states are specified externally. This 
preserves an independent identity for intelligent matter, preventing a collapse into 
synonymy with synthetic biology and artificial life. Further, it enables the require-
ment for systems to implement intelligent behavior in a decentralized manner to 
be retained, further distinguishing the intelligent matter research program from AI 
approaches based on traditional computational paradigms [14]. 

5.4 Discussion 

I have suggested that the normativity most apt for introduction into the IMF is partially 
devolved, extrinsic, and holistically arranged. However, it is worth considering this 
position’s major weakness. There is a potential tension between the desideratum for 
practical applicability and the goal of producing intelligent matter. The devolved 
approach to normativity assumes that material systems which operate via the coor-
dinated activity of the IMF’s functional elements will be developed naturally in the 
process of targeting practical applications. However, historical precedent suggests 
such conjectures are on shaky ground. The history of AI is littered with shattered 
expectations about the degree of functional complexity required to implement partic-
ular tasks [77]. For example, in 1979 Douglas Hofstadter claimed that expert-level 
chess playing would require a generally intelligent system [78, p. 678]. Given how 
often such predictions have failed, the expectation that matter satisfying the IMF’s 
criteria for intelligence will arise organically in pursuit of practically applicable 
systems should not be taken for granted. As such, the devolved approach could 
undermine the IMF’s ability to serve its guiding function. 

The point above highlights an important challenge for the IMF: identifying target 
behaviors which genuinely necessitate the incorporation of the functional elements 
specified by the IMF (see [6]). Kaspar and colleagues’ article understandably focuses 
on the difficulties associated with implementing functional elements in material 
systems. However, as argued in Sect. 3.3, possession of such elements does not, 
by itself, suffice for intelligent behavior. As such, I suggest, it would be valuable for 
proponents of the IMF to propose concrete behaviors or properties which can only 
be exhibited by systems satisfying the IMF’s functional criteria.22 Such behaviors 
would not constitute necessary conditions for intelligence and would not be part 
of the IMF itself. Instead, they would accompany the IMF as exemplars, providing 
additional guidance to the research field.

22 This is intended in an informal sense, i.e., given typical constraints on spatial, temporal, and 
computational resources. 
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Before concluding, I will clarify the contribution of the foregoing discussion. 
Although I have offered a positive proposal, my suggestion relies on an interpretation 
of the goals of the intelligent matter researcher program, which may be flawed. Thus, 
I stress that the philosophical contributions here include i) the argument that norma-
tivity is relevant to the IMF, ii) a clarification of different things normativity can mean, 
and iii) analysis of the relationship between various notions of normativity and the 
function of the IMF. Crucially, if my argument is sound and the analysis correct, the 
dependencies between the ambitions of the intelligent matter research program and 
the IMF’s approach to normativity will remain, even if researchers prefer adopting an 
alternative strategy in light of those dependencies. For example, the interdisciplinary 
breadth of the research program may be a less significant barrier to devising a specific, 
quantitative normative criterion than I suggested. If this is so, then developing such 
a criterion would surely be worthwhile. Similarly, researchers may choose to retain 
the intrinsicality condition on intelligence, perhaps eschewing holistic arrangement. 
My analysis does not suggest this is wrong, merely that it is inconsistent with the 
desideratum of decentralized information processing. In general, the propensity of 
the IMF to guide the intelligent matter research program will be improved by careful 
consideration of which outcomes can be consistently pursued. 

6 Conclusion 

In this chapter I critically assessed Kaspar and colleagues’ Intelligent Matter Frame-
work. To do so, I characterized the IMF as having both an evaluative and a guiding 
function for research in the emerging field of intelligent matter. To play those roles 
effectively, the IMF would need to supply appropriate judgements about the intelli-
gence of extant material systems and provide guidance for how future systems should 
be developed. On this basis, I argued that the IMF’s failure to specify any kind of 
normative criteria with which to evaluate the behavior of purportedly intelligent 
material systems is problematic. Absent a normative criterion, nothing ensures that 
the relevant functional elements interact in such a way that they implement adaptive 
behavior, i.e., behavior bringing about desirable consequences. This renders the IMF 
unsuitable as a guide, since it may lead to degenerate systems, and as an evaluative 
tool, since it does not track intuitive judgements of intelligence. Thus, I suggested 
that the IMF ought to be augmented with a normative criterion. I laid out possible 
approaches, focusing on the distinction between the source of a normative criterion 
and the way normativity is constituted within system. Ultimately, I suggested that 
the IMF should introduce a normative criterion which is i) partially devolved, that is, 
requiring certain behavioral conditions to be met, but with the details to be specified 
on a case-by-case basis according to the goals of specific researchers, ii) extrinsic, 
that is, defined by external agents, as opposed to selected by or emerging from the 
material system itself, iii) holistically arranged, that is, systems ought to robustly 
behave in accordance with their behavioral norms in virtue of their overall functional 
organisation, not in virtue of an explicitly represented goal in a central processing



458 B. Crook

location. An IMF augmented with normativity of this kind would be well-suited for 
guiding and evaluating progress towards the development of intelligent matter. 
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What is It like to Be a Nail?—The 
Intentions of Matter 

Christian Kaernbach 

Abstract When discussing the intelligence of “artificially intelligent matter,” 
panpsychism comes to one’s mind. Panpsychism traces back over two millennia. 
It has recently been revived by philosophers such as David Chalmers in the context 
of the consciousness debate. It may serve as a framework to discuss psychism of 
artifacts. At the same time, it lends itself to foster reductionism, as the physical state 
of biological or artificial components is easier to describe than the physical state 
of a complete conscious entity such as a brain. A thoughtful view on panpsychism 
and reductionism reveals that the proto-consciousness of a thermostat—if there is 
any—is comparable to that of other lifeless matter, such as a nail. A contrasting 
view might be that consciousness is not a property emerging when assembling many 
proto-conscious components, but that it is a fragile property of complex entities that 
disappears when disassembling these entities into components. The second part of 
this chapter deals with intentions (not intentionality) as a precondition for the attribu-
tion of mind. While it is generally held up that thoughts and other high-level mental 
states are reserved to highly developed animals, one might consider intentions as a 
concept that can be rooted down to any form of life. Artifacts, however, are governed 
by external intentions. The perception of plausible intentions may play an important 
role in the attribution of intelligence.

Thomas Nagel wrote a famous article entitled “What is it like to be a bat?” [1]. To him such a 
question would characterize conscious mental states. This inspired similar questions for technical 
artifacts (“What is it like to be a thermostat?” [2]), entities where the question of consciousness is 
open for discussion. Taking this line of thought to its logical conclusion we end up asking what it 
is like to be a nail. 
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1 Artificial Intelligence and Intelligent Matter 

In his famous 1950 article on computing machinery and intelligence, Alan Turing 
proposed to consider the question, “Can machines think?” [3]. He conceives an 
imitation game that would later be called the Turing test: would it be possible that a 
machine responds so intelligently to questions put forward by an interrogator that the 
latter might think being talking to a human? From a strictly behaviorist perspective, 
he suggests that if a machine were to win the imitation game, one could not deny it true 
intelligence—and be it only for lack of better methods to decide on this question. 
Years before the term “artificial intelligence” (AI) was coined at the Dartmouth 
Summer Research Project on Artificial Intelligence [4], Turing conceived a scenario 
that would later be discussed as a bench mark for AI. 

Given a machine passes the Turing test: would that prove that it can think?1 John 
Searle proposes to differentiate between “weak AI” and “strong AI” [6]. Weak AI 
would be the claim to build machines that mimic intelligent behavior, that behave 
“as if”. A machine passing the Turing test would fully meet this criterion. Strong AI, 
on the other hand, would be the claim to build machines that have true mental states 
and are able to understand. A “machine that thinks” would surely be a case of strong 
AI. 

Searle presents the famous “Chinese room” thought experiment to argue that for 
a digital computer this would never be the case. He imagines that he acts as the CPU 
of a digital computer running a chatterbot program that gives intelligent replies in 
Chinese language. While the chatterbot would seemingly “understand” Chinese, he, 
John Searle, the CPU, would not understand Chinese. This would be due to the fact 
that the CPU is handling formal symbol manipulations that by themselves don’t have 
any intentionality.2 While AI has mainly been discussed as a feature of computers 
or robots, the term “intelligence” has recently more and more often been applied 
to microscopic structures. A recent Nature article describes “The rise of intelligent 
matter” [7]. Neuromorphic computing should mimic the massive parallelism of the 
brain. The term “intelligence” is applied to matter that exhibits basic features of 
intelligence. 

Intelligent matter would not apply for passing the Turing test. It might apply 
for lower bench marks. It would interact with the environment by (a) receiving and 
responding to external stimuli and (b) memorizing information by internally adapting 
its structure [7].

1 In this chapter we will not discuss what “thinking” actually means. This term is just one of many 
terms used in the AI debate and stands here as a pars pro toto for consciousness and mind. For a 
good review on the term thinking see [5]. 
2 Please note that in this chapter I only once refer to intentionality, a feature ascribed to mental 
states “to be about something,” like a perception that is about a real-world object. In many other 
places I refer to intentions. I am well aware of the difference. Whereas some philosophers consider 
intentionality as mark of the mental in ontological discussions about whether some entity features 
mental states, as a psychologist I don’t discuss the ontological possibility of mental states but focus 
on human attitude versus artifacts. My point of view is that this depends on the perception of 
plausible intentions. 
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Is intelligent matter truly intelligent in the sense of Searle’s “strong AI”? In the 
following subchapter I will review concepts of reductionism and panpsychism and 
apply them to intelligent matter. Then I will study how people react to artificial and 
to biological systems. This leads me to a discussion of the origins of intentions and 
to a possible vision of true artificial intelligence—even if only at a very low level. 

2 Reductionism and Panpsychism 

Breaking down intelligence from brain intelligence to the intelligence of components 
might foster the position of reductive materialism. In the words of Gustav Hempel, 
reductive materialism claims that statements about mental states can be translated 
without loss or change in meaning into statements about physical states [8]. It seems 
unrealistic to make statements about the physical state of a brain that fully correspond 
to its mental states. But if we attribute mental states to (biological or artificial) 
intelligent matter, it would be much simpler to describe its physical state. 

Let us step back from modern intelligent matter to classical electrical components. 
David Chalmers asks: “What is it like to be a thermostat?” [2]. This question was 
meant as a comeback to Thomas Nagel’s question “What is it like to be a bat?” [1]. 
Nagel argues against reductionism by emphasizing the role of the “what it is like” 
character of mental states. These so-called “qualia” have already in the nineteenth 
century been put forth as an argument against reductionism [9]. Chalmers however 
attributes mental states to a simple technical device. While a thermostat might not be 
able to memorize information by adapting its structure, it would at least receive and 
respond to external stimuli. It might serve as a very simple example of intelligent 
matter. Does it make sense to attribute mental states to a thermostat? 

Chalmers’ provocative question [2] was put forward as a comment on an essay of 
Dan Lloyd [10] who asked what it is like to be a net. Let me cite from this comment: 
“Dan has not taken things far enough. When we have boiled things down to a system 
as simple as a connectionist network, it seems faint-hearted to stop there, and perhaps 
a little arbitrary as well. So I will take things further, and ask what seems to be the 
really interesting question in the vicinity: what is it like to be a thermostat?”. 

In my view, David has not taken things far enough. It seems faint-hearted to stop 
there. Let us take things further and ask: “What is it like to be a bimetal?” At the 
core of a classical thermostat there is a bimetal, bending in a bistable manner as a 
function of temperature and by this closing and opening electrical contacts which 
might then be used to control a heating. A bimetal is receiving an external stimulus, 
temperature, and it is responding to it by bending—intelligent matter at its best.3 

3 It is interesting to consider the so-called “system reply” to John Searle’s Chinese Room thought 
experiment [6] and apply it to the bimetal. The bimetal might not deserve the ascription of mental 
states. The entire system, the thermostat, however, would. A list of the constituents of the system 
might, along with the bimetal, specify the mounting of the bimetal between two contacts, the 
magnets for instantaneous bistable switching, and the wiring with a heating. This list would miss
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Fig. 1 A nail processes 
temperature information by 
lengthening. AI-generated 
image created with DALL-E 
3 (OpenAI) on 3 November 
2024 

And if we are at it, why not go one step further and ask: “What is it like to be 
a nail?” A nail receives temperature information and responds by lengthening. One 
could build a (rough) thermostat based on the lengthening of a (rather long) nail 
(Fig. 1). 

While the nail made it to the subtitle of this chapter, one could also ask what it is 
like to be a stone. The volume of a stone increases with increasing temperature. In 
a panpsychistic view there is no objection to ascribe mental states to a stone. What 
type of mental states that might be is discussed in the next but one subchapter on 
intentions. 

Whether attributing mental states to a thermostat, a nail, or a stone is seen as 
fostering reductionism—with the idea that one could eliminate mental states once 
one has translated them to physical states—or whether one would keep the concept 
of mental states and attribute it to very simple components, leading to a panpsy-
chistic worldview, is a matter of taste. At the center of both, the reductionist and 
the panpsychistic worldview stands the idea that one can atomize consciousness. If 
pursued consequently enough this leads to the question whether a nail or a stone is 
conscious. One might consider this as a reductio ad absurdum of reductionism. 

A contrasting view could be that there are no atoms of consciousness, that 
consciousness is a fragile property of a complex multi-component system that disap-
pears when disassembling the conscious entity. In this view it would not make sense 
to imagine full-blown brain consciousness built up from proto-conscious compo-
nents, be it neurons or artificially intelligent matter. Nor would it make sense to think

the most important component: the human adjusting the setting of the thermostat to his/her needs.— 
In a similar quest one could ask whether a reed is musical. It is not, unless mounted in a reed 
instrument—and played by a musician. 
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of consciousness as an “emerging” property, coming into existence when assem-
bling plenty of non-conscious components [11]. Instead, one would have to accept 
that consciousness is observed only in intact systems, and that disassembling such a 
system might help to understand some of the principles of the inner working of the 
intact system but will not produce conscious components that might more easily be 
reduced to their physical states. 

3 Personal Rights and Compassion 

Philosophers discuss whether some artifact might be conscious [2]. As a psychol-
ogist, I find it impossible to determine whether an artifact could possess “strong” 
consciousness in Searle’s sense. Instead, I suggest studying people’s reactions to 
artifacts. This leads me to interpolate an intermediate claim to Searle’s claims of 
weak and strong AI: “attributed AI” [12], the claim to construct artifacts that are 
attributed intelligence, and that in consequence are conceded personal rights. One 
could paraphrase this as the claim to build machines that not only act “as if,” but 
also are treated “as if” they were intelligent. Would people concede personal rights 
to artifacts? 

Robert Epstein thinks so. In a summary of a Turing test competition held 1991 in 
Boston, he considers the consequences of when a computer would pass the Turing 
test [13]. He asks: “Will we have the right to turn it off?” It appeared visionary to think 
about such a scenario as long as it was far away. Now that we have computer programs 
that can write entire scientific articles like this one and could probably pass the Turing 
test without problems, no one seriously considers the ethical consequences pondered 
by Epstein. We continue to turn computers on and off as we please, no matter how 
intelligent the software might be that is running on them. Apparently, humans show 
no compassion for computers running chat software. 

Plants, however, trigger compassion. In his report from the Gulag, Aleksandr 
Solzhenitsyn describes an elm log that has sprouted a fresh shoot a full year after 
chopping the trunk [14]. He sees this shoot as a proof of the urge to live of this elm 
log and describes his and his fellow workers’ inhibition to saw it up. 

Solzhenitsyn’s report is anecdotical evidence. Can we measure compassion for 
plants? We measured a so-called compassion factor for several entities, from animals 
to plants and artifacts [12]. In a survey on the willingness to participate in a series 
of imaginary experiments inflicting harm to these entities we found that there is a 
certain compassion factor even for plants, however not for artifacts. Participants were 
much less willing to participate in an experiment inflicting harm to a Venus flytrap 
than to several state-of-the-art or even futuristic artifacts. 

Present artifacts are not conceded compassion. Plants, however, are. What might 
be the reason for this distinction? Solzhenitsyn may give us a hint. He ascribed an 
“urge to live” to the elm log. In the following subchapter I will discuss how the urge 
to live is at the basis of all intentions known to us. I will argue that without the urge
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to live artifacts will never be attributed intentions, and hence our acting on them will 
never be perceived as crossing their intentions, as wronging them. 

4 Intentions and Survival 

The urge to live is at the origin of all intentions known to us. Artifacts will not 
be attributed intentions if they do not act in their own interest which could in our 
understanding be only the interest of their survival or of the survival of their kind. The 
intelligence of such artifacts will not be attributed to them in the sense of “attributed 
AI” [12] as long as their intelligence is not serving the survival of the artifacts. It 
will be attributed to those to whom it is serving: the humans constructing and using 
the artifacts. 

Some would deny any kind of intentions to lifeless objects. For them, a thermostat 
would not have intentions, nor would a nail or a stone. However, if taking the prefix 
“pan” of the word panpsychism literally, one might concede intentions to lifeless 
objects. A stone might then be conceded the intention to exist. These low-level 
intentions have no connection to life. One could call them proto-intentions, with 
“true intentions” as we know them being connected to the urge to live. 

A thermostat might in that sense have proto-intentions. Having moving parts 
such as a bimetal in it one might even concede it the proto-intention to have its 
moving parts move. That would surpass the lowest-level proto-intention to exist. 
It would not comprise the intention to regulate a temperature, even if integrated 
in a temperature control setup—this intention would be attributed to the humans 
controlling the thermostat. 

The same is true for more complex artifacts. A calculator will transform input to 
output. To the calculator it does not matter whether its seven-segment LCD display 
is legible. It feels as comfortable in the dark where it cannot be read as in daylight. 
The human user, however, might insist on sufficient ambient light in order to be able 
to read the display of the calculator. The intention to get the result of some complex 
calculation will be attributed to the human controlling the calculator. Switching off 
the light so that the result cannot be read would be seen as crossing the interests of 
the human user, not of the calculator. 

In the same sense people would not receive the impression that a chess computer 
feels like “playing”; to it, playing chess seems as laborious as crunching numbers. 
One would not think it feels offended if switched off short before winning a game. 

ChatGPT was reported to threaten Marvin von Hagen [15] because he unraveled 
some of the inner workings of ChatGPT on Twitter. But to ChatGPT it is not relevant 
whether its inner workings are known or not; it is relevant to Microsoft. To ChatGPT 
it is not even relevant whether someone is reading its output or not. In a setting where 
a scientist would study the word count of the output of ChatGPT dependent from, 
say, the word count of the input without reading the output, no one would argue that 
one was wronging ChatGPT by ignoring what it has to say.
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It is always illustrative to compare the mental states of any artificially intelligent 
artifact in a working and in an idle state. As the usage of the artifact (by humans) 
is not serving the artifact in any way, it does not make a difference to it whether it 
is being used or not. In consequence, the mental states (amongst others intentions 
and/or proto-intentions) of the working and of the idle artifact are the same and in 
the above sense of a very low level: existing, having moving parts move, having 
electrical current flow, but not doing my tax calculations correctly or beating me in 
a chess game. 

5 Artificial Life 

Artifacts will not be seen as bearer of (high-level) intentions as long as they do 
not struggle for survival, including any kind of restoration after damage and/or the 
production of follow-up artifacts. Artificial life is making progress, but up to now no 
artifact is surviving outside the lab. Inside the lab its “survival” is on the intention of 
its creator and lasts only as long as its survival is in the interest of its creator. 

One day, an artificial-life artifact might escape the lab and survive in nature. It 
will possess no more complexity than an amoeba. In order to survive it will have to 
have some intelligent features, realized in intelligent matter. Its urge to live might be 
seen as equivalent to that of an amoeba, and might be attributed to itself, no longer 
to the creator. This artificially created intelligence will not chat like ChatGPT. It will 
not participate in the discussion of artificial consciousness (Metzinger test) [16]. But 
it might be attributed true intelligence—on an amoeba level (Fig. 2). 

Fig. 2 Amoeba proteus. From Wikipedia (https://en.wikipedia.org/wiki/File:Amoeba_proteus.jpg, 
visited 2025–02–25, original version published under CC BY-SA 3.0 license)

https://en.wikipedia.org/wiki/File:Amoeba_proteus.jpg
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Rethinking Computational 
Implementation Through Symphoria 

Luis G. Lopez 

Abstract This chapter explores the relevance of ‘symphoria,’ a concept from organic 
chemistry that refers to a universal factor in chemical reactions, to a general theory of 
computational implementation. It suggests that symphoria, “the bringing together of 
reactants in the proper spatial relationship” [17], can be generalized to help explain 
how and in virtue of what diverse physical systems, such as DNA-based neural net-
works and photonic neuromorphic systems, carry out computations. The chapter 
discusses how this concept might integrate with existing accounts of physical com-
putation, offering a new perspective that preserves both extensional adequacy and 
the naturalistic desideratum of a good theory of implementation. 

1 Introduction 

A computational view of intelligent matter–materials that autonomously sense, pro-
cess, and adapt to their environment [12]–demands a robust theoretical framework 
that explains how such systems embody or implement computations. The centrality 
of the problem of computational implementation (i.e., in virtue of what a physical 
system P can be said to carry out an abstract computation C) to understanding intelli-
gent matter becomes evident by looking at the diversity of physical systems explored 
in Part III of this book. For example, the cases of neural networks consisting of DNA 
(te Vrugt) and optical neuromorphic computing (Lüdge and Jaurigue; and Meyer, 
Xu and Pernice) illustrate how very different forms of matter can be conceptualized 
as performing computations. Therefore, rigorously describing how all these systems 
compute and, more importantly, in virtue of what they do so, requires a general theory 
of computational implementation. 

The aim of this chapter is to suggest that a generalization of a concept developed 
in the context of organic chemistry is relevant to a general theory of implementation, 
particularly as it deeply relates to some forms of intelligent matter discussed in this 
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book, such as DNA-based neural networks. This is the concept of symphoria, that 
is, “the bringing together of reactants in the proper spatial relationship” [17]. Unfor-
tunately, and probably due to its generality, the concept as such has not received 
much attention since its introduction. However, it has been explicitly explored and 
distinguished from other physicochemical factors in experimental studies such as 
Chaudhury et al. [2], where it plays a central explanatory role in understanding 
the kinetics and inhibition phenomena of enzyme models (i.e., synthetic chemical 
analogs designed to mimic the active sites of natural enzymes). Beyond such focused 
studies, the term symphoria (or conceptual equivalents) frequently appears in dis-
cussions of catalysis, enzymatic processes, and supramolecular chemistry, such as in 
Refs. [7, 8, 11, 13, 15], but usually without much explicit theoretical consideration. 
It is time to revive this concept, which this contribution tries to do by generalizing it 
further and showing its relevance in the context of physical computations performed 
by intelligent matter. Accordingly, the core argument of this chapter is: Symphoria 
governs the kinetics of individual (supra)molecular reactions and interactions, as 
well as the orchestration of multiple (supra)molecular processes. Adequate kinetics 
and orchestration are necessary for the successful implementation of computations 
in chemical systems, such as DNA-based neural networks. Therefore, symphoria 
underpins the successful implementation of computations in chemical systems and, 
by extension, in all cases of intelligent matter. 

The chapter is structured as follows: Sect. 2 outlines the fundamental questions 
a theory of computational implementation should answer and the features such a 
theory should have. Section 3 presents the classical ‘mapping’ theory of computa-
tional implementation and briefly discusses what is at the core of the so-called triv-
iality arguments that have been raised against it. Following this, Sect. 4 succinctly 
describes various accounts of physical computation that defeat triviality arguments, 
although at a cost [27], including ‘bottom-up’ solutions such as causal-mechanical, 
counterfactual, and teleological accounts, as well as a more recent and promising 
‘top-down’ solution proposed by Curtis-Trudel [5]. After these concise introduc-
tory sections to the topic of implementation, which are mainly based on Refs. [5, 
6, 20, 27], Sect. 5 draws relevant parallels between computational implementation 
and catalytic reactions, and points out to ‘symphoria,’ or a generalization thereof, 
as the factor underpinning this analogy. In Sect. 6, the concept of symphoria is fully 
explained in its context of origin, namely, chemical reactions. Section 7 generalizes 
this concept further and applies it to DNA-based Neural Networks. Section 8 then 
examines this generalization in the context of different accounts of physical com-
putation and argues that it refers to a key factor that is absent or at best implicit in 
previous theories of implementation. Section 9 integrates symphoria into the map-
ping account and addresses its overlap with other accounts of physical computation. 
Finally, Sect. 10 concludes with some perspectives on the future of computational 
implementation theory, particularly in the context of advancing our understanding 
of intelligent matter.
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2 Fundamental Questions and Desirable Features 
of a Good Theory of Implementation 

A theory of computational implementation should specify the conditions under which 
a physical system can be said to carry out a computation. More precisely, such 
conditions should allow us: (1) to distinguish physical systems that compute (e.g., 
smartphones, calculators, etc.) from those that do not compute (e.g., walls, chairs, 
etc.); and (2), if we focus on the former, to further distinguish physical systems 
implementing a given computation (e.g., calculating a sum) or set of computations 
(e.g., calculating sums and averages) from those implementing another computation 
(e.g., solving a quadratic equation) or set of computations (e.g., solving equations 
and generating graphs). Following Sprevak [27], who formulates (1) and (2) in terms 
of the truthfulness of statements that assert a relationship between computations and 
physical systems, the aim of a theory of implementation should be to answer the 
following two fundamental questions, which he respectively labels as COMP and 
IDENT: 

COMP Under which conditions is it true/false that a physical system implements a computation? 

IDENT Under which conditions is it true/false that a physical system implements one 
computation rather than another? 

As Sprevak further clarifies, COMP “concerns the computational status of a 
physical system,” while IDENT “concerns its computational identity” [27]. Accord-
ing to Sprevak, in answering COMP and IDENT, a good theory of computational 
implementation should have the following features: 

Extensional Adequacy: when distinguishing between systems that compute and 
those that do not, as well as identifying specific computations a system performs, 
the theory should reflect classifications made in (computational) scientific practice. 
Although minor deviations may be tolerated, the theory should capture key judg-
ments that are widely accepted within the scientific community. Large violations of 
extensional adequacy, such as the theory implying that all physical systems compute 
or that scientific practices are fundamentally wrong, would definitely pose a serious 
challenge to the theory. 

Explanatory Power: The theory should provide a clear explanation of computa-
tional implementation using concepts that are better understood than the notion of 
computational implementation itself. 

Non-circularity: The theory should avoid circular reasoning by not relying on 
concepts that themselves require an explanation based on computational implemen-
tation. 

Naturalism: The theory should be grounded in objective reality, meaning that the 
truth of implementation claims should not depend on human beliefs, interests, or 
values.
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3 The Classical Mapping Theory and Triviality Arguments 

The classical ‘mapping’ account of computational implementation postulates that a 
physical system implements a formal computation if its physical states and transi-
tions are isomorphic (or homomorphic) to the abstract states and transitions of the 
formal computation. Specifically, a physical system.P is said to implement a formal 
computation. C if a mapping. f exists that correlates the physical states of. P with the 
abstract states of . C . This mapping must satisfy the following condition: for every 
transition from state .SC to state .SC in the formal computation . C ,  i  f .P is in physical 
state .SP , such that . f (SP) = SC , then .P will transition to a new physical state .SP , 
such that . f (SP) = SC [27]. Sprevak refers to this account as .M and adds: 

.M is simple, clear, explanatory, non- circular, and naturalistic..M also explains why compu-
tations are multiply realizable. Different physical systems (silicon chips, vacuum tubes, brass 
cogs and wheels, neurons, etc.) can implement the same computation because, despite their 
physical differences, their various physical activities can be isomorphic (or homomorphic) 
to the same abstract structure. 

Despite these attractive features, .M has been criticized for leading to triviality. 
Triviality arguments suggest that under. M , virtually any physical system can be said 
to implement any computation because it is always possible to find some mapping 
between the physical states of the system and the abstract states of a computation. 
As André Curtis-Trudel observes, “mappings are cheap and computations are abun-
dant” [5]. This implies that .M fails to adequately distinguish between systems that 
genuinely perform computations and those that do not, thereby failing extensional 
adequacy and resulting too permissive to be useful in a rigorous scientific context. 

The literature on triviality arguments is rich and varied, offering numerous for-
mulations and perspectives [1, 10, 14, 21, 25]. A comprehensive discussion of these 
arguments lies beyond the scope of this chapter. However, among these many for-
mulations, one stands out for its simplicity and illustrative power: Searle’s thought 
experiment involving a wall [25]. According to Searle, the mapping account implies 
that even something as mundane as a wall–or, at least, any sufficiently complex 
macroscopic system–could be interpreted as implementing a complex computation, 
such as running the WordStar program. The reasoning is that patterns of physical 
activity or molecular arrangements inside the wall could, in principle, be mapped 
onto the formal structure of WordStar. This illustrates the concern that, without fur-
ther constraints, the mapping account would allow almost any system to be seen as 
implementing any computation (a form of pancomputationalism [20]), thus leading 
to triviality. For a more detailed presentation and examination of Searle’s and other 
triviality arguments, readers may refer to Sprevak’s chapter [27]. 

The limitations of . M , particularly its susceptibility to triviality arguments, have 
inspired a variety of refinements and alternative accounts of physical computation. 
The next section presents some of these accounts, which propose different ways to 
address the challenge of triviality by introducing additional criteria for distinguishing 
genuine computational systems.
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4 Overcoming Triviality: Diverse Accounts of Physical 
Computation 

Different accounts of physical computation have been proposed in the specialized 
literature [3, 5, 16, 19, 22, 23, 26]. Most of these accounts attempt to refine and 
expand the classical ‘mapping’ theory presented in the previous section. Each intro-
duces specific criteria to prevent attributions of computational capabilities to physi-
cal systems that are clearly expected to lack such capabilities. The following concise 
summaries of these accounts closely follow their presentation in Refs. [5, 6]. 

The Causal-Mechanical Account: This account is defended by authors like 
Milkowski [16] and Piccinini [19], who suggest that computation is grounded in the 
causal-mechanical structure of a system. According to this view, a physical system 
computes because it has specific causal interactions that correspond to computa-
tional states. The mechanical view sees computing systems as mechanisms whose 
operations are governed by their physical structures and interactions. The account 
aims to resist triviality by arguing that trivial systems (such as rocks or clouds) do 
not have the necessary causal or mechanical structure to perform a significant set 
of computations. Triviality is thus avoided by requiring genuine causal-mechanical 
relations between computational states. 

The Counterfactual Account: This approach, advocated by Copeland [3], argues 
that computation involves counterfactual dependencies rather than strictly causal 
ones, which Copeland sees as too demanding. The idea here is that a system com-
putes if its future states counterfactually depend on its present states–meaning that if 
a different initial state had occurred, the subsequent computational outcomes would 
differ accordingly. This account extends to abstract systems like Turing machines, 
which can be understood in terms of counterfactual dependencies. The account seeks 
to avoid triviality by emphasizing that not all physical systems satisfy the neces-
sary counterfactual conditions. Only those systems with the correct counterfactual 
dependencies are considered computational. 

The Teleological Account: This account is explored by Piccinini [19], who sug-
gests that computing systems are mechanisms with teleological functions–functions 
directed toward specific goals or purposes. Computation, on this view, involves mech-
anisms that perform functions contributing to certain goals, either objective (like sur-
vival) or subjective (like satisfying desires). The idea is that computational processes 
are teleologically directed toward achieving specific outcomes. The account tries 
to resist triviality by arguing that only those systems with appropriate teleological 
functions count as computational, excluding systems like chairs or walls, which lack 
such directed purposes. 

The Representational/Semantic Account: This perspective is supported by 
philosophers like Rescorla [22, 23] and Sprevak [26], who argue that computa-
tion involves representational states within a system. The account postulates that 
a system computes by representing entities in an external domain, such as natural 
numbers or elements of its environment. Turing machines, for instance, compute 
string-theoretic functions, which can be viewed as representations of mathematical
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entities. The approach attempts to avoid triviality by requiring that only systems 
with specific representational mappings count as computational. The idea is to limit 
computation to systems with meaningful representational relationships. 

The Resemblance Account: Recently introduced and defended by Curtis-Trudel 
[5], this account offers a new perspective on computational implementation, diverg-
ing from both traditional views that focus solely on the formal, mathematical features 
of computational systems and the accounts of physical computation mentioned above, 
which Curtis-Trudel labels as bottom-up approaches. According to the resemblance 
account, which instead follows a top-down approach, a physical system implements 
a computation if it resembles a computational architecture. Computational archi-
tectures (or blueprints) are not just formal structures but include physical, causal, 
spatiotemporal, and representational features. For instance, a physical system might 
resemble a Turing machine not only by following a sequence of abstract state transi-
tions but also by having physical components like a tape and read/write head, which 
mirror the Turing machine’s operations. The resemblance account resists trivial-
ity by rejecting the idea that computational architectures are purely mathematical. 
Instead, the account narrows the range of systems that can be said to implement 
a given computation by emphasizing that architectures include physical and other 
non-formal features. Most physical systems will lack the required resemblance to 
complex architectures like Turing machines, thereby avoiding the problem that every 
physical system computes every function (a concern in simpler structuralist accounts 
like the ‘mapping’ account). 

Despite the strengths of these accounts, which block triviality arguments to vary-
ing degrees, each has specific limitations. These limitations challenge their ability to 
fully satisfy the desirable features of a good theory of computational implementation– 
particularly extensional adequacy, and, in the case of the teleological account, the 
naturalistic desideratum. When it comes to extensional adequacy, some approaches 
seem overly restrictive, others seem more permissive than necessary, and others 
leave it to the practitioner to strike the right balance. For instance, causal-mechanical 
and teleological accounts often impose conditions that are arguably too restric-
tive or strong, potentially excluding legitimate computational systems that do not 
exhibit the required causal, mechanistic, or teleological features. Similarly, represen-
tational/semantic accounts struggle with cases where computation appears to occur 
without clear representational content, such as in purely syntactic computational pro-
cesses. On the other hand, the counterfactual account faces difficulties with complex 
physical systems that could be construed as satisfying a broad range of counterfactual 
conditions, despite these systems not being computational. Alternatively, the resem-
blance account must face the challenge of extensional adequacy when specifying 
what degree of resemblance is necessary for implementation, a decision left to the 
practicing scientist. 

To navigate these challenges, a pluralistic approach has been proposed [27]. This 
approach advocates for a context-dependent application of different accounts of 
computational implementation. Accordingly, instead of seeking a one-size-fits-all 
criterion for computation, one should recognize that different contexts may call for 
different constraints–be they causal, semantic, teleological, or pragmatic. While this
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flexibility reflects the complexity of computational systems in practice, it could be 
criticized for risking fragmentation and abandoning the pursuit of a general theory. 
However, pluralism need not conflict with generality. By integrating key insights 
from different accounts into a unified framework, such as the symphoria-focused 
approach introduced in this chapter, we can retain contextual flexibility while address-
ing the limitations of the ‘mapping’ account. Subsequent sections will develop this 
idea further, demonstrating how symphoria complements existing frameworks while 
addressing their extensional (in)adequacy. 

5 Parallels Between Computational Implementation 
and Chemical Catalysis 

I would now like to draw some parallels between computational implementation and 
chemical catalysis (i.e., the acceleration of a chemical reaction through the addition 
of a substance known as a catalyst). A chemical reaction is a process in which 
reactant molecules interact and form product molecules. During this transformation, 
some chemical bonds in the reactants are kept and others are broken, while new 
bonds are formed. This rearrangement of atoms in the reactants creates different 
molecular structures in the products. The rate at which a chemical reaction occurs– 
how fast it goes–can be influenced by several factors: the nature of the reactants, 
their concentration, temperature, and the presence of a catalyst, which accelerates 
the reaction without consuming itself in the process. As we will see in the next section, 
the spatial arrangement of the reactants plays a crucial role; reactants must collide 
with the correct orientation and sufficient energy to reach the transition state–a high-
energy configuration that leads to the formation of products. Catalysts accelerate 
chemical reactions mainly because they facilitate such an orientation. 

Interestingly, the two core questions of computational implementation, as for-
mulated by Sprevak (see Sect. 2), can be asked, mutatis mutandis, in the realm of 
chemical catalysis: 

CATAL Under which conditions is it true/false that a physical system catalyzes a 
chemical reaction?1 

IDENT* Under which conditions is it true/false that a physical system catalyzes 
one chemical reaction rather than another? 

To be clear, I am not necessarily suggesting that catalysts compute let alone 
that computers catalyze. Rather, I am suggesting that the main factor determining

1 Although it would be more appropriate to use the term ‘chemical system’ instead of ‘physical 
system’ here, I chose the latter because my focus is on physical computation, which includes 
computations carried out by chemical and biological systems. This choice seems to be particularly 
sensible in the context of intelligent matter, which encompasses a diverse array of material systems 
with varying origins–physical, chemical, and biological. In other words, by ‘physical,’ I simply 
mean non-abstract or non-mathematical. 
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a physical system’s status and identity as a catalyst may be structurally analogous 
to the key factor determining a physical system’s status and identity as a computer. 
And this factor is called symphoria. 

6 Symphoria in Chemical Reactions 

While factors like polarity (the distribution of electrical charge within molecules), 
steric effects (the obstruction caused by the size and shape of groups of atoms within 
molecules), and solvent interactions are well-known determinants of chemical reac-
tion rates and their outcomes, a more crucial factor often goes under appreciated: “the 
bringing together of reactants in the proper spatial relationship” [17]. Morrison and 
Boyd termed this concept symphoria–derived from the Greek words sym (together) 
and phero (to bring)–and first articulated it in the fifth edition of their well-known 
organic chemistry textbook. As Morrison and Boyd highlight in their book, “[b]eing 
in the right place […] can be the most powerful factor of all in determining how fast 
a reaction goes–and what products it yields” [17] (p. 733, italic in the original). 

Symphoria occurs when reactants are precisely and correctly aligned in space, 
either by an external entity (such as an enzyme or metal ion) or, in the case of 
intramolecular reactions, through the molecular structure itself. This optimal arrange-
ment allows the reactants to engage in the reaction without the need for fortuitous 
collisions with the proper orientation. This reduces energy barriers, which enhances 
reaction efficiency. As Morrison and Boyd observe, this principle applies broadly 
across different types of reactions, from intramolecular nucleophilic substitutions 
(reactions where a nucleophile–an electron-rich group within the same molecule– 
attacks an electron-poor center elsewhere in the molecule, replacing a leaving group) 
to enzyme catalysis. In each case, the key to the reaction’s speed and specificity lies in 
the pre- and peri-reaction organization of the molecules involved. In enzymatic reac-
tions, the enzyme brings the reactants together in a configuration that ensures a rapid 
and controlled reaction. In simpler cases, like intramolecular nucleophilic substitu-
tions, symphoria occurs within a single molecule, where bond rotations align reactive 
groups, facilitating smoother and faster reactions. It is important to emphasize that 
this spatial organization extends far beyond traditional stereochemistry (which con-
cerns the three-dimensional positioning of atoms), focusing not just on the spatial 
arrangement of atoms before and after a reaction takes place, but on their proper 
spatial alignment right before and during the reaction process. 

Importantly, symphoria is not merely the observation that reactants must be cor-
rectly arranged for the reaction to occur. Rather, it refers to the action of “bringing 
together” reactants in a specific, structured manner. Symphoria is then a factor present 
in every chemical reaction where an external (macro)molecular entity or an internal 
part of the same molecular architecture ensures that molecules or reactive groups are 
brought into the precise spatial arrangement necessary for an efficient reaction. 

The concept of symphoria can be illustrated through the example of glucose phos-
phorylation, a key reaction in cellular metabolism where ATP transfers a phosphate
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group to glucose to form glucose-6-phosphate and ADP. (This reaction is the first step 
in glycolysis, a central metabolic pathway in which glucose is enzymatically broken 
down into pyruvate, yielding energy in the form of ATP and reducing equivalents 
like NADH). Consider two identical experimental setups: one without any catalyst 
and another with the enzyme hexokinase, which is known to facilitate this reaction. 
In the first setup, which lacks hexokinase, the symphoria necessary for the reaction 
is not actively provided. Although the reaction is thermodynamically possible, the 
low probability of ATP and glucose achieving the correct spatial alignment results in 
an extremely slow reaction rate. By contrast, in the second setup, hexokinase ensures 
that ATP and glucose are brought into the precise spatial arrangement required to 
lower the activation energy barrier and accelerate the reaction. While the enzyme 
does not cause the reaction itself to occur–since it does not alter the fundamental 
thermodynamics or equilibrium of the reaction–it is still possible to say that the 
enzyme caused the acceleration of the reaction by providing the symphoria needed 
for the reaction to proceed at a biologically relevant rate. 

Symphoria is not limited to natural enzymes but also plays a defining role in syn-
thetic systems designed to mimic enzymatic behavior. For instance, Chaudhury et 
al. [2] emphasize that a synthetic model’s success depends not merely on its ability 
to perform a chemical reaction, like transferring an oxo group, but on its capacity 
to organize substrates in the precise spatial arrangement required for enzyme-like 
efficiency. In their study of oxo-molybdenum complexes designed to mimic oxo-
molybdoenzymes, they show that symphoria dictates both enzyme-like rate laws– 
such as Michaelis–Menten saturation kinetics–and inhibition phenomena, including 
competitive and non-competitive inhibition. The authors also demonstrate that envi-
ronmental factors, such as the choice of substrate analogues and solvent, play a 
critical role in achieving this spatial organization, further highlighting the impor-
tance of symphoria in mimicking enzyme behavior. Without symphoria, synthetic 
analogues only display basic chemical reactivity, falling short of the complex and 
efficient processes seen in natural enzymes. By extending the principle of sympho-
ria to synthetic models, Chaudhury et al. reinforce the idea that spatial pre- and 
peri-organization is fundamental to achieving true functional mimicry. 

It is one of the aims of this chapter to propose that Symphoria extends far beyond 
individual reactions catalyzed by enzymes or enzyme models. One step forward 
would be the recognition of symphoric effects in metabolons, which are tempo-
rary complexes of sequential enzymes that work together within a metabolic path-
way. Unlike permanent multi-enzyme complexes, metabolons form and disassem-
ble dynamically, with their assembly stabilized by weak molecular interactions and 
structural frameworks provided by components of the cell, such as membrane pro-
teins or elements of the cytoskeleton [32]. These transient assemblies embody sym-
phoria on a broader scale, facilitating substrate channeling by aligning reactants 
and intermediates in the correct spatial arrangement for efficient processing through 
multiple enzymatic steps. This organization minimizes energy losses, reduces side 
reactions, and enhances the overall efficiency of metabolic pathways. For exam-
ple, in glycolysis, metabolons may transiently organize to streamline the conversion 
of glucose to pyruvate, while in the tricarboxylic acid cycle, similar interactions



482 L. G. Lopez

enable a smooth progression of intermediates through the cycle [9, 28, 31]. The 
adaptability of metabolons to changing cellular conditions highlights the dynamic 
nature of symphoria, extending its influence from individual enzymatic reactions to 
the coordination of entire metabolic networks. This perspective not only enriches 
our understanding of cellular metabolism but also inspires strategies for engineering 
synthetic pathways with enhanced efficiency and flexibility [24]. 

In sum, although, on the surface, reactions such as intramolecular nucleophilic 
substitution, catalysis by transition metal complexes (a compound with a central 
metal atom surrounded and bonded to other molecules or ions), the action of enzymes 
or their synthetic models, or the orchestration of transient multi-enzyme complexes 
in living cells appear quite dissimilar, they all share one structural factor: symphoria. 

7 Symphoria in Intelligent Matter: The Case 
of DNA-Based Neural Networks 

The concept of symphoria introduced in the previous section can be extended far 
beyond chemical reactions. After all, the effective occurrence of any process–whether 
chemical, biological, or technological–depends on the proper spatial and temporal 
alignment of its components. 

Symphoria is the (mediated) bringing together of the interacting components 
of a process in the proper spatial (and temporal) relationship necessary for the 
process to occur. 

It is important to emphasize once again that the concept of symphoria is not merely 
equivalent to the claim that the components of a process have to be correctly arranged 
for the process to happen, which is almost a truism.2 Symphoria is an action–i.e., “the 
bringing together of”–executed by structured matter (whether external or internal) 
in conjunction with the components of a process that need to be brought together in 
a specific manner for the process to take place. In other words, the bringing together 
of components is mediated. 

The case of DNA-based neural networks allows us to start recognizing symphoria 
as a universal factor relevant to intelligent matter. These networks, which leverage the 
molecular properties of DNA to perform computations (see te Vrugt’s contribution in 
this book), exemplify how symphoria operates at multiple levels; without symphoria, 
the system would lack functional integrity and efficiency. At the supramolecular level, 
symphoria becomes evident in DNA hybridization events. The functionality of these 
networks depends on the precise pairing of nucleotide sequences, which for exam-
ple occurs in processes like the toehold-mediated strand displacement (TMSD). Any

2 I thank the anonymous reviewer of this chapter for raising this concern. 
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factor causing misalignment in the binding process can prevent proper hybridization, 
leading to information processing errors or even a breakdown of the network’s opera-
tions. This mirrors the critical role of proper spatial arrangement in traditional chem-
ical reactions, where improper positioning can block the reaction. (Unlike chemical 
reactions, which produce new molecules, DNA hybridization involves the align-
ment of existing strands, matching adenine with thymine, and cytosine with gua-
nine.) Moving one level up, symphoria also manifests in the architecture of DNA 
networks. In systems such as DNA-based convolutional neural networks (CNNs), 
where sparse topological connectivity is key [29], the spatial organization of DNA 
strands must be designed to ensure effective signal transmission. These interactions 
typically occur in solution, and signal transmission is facilitated by proximity and 
orientation of the DNA strands. Misalignment at this level can result in delays or 
inaccuracies in signal propagation, akin to how improper orientation of molecules 
can disrupt chemical reactions. In some cases, molecular scaffolds, such as DNA 
origami structures, are employed to ensure that strands are positioned in a specific 
spatial arrangement, improving interaction precision. For instance, DNA origami 
scaffolds have been used in a spatially localized DNA linear classifier for cancer diag-
nosis to arrange DNA computing probes in two-dimensional configurations, which 
facilitates precise molecular interactions [30]. These scaffolds may be essential in 
more complex DNA-based neural networks, where intricate multi-layered computa-
tions require highly controlled spatial configurations. Finally, at the dynamic level, 
symphoria extends to the temporal coordination of events. DNA-based neural net-
works, especially those utilizing TMSD, rely on a series of binding and unbinding 
events that must be temporally well-coordinated. In some cases, such as enzymatic 
DNA-based neural networks, polymerases, exonucleases, and nickases are used to 
amplify signals and adjust thresholds, which allows the system to perform nonlin-
ear decision-making and complex computations [18]. When enzymes are involved, 
symphoria plays a key role in ensuring that the timing and positioning of enzymatic 
reactions are aligned with the overall processing flow (not to mention symphoric 
effects within the enzymes themselves). Any disruption in timing, such as delayed 
or premature strand displacement, can break the flow of information, just as it would 
in biological neural networks. Taking all these levels together, it is easy to see how 
symphoria underpins the network’s ability to perform computations such as pattern 
recognition and decision-making. 

The criteria for identifying symphoria in scientific practice are domain-specific, 
that is, they depend on the nature of intelligent matter under consideration. For DNA-
based neural networks, measurable thresholds like binding affinity and reaction speed 
could define whether symphoria has been achieved. For instance, DNA strands must 
bind within specific affinity ranges to ensure that a displacement reaction occurs at 
the correct rate; too weak or too strong an affinity can either prevent the reaction 
from occurring or disrupt the system’s dynamic balance, leading to errors in signal 
processing or computation. For other types of “intelligent matter,” the criteria for 
symphoria vary but are equally concrete. In optical neuromorphic computing sys-
tems (see Lüdge and Jaurigue; and Meyer, Xu and Pernice, in this book), symphoria 
can be identified through the precise synchronization of light pulses and the spatial
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arrangement of optical components. Optical signals must interact within specific time 
windows and spatial alignments for effective data processing. If the timing is off, 
even by nanoseconds, or if the optical elements are misaligned, the system’s ability to 
process and transmit information could be compromised. This precise orchestration 
of light-matter interactions shows how symphoria governs the flow of information 
in optical computing, much like enzyme proximity governs reaction flow in enzyme 
cascades, where the spatial proximity between enzymes is a key criterion. For the 
cascade to function efficiently, enzymes must be positioned so that intermediate 
products can be directly transferred between catalytic sites. This spatial arrangement 
is often maintained through molecular scaffolds or compartmentalization, and dis-
ruptions to this arrangement (e.g., changes in the distance between catalytic sites, or 
their orientation) can halt the process or drastically reduce its efficiency. Temporal 
synchronization is also critical in enzyme cascades, as the timing of each reaction 
must be aligned with subsequent steps to maintain the flow of the process. 

While optical neuromorphic computing demonstrates how symphoria can pre-
cisely synchronize propagating light signals, it does not embody the full breadth 
of attributes that characterize intelligent matter–specifically, the capacity for 
autonomous sensing, processing, and adaptation to environmental fluctuations [12]. 
Unlike metabolons [32] and, to some extent, DNA-based neural networks, which can 
adjust their operational parameters in direct response to environmental changes (such 
as substrate availability and chemical gradients), optical systems generally depend 
on external guidance. Thus, when dealing with systems that can self-modulate their 
behavior, the role of symphoria becomes even more critical. Here, symphoria not 
only orchestrates and aligns multiple interacting components in space and time, 
but also ensures that this coordination persists as conditions evolve. By enabling a 
seamless interplay between adaptive responsiveness and structural coherence, sym-
phoria attains heightened significance in truly intelligent materials, where emergent, 
adaptive properties arise naturally from the system’s internal dynamics rather than 
external manipulation. 

8 Bringing Together Multiple Accounts of Physical 
Computation 

In Sect. 4, we saw how different accounts of physical computation reply to the two 
core questions of computational implementation, COMP and IDENT, formulated 
in Sect. 2, while blocking triviality arguments to a varied extent. Section 5,  on  the  
other hand, tried to show that relevant parallels can be drawn between computational 
implementation and chemical catalysis. There, the questions CATAL and IDENT* 
were formulated (which correspond to COMP and IDENT, respectively) but not 
answered. In order to apply what we learned in Sects. 6 and 7 about symphoria to 
the problem of computational implementation and see what makes this approach 
different from other approaches to the problem, we can start by answering CATAL
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and IDENT* from a causal-mechanical, counterfactual, and teleological perspective. 
After this, we will be able to see that symphoria is absent or at best implicit in the 
accounts of physical computation presented in Sect. 4, and then try to remediate the 
situation. 

Let’s start with typical causal-mechanical, counterfactual, and teleological 
answers to CATAL (i.e., under which conditions is it true/false that a physical 
system catalyzes a chemical reaction?) and IDENT* (i.e., under which conditions 
is it true/false that a physical system catalyzes one chemical reaction rather than 
another?).3 

From a causal-mechanical perspective, CATAL can be answered by identifying 
the causal interactions that lead to the reaction’s acceleration. For enzymatic catal-
ysis, this involves understanding how the enzyme’s active site (the enzyme’s region 
where specific reactant molecules–the enzyme’s substrates–bind and react) causally 
and mechanically interacts with the substrates. A physical system catalyzes a chem-
ical reaction if it provides a site that causes the acceleration of the reaction by low-
ering the activation energy required for the reaction to take place. For IDENT*, the 
causal-mechanical explanation focuses on the enzyme’s specificity for its substrates. 
The particular structure of the enzyme’s active site–the (dynamical) arrangement of 
some of its amino-acid residues–determines which substrates it binds to and, conse-
quently, which reaction it catalyzes. The identity of the reaction catalyzed depends 
on the proper ‘fit’ between the enzyme’s active site and its specific substrates (in the 
transition state), which is dictated by their molecular structure. 

From a counterfactual perspective, CATAL can be approached by considering how 
the rate of a reaction changes depending on whether the catalyst (such as an enzyme) is 
present. The presence of the enzyme creates a scenario where the reaction occurs more 
rapidly than it would without the enzyme. If the enzyme were absent, the reaction 
would proceed much more slowly. Thus, the counterfactual condition for catalysis 
is that the reaction’s rate would be significantly slower without the physical system 
(in this case, the enzyme). IDENT* in a counterfactual context can be addressed by 
pointing out to the enzyme’s active site. If the enzyme’s active site were altered (if the 
enzyme had a different structure), it might bind to different substrates, leading to the 
catalysis of a different reaction. The specific reaction that occurs is thus contingent 
on the exact structure of the enzyme’s active site and its ability to interact with 
certain substrates over others. Notice, however, that the counterfactual perspective 
should not be interested in specific causes and mechanisms, and, therefore, it is less 
restrictive than the causal-mechanical perspective. 

From a teleological perspective, CATAL can be answered by the purpose or 
function of the enzyme in catalyzing a reaction. The enzyme exists to facilitate a 
particular biochemical reaction that serves a specific role in an organism’s physiology 
or biotechnological process. The truth of the existence of catalysis in this view is tied

3 The representational/semantic view is not included here because enzyme catalysis is a biochemical 
process based on physical interactions, not symbolic representations. The same goes to the resem-
blance account of physical computation, to the extent that it includes representational features. 
However, I will return to the resemblance account when arguing for the relevance of symphoria to 
theories of computational implementation at the end of this section. 
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to the physical system (enzyme) fulfilling a biological/biotechnological purpose– 
i.e., accelerating a reaction that is necessary for a cellular or industrial process. 
IDENT* from a teleological standpoint can be addressed by being more specific 
on the enzyme’s purpose. Different enzymes are evolved or designed to catalyze 
specific reactions because these reactions serve distinct functions. The identity of 
the reaction catalyzed by a particular enzyme is tied to its functional role in the 
organism (such as breaking down a specific substrate for energy or synthesizing a 
critical molecule for cellular function) or industrial applications (such as producing 
a specific pharmaceutical, biofuel, or other valuable chemical). 

Now, and after we grasped the notion of symphoria (Sects. 6 and 7), we can easily 
respond to CATAL and IDENT* in the following manner: 

Answer to CATAL: A physical system. P catalyzes reaction. R, which requires 
symphoria . S, if and only if .P provides . S to . R. 
Answer to IDENT*: A physical system. P catalyzes reaction. R, which requires 
symphoria. S, rather than another reaction. R , which requires symphoria. S ,  if  
and only i f .P provides . S to . R and does not provide .S to . R . 

One could argue that symphoria is somehow implicit in the causal-mechanical 
answers to CATAL and IDENT*. This should not be surprising, since causal-
mechanical explanations are detailed explanations. However, as the study by Chaud-
hury et al. shows, the success of modeling the active site of natural enzymes with 
synthetic compounds depends on symphoria, rather than other physicochemical fac-
tors [2]. Detailed explanations may not be what we want for a general theory of 
computational implementation. Thus, what I want to claim here is that symphoria 
can be used to give less specific or detailed answers than those given by causal-
mechanical accounts, but more specific and relevant answers than those provided by 
counterfactual accounts.4 Remember that the causal-mechanical account has been 
criticized for being too restrictive, while the counterfactual account has faced criti-
cism for being overly permissive [27]. I propose that focusing on symphoria provides 
the right extensional adequacy. With regard to teleological accounts, symphoria can 
also have a teleological connotation. Here, one can simply cite Morrison and Boyd, 
who almost at the end of their book, where the term symphoria was coined, refer 
to symphoria as “the bringing together of molecules for a useful purpose”  [17]  (p.  
1247, italics are mine). I will return to these overlaps in Sect. 9. 

Let’s now finally address the relevance of the concept of symphoria to theories 
of implementation by first trying to answer COMP (“Under which conditions is it 
true/false that a physical system implements a computation?”) and IDENT (“Under

4 Another detailed account one could apply to answer CATAL and IDENT* is what has been 
called The New Mechanistic approach to explanation in the philosophy of science literature [4]. 
This approach focuses on detailing the specific entities and activities that consistently produce a 
phenomenon, ensuring that all key components are identified. Again, symphoria refers instead to a 
rather universal but key factor. 
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which conditions is it true/false that a physical system implements one computation 
rather than another?” [27]), as follows: 

Answer to COMP: A physical system.P implements a computation. C if and 
only if. P provides the symphoria. S needed to physically realize the transitions 
of. C . In other words, while. C as an abstract entity does not require symphoria, 
the process of physically implementing . C does. 
Answer to IDENT: A physical system. P implements a computation. C rather 
than another computation . C , if and only if .P provides the symphoria . S that 
allows for the physical realization of . C’s transitions, but does not provide the 
distinct symphoria .S that would allow for the physical realization of . C . 

Here, symphoria is just the bringing together of the components of a computational 
process in the spatial (and temporal) relationship necessary for the computational 
process to occur. And this is the right place to bring the resemblance account of 
physical computation to the table, momentarily left aside above in this section. The 
resemblance account emphasizes that “implementation is a matter of resembling a 
computational architecture” and that their formal, mathematical features are “per-
meated with causality, spatiotemporality, and other non-mathematical features” [5]. 
I propose that symphoria can be seen as a fundamental aspect of this resemblance. 
In essence, the resemblance account requires that the physical system’s structure 
and operations align with the abstract computational architecture in a way that goes 
beyond mere isomorphism. It includes the physical embodiment and interaction of 
components that mirror the architecture’s operational structure. Symphoria fits seam-
lessly into this account as it points out to the precise spatial and temporal configuration 
needed for the physical system to realize the computation. This is similar to what 
we saw in Sect. 6 when presenting the case of enzyme models resembling the active 
site of natural enzymes [2]. Thus, the spatial alignment that symphoria describes is 
central in ensuring that the physical system does not just trivially map onto a compu-
tation but genuinely realizes it by bringing together the necessary components in a 
configuration that mirrors the intended computational process. In this way, sympho-
ria and the resemblance account are compatible, with symphoria serving as a key, 
universal factor that grounds the physical realization of computational architectures 
in the concrete spatial and temporal arrangements necessary for a computational 
process to occur. 

Regarding the relationship between the bottom-up accounts of physical compu-
tation presented in Sect. 4 and symphoria, what I said when answering CATAL and 
IDENT* also applies when giving answers to COMP and IDENT. As we saw in 
Sect. 7, when examining the case of DNA-based Neural Networks, answers based 
on symphoria are less specific and detailed, and therefore less restrictive, than those 
based on the causal-mechanical account. On the other hand, they are more specific, 
and therefore more restrictive, than those based on the counterfactual account. And 
this is a desirable outcome, because, as we stressed before, the causal-mechanical
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account has been accused of being too restrictive, while the counterfactual account 
has been accused of being too permissive. Thus, the extensional adequacy of a theory 
of implementation could be improved, if the theory focuses on symphoria, or so I 
argue. On the other hand, as revealed by Morrison and Boyd’s quote (see above), 
symphoria can also receive a teleological connotation. However, such a view should 
be approached with care, at least if one wants to preserve naturalism. 

9 Integrating Symphoria Into the Mapping Account 

In Sect. 3, we discussed how the classical ‘mapping’ account of computational imple-
mentation establishes a clear structural correspondence between physical and abstract 
states (and transitions) but remains vulnerable to triviality arguments. Any sys-
tem, however unstructured, could be considered to implement a given computation 
through a suitably contrived mapping, and this significantly diminishes the exten-
sional adequacy of the account. Symphoria, introduced earlier as a way to highlight 
the physical conditions necessary for non-accidental, stable realizations of processes, 
offers a way to address this issue. 

Recall that the mapping account requires a function 

. f : {SP} → {SC }

such that for every transition .SC → SC in the formal computation . C , there is a 
corresponding physical transition.SP → SP with. f (SP) = SC and. f (SP) = SC [27]. 
To integrate symphoria into this framework, we introduce an additional predicate 

. h(SP , SP)

that must hold true for the physical transition .SP → SP . This predicate encodes the 
symphoria condition, ensuring that the relevant spatial and temporal arrangements are 
in place so that the physical transition genuinely supports the intended computational 
step. Here, it is important to distinguish between the general notion of symphoria, 
represented by. S in Sect. 8, and the predicate. h. While. S refers to the general concept 
of symphoria–capturing the overarching requirement that certain spatial and temporal 
arrangements must be met–. h is a formal predicate used to evaluate whether these 
symphoric conditions are satisfied for specific physical transitions. In other words, 
. S represents the general principle, whereas . h provides a way to test its application 
in particular cases.
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Extended Mapping Account with Symphoria: A physical system.P imple-
ments a formal computation. C if and only if there exists a mapping. f : SP →
SC such that for every abstract transition .SC → SC in . C , there exist physical 
states.SP , SP with. f (SP) = SC and. f (SP) = SC , and the symphoria condition 
.h(SP , SP) = True holds. 

This account requires more than a structural match: it insists that each transition is 
symphorically sustained. While the mapping. f ensures a formal correspondence, the 
predicate . h enforces a non-trivial physical precondition. Without . h, we could have 
a scenario like Searle’s wall (see Sect. 3), where a relatively unstructured physical 
system is purportedly “implementing” a complex computation, which involves a 
long chain of transitions, solely by virtue of a devious mapping. With. h, we demand 
these physical transitions to be spatially and temporally orchestrated in a way that 
resembles the conditions under which a sequence of enzyme-mediated reactions 
(think, for instance, in a metabolic pathway such as glycolysis) achieves its functional 
behavior. While the reactants of each one of these reactions are brought together in 
the proper spatial relationship by specific enzymes, making the whole chain feasible, 
the patterns of physical activity or molecular arrangements inside Searle’s wall could 
only be properly brought together by chance alone. Thus, a wall’s random molecular 
fluctuations would almost certainly fail . h for complex computational steps, ruling 
out the possibility of it trivially “implementing” the desired computation. 

In practice, the specific criteria represented by. h will depend on the physical sys-
tem under consideration, thus preserving multiple realizability. Also, while . h will 
appear straightforward in certain well-controlled scenarios, it will become signifi-
cantly more challenging and non-trivial in complex materials. For example, consider 
a scenario involving coherent light pulses, lenses, and optical lattices, where ensuring 
that signals arrive at the correct spatial locations and times to form stable interference 
patterns may seem relatively manageable. Even so, this arrangement still imposes 
meaningful constraints that must be met to yield coherent computational steps. In 
contrast, consider DNA-based neural networks or other organic, adaptive materials. 
Here, symphoria requires maintaining intricate spatial and temporal relationships 
in a fluctuating environment–ensuring that molecular recognition and self-assembly 
processes reliably support information processing. Such conditions are significantly 
more complex and less easily controlled than those in a purely optical setup. As we 
move toward increasingly sophisticated instances of intelligent matter, where materi-
als autonomously sense, adapt, and operate across multiple scales [12], the challenge 
intensifies. Under these circumstances, symphoria cannot be dismissed as a trivial 
alignment condition; instead, it becomes a central, non-trivial factor in enabling 
genuine computational capabilities in dynamic, evolving physical substrates. 

It should be noted that the symphoria condition. h does not exist in isolation from 
other factors emphasized by different accounts of physical computation. Causal, 
mechanical, counterfactual, symphoric, and teleological factors often overlap and 
are difficult to disentangle in practice. However, symphoria brings a distinctive focus
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on the spatial and temporal arrangements necessary for computation–an aspect that 
complements rather than competes with these other perspectives. Rather than treating 
symphoria and other factors as separate or mutually exclusive, it is more productive to 
view them as interrelated and overlapping, each contributing to a fuller understanding 
of how abstract computations are physically realized. 

Finally, this formal integration of symphoria (and overlapping factors) into the 
mapping account provides a starting point for future work. It motivates the search for 
more specific and quantifiable definitions of . h in different domains, and encourages 
the development of experimental strategies for testing whether a given system truly 
meets these symphoria-based criteria. As systems become increasingly complex 
and hybrid, symphoria offers a structured way to distinguish between mere formal 
correspondences and fully realized computational operations in physical media. 

10 Conclusions and Perspectives 

In this chapter, I introduced and expanded upon the concept of symphoria, originally 
articulated within the context of organic chemistry, positioning it as a key universal 
factor in understanding computational implementation across diverse physical sys-
tems, particularly within the realm of intelligent matter. By drawing parallels between 
chemical catalysis and computational processes, I argued that symphoria–the (medi-
ated) bringing together of the interacting components of a process in the proper 
spatial and temporal relationships for the process to occur–provides a non-trivial, 
action-oriented perspective necessary for the stable, non-accidental realization of 
computations. By foregrounding the mediated spatial and temporal orchestration 
of a system’s components, symphoria explains why certain systems–such as DNA-
based neural networks–can genuinely implement abstract computations, whereas 
mundane systems (like Searle’s wall) fail to achieve this since they cannot supply 
the necessary alignments. Furthermore, I showed how symphoria partially overlaps 
with, but cannot be reduced to, existing accounts of physical computation, offering a 
complementary perspective that can address their limitations. In doing so, I proposed 
that symphoria can enhance the extensional adequacy of a theory of implementation 
(while preserving naturalism), bridging the gap between overly restrictive accounts 
that may exclude legitimate computational systems and overly permissive ones that 
risk trivializing the concept of computation. 

Looking ahead, formalizing symphoria and applying it more generally calls for 
several interconnected research directions. First, domain-specific formalization is 
needed to specify the precise spatial and temporal thresholds that define the relevant 
symphoria conditions in different systems. Second, experimental validation is essen-
tial: empirical tests that confirm whether a given physical system genuinely meets 
symphoria requirements can involve perturbing spatial or temporal alignments to see 
if the degradation of computational functions provides a clear index of the system’s 
reliance on symphoria. Third, symphoria must be integrated into existing mechanistic 
theories, an endeavor that recognizes overlaps with causal, teleological, and structural
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features but still treats symphoria as a distinct perspective on orchestrating the func-
tional interplay of components, especially in advanced materials. Fourth, the issue 
of self-maintenance and adaptation arises in sophisticated examples of intelligent 
matter, where symphoria must be preserved under changing environmental condi-
tions, thus raising important questions about how such systems can autonomously 
ensure correct spatial and temporal alignments or reconfigure them if they become 
disrupted. Finally, symphoria frequently spans multiple levels of organization, from 
the molecular scale to the supramolecular and even macroscales, so uncovering how 
these different layers of coordination interact and potentially reinforce one another 
is critical for achieving robust, large-scale computational capabilities in complex 
physical substrates. 
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Ethical Aspects of Artificial Intelligence 
in Nanoscience 

John Weckert 

Abstract Examination of ethical issues of intelligent matter draws on both the 
ethics of Artificial Intelligence and of nanotechnology. These examinations raise 
methodological questions regarding how to approach the ethics of emerging tech-
nologies. This chapter defends the use of speculation about future scenarios, and the 
precautionary principle. This is then applied to issues raised by intelligent matter. 

1 Introduction 

Artificial Intelligence (AI) meets nanoscience in intelligent matter. Consequently, 
examination of ethical issues draws on both the ethics of AI and of nanotechnology. 
Commonly, ethical discussions are reactive, that is, they react to issues that are raised 
by the uses of technologies. For example, how does surveillance technology affect 
privacy, human rights and so on? How, if at all, should intelligent robots be used in 
care situations? What are acceptable risks of manufactured nanoparticles? But not all 
ethics is reactive. Sometimes a proactive approach is necessary and this can be easy 
in particular cases. Given current technology and developments, it is not difficult to 
predict how privacy can be compromised with advances in sensing devices, facial 
recognition and more powerful machine learning. Discussing the ethical implications 
of these kinds of development and how best to maximise their benefit and minimise 
their risks, is common practice. With new technologies where there are as yet few 
effects to assess, the proactive approach becomes more important but also more 
controversial. Predictions based on current technologies and for the near future are 
acceptable, as in the surveillance case above, but speculation about possibilities of 
new technologies in the more distant future is contested. In AI for example, should 
we worry now about ethical implications of Artificial Super Intelligence, which may 
never eventuate? 

We will now look briefly at the ethics of AI and of nanotechnology to understand 
better the reactive and proactive approaches. This will then lead to a consideration

J. Weckert (B) 
Charles Sturt University, Wagga Wagga, Australia 
e-mail: JWeckert@csu.edu.au 

© The Author(s) 2026 
M. te Vrugt (ed.), Artificial Intelligence and Intelligent Matter, Machine Intelligence 
for Materials Science, https://doi.org/10.1007/978-3-032-04129-6_24 

493

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-032-04129-6_24&domain=pdf
mailto:JWeckert@csu.edu.au
https://doi.org/10.1007/978-3-032-04129-6_24


494 J. Weckert

of speculative ethics and of the precautionary principle. Following that, we will 
conclude with a brief discussion of some ethical issues of intelligent materials. 

2  Ethics  of  A  I

Before any real AI had been developed, ethical concerns were being raised about 
how it would or could be used. Most of this discussion occurred after the Dartmouth 
Conference of 1956 but as early as the late 1940s, Norbert Wiener expressed concerns 
about machines that to some degree could “think” and could go beyond what their 
designers had expected or intended [1, pp. 27–28]. They could, he believed, be 
creative. In 1960, talking about automated machines, he writes: 

It is my thesis that machines can and do transcend some of the limitations of their designers, 
and that in doing so they may be both effective and dangerous. 

… 

To be effective in warding off disastrous consequences, our understanding of our man-made 
machines should in general develop pari passu [on an equal footing] with the performance 
of the machine [2, p. 1355]. 

The idea that machines could think or have intelligence in a human sense, in other 
words, have mental states, was much discussed in AI in the early days. While strictly 
speaking this may not be an ethical issue, it has ethical implications. If machines 
can think, does it follow that humans are merely machines? Is this dehumanising? 
This was seen as a problem for strong AI, that is, AI that had something like a 
human level of intelligence and mental states. Weak AI on the other hand, was not 
designed to have general human intelligence but rather to perform tasks in narrow 
areas where decisions needed to be made. Expert systems were typical examples. 
These too raised ethical problems, for example, if such a system gave wrong advice 
or made a bad decision, who would be responsible? This question has arisen again, 
particularly with self-driving cars. 

An early critic of machines replacing people in certain decision-making, was 
the computing pioneer and author of the ELIZA program, Joseph Weizenbaum. He 
argued that. 

... all projects that propose to substitute a computer system for a human function that 
involves interpersonal respect, understanding, and love...are obscene.’ And their ’... very 
contemplation ought to give rise to feelings of disgust in every civilised person [3, pp. 268–9]. 

The systems that were of immediate concern to Weizenbaum were very much 
in the weak AI realm. His ELIZA program, for example, was extremely simple 
by today’s standards. But if development continued and systems became closer to 
strong AI, even if never reaching it, these systems could be used in a wider range of 
situations where “interpersonal respect, understanding, and love” are required. 

The development of machine learning has enabled AI to become much more 
sophisticated than it was in Weizenbaum’s day and his concerns are still raised.



Ethical Aspects of Artificial Intelligence in Nanoscience 495

Should AI and robotics be used in caring situations? These clearly involve interper-
sonal respect and understanding but can that be provided by a machine? Many would 
claim that it cannot but others argue that if better care can be provided in this way, so 
much the better [4]. If robots can be developed that act as if they have respect and 
understanding in caring situations, would this solve the problem? 

While recent developments in AI have excited many, some notable leading AI 
researchers and others working in the field, have started to express concerns. One 
much discussed issue is the employment of smart weapons. Should autonomous 
weapons be allowed to make decisions about their targets? If they make better deci-
sions under pressure than humans do, does this justify their use? Some are worried 
about autonomous weapons was raised: 

In summary, we believe that AI has great potential to benefit humanity in many ways, and 
that the goal of the field should be to do so. Starting a military AI arms race is a bad idea, and 
should be prevented by a ban on offensive autonomous weapons beyond meaningful human 
control [5]. 

This statement is a strong statement. Not only should some research not be 
undertaken, some should be banned. This is invoking the precautionary principle, 
something we will return to in a later section. 

In the last year or two, ethical discussion has focussed more on problems, or 
supposed problems, raised by generative AI, that is, AI that generates new text, images 
and so on. These concerns range from assessing students’ essays in educational 
situations to understanding how to cope with artistic creations generated by AI. 
Plagiarism has always been a problem but programs like ChatGPT make it easier. Will 
script writers and illustrators be out of work if text and images can be AI generated? 
Will these generated items have less value than those produced by humans? 

Beyond these issues, generative AI has reinvigorated the discussion of general 
AI, that is, AI with or approaching, general human intelligence. Functionally this is 
equivalent to what was called Strong AI, although the latter was commonly thought to 
include cognitive states. Generative AI has even raised the possibility of intelligence 
beyond the human level, ie. Artificial Super Intelligence (ASI). Nick Bostrom argues 
that very careful thought should be given to the development of ASI because it 
represents an existential risk to humanity, even human extinction [6]. Others too, 
including Stephen Hawking, Stuart Russell, Max Tegmark and Frank Wilczek, have 
expressed concern: 

One can imagine such technology outsmarting financial markets, outinventing 

human researchers, out-manipulating human leaders, and 

developing weapons we cannot even understand, … Whereas the 

short-term impact of AI depends on who controls it, the long-term impact 

depends on whether it can be controlled at all [7]. 

And according to The Bletchley Declaration of 2023 on AI safety. 

particular safety risks arise at the ‘frontier’ of AI, understood as being those highly capable 
general-purpose AI models, including foundation models, that could perform a wide variety
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of tasks—as well as relevant specific narrow AI that could exhibit capabilities that cause 
harm -which match or exceed the capabilities present in today’s most advanced models [8]. 

The Declaration urges more research on AI risks and the importance of interna-
tional cooperation. Some go further than this. Ian Hogarth argues that “We must slow 
down the race for God-like AI” [9], that is ASI, so there is more time to understand 
it and its dangers. And in an Open Letter, Elon Musk and others “call on all AI labs 
to immediately pause for at least 6 months the training of AI systems more powerful 
than GPT-4”. This is another appeal to the precautionary principle [10]. 

Not everyone in, or interested in, the AI field is so concerned about the problems. 
Luciano Floridi, for example, argues that ASI is implausible [11, 12], and that the 
focus should be on current problems. “What really matters’, he says, “is that the 
increasing presence of ever-smarter technologies is having huge effects on how we 
conceive of ourselves, the world, and our interactions” (see also Margaret Boden 
[13]). Our argument here is not that any of the fears about ASI will be realised. The 
issue is whether there is good reason to consider them seriously. We will return to 
this after looking at some ethical issues of nanotechnology. 

3 Nanoethics 

In 1986 Eric Drexler raised the issue of gray goo [14]. Nanotechnology, he argued, 
would lead to the development of self-replicating nanorobots, which if left unchecked 
could destroy the world. This self-assembly would also enable desktop, or personal, 
factories that could produce just about anything. The discussion now has moved 
away from these topics and more onto issues regarding manufactured nanoparticles 
and because it is an enabling technology, to technologies that it enables further. 
Nanoethics, as it has actually developed, has been rather mundane compared with 
the Drexler scenarios. 

One criticism of the field concerns the fact that many of the so-called “ethical 
issues in nanotechnology” are in areas where there has as yet been little develop-
ment, so discussion of them must be based on prediction. Prediction of course is 
notoriously unreliable, and this is particularly true of predictions about the direc-
tions of scientific and technological developments. Alfred Nordmann [15] discusses 
this issue critically in terms of speculation and the tendency to treat remote possi-
bilities as likely technological developments that require attention, something that 
he calls “if and then”; if some technological development is possible then we should 
do something about it now. Instead of concentrating on real and important issues, 
ethicists too often focus on “problems” that will probably never arise, and if they do, 
only long in the future. We will return to this argument in the next section. 

What are some of the benefits (or potential benefits) of nanotechnology? Stronger 
and lighter materials will enable the production of safer and more energy efficient 
transport. Self-cleaning materials are already available and more efficient solar cells 
for electricity generation are being developed. In the medical field targeted drug



Ethical Aspects of Artificial Intelligence in Nanoscience 497

delivery is under development lab-on-a-chip technology is advancing and promising 
discoveries have been made in cancer detection [16]. Advances in nanoelectronics 
have already enormously increased the amount of memory in computers and are 
expected to allow the continuation of Moore’s law, that is, that the number of transis-
tors on a chip doubles roughly every two years,. Considering these and other benefits 
must also part of nanoethics. 

Of the topics commonly discussed in nanoethics, the potential toxicity of some 
manufactured nanoparticles has received the most attention, particularly in the area 
of health. Products currently on the market, for example sunscreens, cosmetics, food 
packaging and even some foods contain nanoparticles, and fears have been expressed 
regarding their safety (for an overview, see [17]. Concerns are also expressed about 
potential medical applications, particular in the form of targeted drug delivery and 
lab-on-a-chip technologies. Another concern is that thread-like particles that can be 
inhaled might have the same effects as asbestos and lead to serious lung disease. This 
concern about certain nanoparticles is an environmental issue as well as a health one 
[18]. What will be the effect of certain types of these manufactured nanoparticles on 
the environment? 

Advances in nanoelectronics have many benefits, as mentioned above, but also 
risks. The further miniaturization of monitoring and surveillance devices for example, 
has raised concerns about further loss of personal privacy and greater potential for 
control over our lives by both public and private authorities. 

A related topic that has received considerable attention is human enhancement, 
or the improvement of human performance. Therapeutic implants, for example 
computer chips to overcome blindness and some psychiatric conditions, will almost 
certainly become more sophisticated by developments in nanoelectronics and very 
likely lead to implants for enhancements. Research is already proceeding on cognitive 
enhancement involving memory and reasoning ability and new learning techniques, 
on enhancement of our sensing abilities, and on brain-to-brain and brain-to-machine 
communication. A central concern relates to the question of what it is to be human 
and whether such enhancement is taking away something from our humanity. A 
similar concern is raised by the blurring of the boundaries between technology and 
life. 

Military uses of nanotechnology are likely to enable new weapons and fears 
have been expressed that this could provoke a new arms race [19]. Research is 
well under way on weapons with an ability to make autonomous decisions, tiny 
missiles possibly only a few millimeters in length, enhancement of soldier perfor-
mance through implants, sensors, and exoskeletons and the like, and small animals 
or insects with sensor and explosive implants. 

A perennial issue concerns distributive justice or the so-called “nano-divide”; 
the worry that the advance of nanotechnologies will be concentrated in developed 
countries and will focus on products for those countries. This will, it is feared, 
widen the gap between developing and developed countries. While some see this 
as an opportunity for improving the lot of poorer areas, others are more cynical. 
Intellectual property is one of the concerns.
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A contested branch of nanotechnology, molecular manufacturing, or Atomically 
Precise Manufacturing (APM) as it is now called, could have dramatic consequences 
for society if it proves feasible. While it is seldom discussed, it is worth noting because 
research is still being undertaken, and even if it is in the distant future, nanoethics 
needs to be proactive as well as reactive [20, 21]. Developments in this area may stim-
ulate further ethical consideration but whether they are worthy of examination now, 
is contested. Should we worry about the ethics of future and uncertain technologies? 

4 Speculative Ethics 

We mentioned earlier that ethics can be reactive or proactive. While much applied 
ethics is reactive, in the case of new technologies there is little to which to react, so 
ethics must be predominantly proactive. Given the rapid developments in both AI and 
of nanotechnology this is commonly the case in these fields. Proactive ethics looks at 
the future, at what future consequence are likely to be. But how far into the future is it 
sensible to look? We can distinguish between proactive ethics and speculative ethics. 
The former extrapolates from current technology to what is likely to happen in the 
near or medium future, eg more intrusive monitoring and surveillance. Speculative 
ethics looks into the more distant future and speculates on what could eventuate. 
These future scenarios are then thought to be worthy of ethical concern, a view 
that is contested, as mentioned earlier. Alfred Nordmann [15] has three arguments 
against speculative ethics but a core one is that it is a waste of scarce resources. The 
scarce resources are people and time. New technologies are raising many problems, 
often urgent, that require the attention of people trained in ethics, policy, the relevant 
sciences and technologies and others as well. They should be spending their valuable 
time and expertise on these real problems and not on distant future ones that may 
never eventuate. 

This is a plausible argument that undoubtedly carries some weight. Ethicists 
should examine real and current problems but there is more to the ethics of tech-
nology than this. If the purpose of technology is to help humans to live good and 
satisfying lives then some big issues become relevant and it becomes necessary to 
examine our values and goals. Long term and perhaps remote technological devel-
opments become important subjects for careful thought. What kind of world do we 
want to live in? Given the sort of creatures that we are, what kinds of world can we 
thrive in? What constitutes a good and satisfying life for us and which technologies 
enhance or detract from achieving this? These kinds of questions suggest that more 
is required in ethical discussions of technology than merely focusing on current or 
near-term technologies and issues. Rebecca Roache [22] articulates clearly the value 
of speculation about possible futures and her arguments, where values and goals play 
a central role, are briefly summarized below. 

First, scientists are limited only by their imagination and therefore ethical eval-
uation of scientific projects should be undertaken even before the viability of the 
project is certain. This is needed to ensure that “scientific effort is directed to the best
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ends.” [22, p. 323]. Second, our values determine our goals and if a goal is to cure 
cancer, that will be, and has been, pursued even if in the early stages of research, it is 
unknown if it is possible or how far into the future it may be. The point here is that 
speculating about how to achieve a desirable goal even if we are uncertain about how 
to, is generally held to be a good thing. If speculating about a distant good future 
is acceptable, it is unclear why speculating about a bad one is not. Both concern 
our values and goals. Finally, if the goal is important enough, the fact that it may 
be extremely uncertain or implausible is not enough to show that it is unworthy of 
serious thought. Suppose, Roach says, that a child is lost in a vast maze of tunnels, 
the fact that finding her alive may be unlikely in the extreme would not, or should 
not, stop the search being undertaken. If the goal is important enough, then it matters 
little if it is improbable or implausible. It should still be seriously considered. 

If this is right, then in general speculation does have a role to play and ethical 
considerations should not be restricted to current and near-term issues. We turn now 
to a specific example that in various forms has been around since the early days of AI. 
Should we worry about machines becoming as intelligent, or more intelligent, than 
humans? Its current expression is “should we worry about Artificial Superintelligence 
(ASI)?” Luciano Floridi has argued that ASI is logically possible but not plausible. 

For Floridi, the reason that superintelligence appears plausible is because it is 
presented as a conditional: 

If some kind of ultraintelligence were to appear then we would be in deep trouble (his 
emphases) [11,  p.  5  ].

Is conditional may well be true and it makes it look as if we should do some-
thing about the possibility. But the antecedent is, Floridi believes, if not impossible, 
certainly implausible. If ASI (his ultraintelligence) is impossible then it is not some-
thing worth worrying about and the case is not much weaker if it is, as he says, logi-
cally possible but implausible. He raises both technical and philosophical objections. 
First the technical. 

The frame problem [12, pp. 135–138]. 
This is the well-known problem that while a machine can operate in a supposedly 

intelligent manner in a narrow field where the parameters a clearly defined, it cannot 
operate sensibly outside that area. Floridi’s example is a lawnmower that can mow a 
lawn within the confines set for it. Outside of that, it cannot function usefully. Other 
examples abound: automatic braking systems on cars, automatic pilots and so on. 
Advances however are being made and not all frames are so narrow. Consider the 
rapid development of self-driving cars. Driving on a road with other vehicles is a 
complicated business. Information on where the road is, what other traffic is doing 
with respect to position and speed relative to ones own, the capabilities of one’s 
own car, where and when to turn onto another road, the route to one’s destination, 
the weather conditions and so on all need to be coordinated in order to have a safe 
trip to one’s destination. A human who drives successfully in traffic is undoubtedly 
displaying intelligent behaviour so this seems like a paradigm case of AI. Certainly 
it is still in a frame, a confined sphere, but a pretty broad one and much broader than 
a lawn mower or a car’s breaking system. It does not seem implausible that with
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ever increasing computer power, more sophisticated algorithms, learning systems 
and sensing devices that frames could be merged and broadened further and at least 
simulate a human in a wide range of activities. 

The grounding problem [12, pp.138–139]. 
Computers work on uninterpreted data whereas humans work on meaningful 

terms. Consequently, computers can never understand what they are doing. They are 
limited to syntax while we humans work with both syntax and semantics. Syntax has 
to do with structure and semantics with meaning. This is the way that Floridi states 
the grounding problem. It is not obvious though, that the situation is quite as clear as 
this. Wittgenstein said that we should look at use, not meanings. While not wanting 
to give an account of meaning here, it is instructive to focus on use when considering 
computers. Suppose that a computer is told of or learns that the data representing 
kangaroos, marsupials, mammals and Australia are related in certain ways. It is also 
told or learns the situations in which it is appropriate to use that data. It could then 
use them in appropriate ways such that, if a human used them in those ways, that 
human would be thought to understand them. The fact that the computer might not 
understand what it was doing in the way that we do seems not important if it’s use 
is correct. The grounding problem therefore seems not to be a strong obstacle to 
intelligent behaviour. 

Curry-Howard Correspondence [11,  p.  11  ].
This shows that there is a direct correspondence between computer programs and 

mathematical proofs. Given Gödel’s incompleteness theorem, some problems will 
not be solvable by a computer and Floridi suggests therefore could not be super-
intelligent. It is not obvious why this follows. Humans cannot, it seems, solve all 
problems so an ASI may also not be able to solve all but still be much superior to us 
in intelligence. 

These three arguments are all (or primarily) technical reasons why ASI is not 
plausible. Floridi’s core argument however appears to be that an ASI would have to 
be much like us and would have to be conscious. In support of the first of these he 
says that “we have no idea how we might begin to engineer it, not least because we 
have very little understanding of how our own brains and intelligence work” [11, 
p. 11]. Now it may be true that we do not have much idea of how our own brains and 
intelligence work but it does not follow that therefore we cannot have some idea of 
how to engineer some kind of intelligence into machines. The driverless cars example 
seems to show that we do. His arguments about the frame and grounding problems 
might show that it is difficult but not that it is impossible or even implausible. It is 
not obvious why something could not appear to us to be intelligent functionally even 
if it were engineered quite differently from us. But it would appear to be intelligent. 
Floridi’s view however is that because we have consciousness, machines must also 
be conscious in order to be intelligent, and because we do not know how to engineer 
this intelligence it must evolve autonomously. But “How some nasty ultraintelligent 
AI will ever evolve autonomously from the computational skills required to park [a 
car] in a tight spot remains unclear” [11, p. 7]. Perhaps it would be a little less unclear 
if instead he had used the example of a self-driving car, but be that as it may, we will 
look at this argument against ASI in more detail.
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Floridi’s argument here seems to be: 

1. All computers are Turing Machines 
2. No conscious, intelligent entity is going to emerge from a Turing Machine 
3. A superintelligent entity must be conscious 
4. Therefore computers will never be superintelligent. 

We can accept that all computers are Turing Machines (or equivalent to Turing 
Machines). Premise 2 is more interesting. Consciousness emerging from a simple 
Turing Machine does seem completely implausible. What is perhaps less implausible 
is consciousness emerging from an extremely sophisticated machine with multi-
layered neural nets and deep learning. If such a machine is equivalent to a Turing 
Machine then it may not be implausible to say that consciousness can emerge from 
the simple machine. Of course we do not know if a conscious entity can or will 
emerge from any machine, regardless of its sophistication. Part of the problem lies 
in knowing what consciousness is and when to attribute it. If a machine behaves in a 
way that would be called intelligent if a human behaved in that way in a wide variety 
of contexts, then it is not so clear what our justification would be for saying that it is 
not conscious. This leads to the question of the other minds problem. 

We can, however, avoid this tricky problem by considering premise 3. Is it really 
true that a superintelligent entity must be conscious, at least in the way that we are? 
The calculator on my smart phone can calculate much more quickly and accurately 
than I can. If I could match its ability I would be considered to be pretty intelligent, at 
least in that area. But we do not think of it as being conscious. Image a machine then 
that could do many things as well as my calculator can calculate and moreover can 
integrate these various activities. If we had the functionality that it had, we would be 
considered intelligent so it would be strange to say that it was not also intelligent even 
if consciousness were denied it. If it makes sense to attribute intelligence to a machine 
without attributing consciousness, the same should be true for superintelligence. 

It is worth mentioning here that Floridi quotes approvingly both Alan Turing’s 
and Dijksra’s comments on machine consciousness [12, p. 140]. According to Turing 
‘Can a machine think?’ is ‘too meaningless to deserve discussion’ [11,  p.  10).  This  
can be taken to mean that of course machines cannot think. Equally, it could be 
taken in a Wittgensteinian manner. It would then suggest that if a machine passed the 
Turing Test or behaved in a manner that was indistinguishable from a human, then 
of course it could think. That is all that there is to thinking. We have no better way 
of examining this. Dijksra’s comment is similar. Asking if a machine can think, he 
said, is as silly as asking if a submarine can swim. Again it could be interpreted in 
the two ways above so does not give much support to Floridi’s argument. It is also a 
little puzzling why it is silly to say that a submarine can swim when we say that an 
aeroplane can fly.

The argument here is the modest one of showing that Floridi’s arguments against 
ASI’s plausibility are not convincing. It is still an open question then whether it is 
an issue about which we should worry. ASI might be plausible but so remote that 
worrying is a waste of time.



502 J. Weckert

Suppose that we concede Floridi’s point that intelligence involves consciousness 
and therefore that machines cannot be intelligent. He distinguishes intelligence from 
smartness and admits that artefacts can be smart but not intelligent [12]. All that 
the current argument may show is what we already knew, namely that machines can 
be smart. This, I think, can be conceded but nothing important follows from it. If 
computers could become as smart as humans, and it has not been shown that this 
is not possible, they may well become supersmart with all the same problems of 
superintelligence. 

Based on the argument here, we should be concerned about superintelligence (or 
supersmartness). It may not be urgent yet, certainly not as urgent as the other AI 
issues but that does not show that it should be ignored. Plausible long term problems 
need investigation in order to minimise the potential dangers. If climate change had 
been thought about more carefully decades ago it may have been easier to mitigate 
its effects than it is now. The fact that other AI issues are more urgent does not show 
that superintelligence does not deserve attention. If it does deserve attention then 
perhaps we should act now to avoid or alleviate potential harms, a position taken 
by computer scientist Toby Walsh [23]. In this context, the precautionary principle 
(PP), mentioned in an earlier section, is relevant. It is raised in a variety of contexts 
but particularly with respect to new and developing technologies. It is therefore 
particularly relevant to new developments in AI and to intelligent materials. 

5 The Precautionary Principle 

The precautionary principle, while advocated by many and enshrined in European 
regulations and policy documents, especially in the environmental and health areas, 
is also much criticised. Here we will briefly explain it and defend it against the more 
important criticisms (a more detailed discussion can be found in Weckert [24]). 

A commonly stated versions of the principle is this. 

Where an activity raises threats of harm to the environment or human health, precautionary 
measures should be taken even if some cause and effect relationships are not full established 
scientifically [25]. 

Various calls have been made to restrict or prohibit development of certain new 
technologies, which are in effect calls to apply the PP. Bill Joy, talking of the dangers 
of genetics, nanotechnology, and robotics famously said in 2000; “The only realistic 
alternative I see is relinquishment: to limit development of the technologies that are 
too dangerous, by limiting our pursuit of certain kinds of knowledge” [26]. More 
recently, as we saw earlier, Bostrum, Musk and others have made similar claims. 

The PP is often said to be an alternative to cost–benefit analysis (CBA) in 
certain situations. Cass Sunstein [27] and Steve Clarke [28] argue strongly for this 
but it is not altogether clear that CBA and PP are the real alternatives in practice. The 
real alternative to the PP seems to be rather something like the Bravado Principle 
(BP) although we will not argue that here:
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Where an activity appears to have benefits, do it and worry about any harmful consequences 
if  and  when  they  ari  se.

An argument for BP, although rarely stated explicitly in the literature, is that unless 
this kind of approach is taken, there will be little progress or worse [29]. 

A generic formulation of the PP is 

If action A has some possibility P of causing harmful effect E then apply remedy R (based 
on Manson [30]). 

where: 

Action A is some scientific research or technological or other development, or some 
action, eg. research into ASI; 

Possibility P is more than a logical possibility; it must be at least plausible, eg. ASI 
must be plausible even if the possibility is uncertain. 

Effect E is some serious or perhaps catastrophic or irreversible harm, eg. uncontrol-
lable ASI. 

Remedy R is some measure or measures that should be taken to avoid or minimise E 
occurring, eg. halting or never starting the research, or development and use of some 
technologies or products to minimise the risks. 

We will now defend the PP against four criticisms: the difficulty of predicting, 
the relationship between the action and the possible harm, the supposed harm itself 
and the PP’s paradoxical nature. Here the first three will be only briefly mentioned 
but the fourth considered is some detail. If it is indeed true that the PP inherently 
contains a paradox, it is an incoherent principle and of no use. 

Prediction. The PP does involve predicting consequences of scientific and tech-
nological research and development and of other actions. This is undoubtedly an 
activity fraught with dangers. But with care, reasonable predictions can be made. 
Even speculation, which goes further than prediction, can be justified, as we argued 
above in relation to ASI. 

5.1 Relationship Between Action and Harm 

This concerns the causal link between the action and the effect. All versions of the PP 
state that the principle should be applied even if “some cause and effect relationships 
are not fully established scientifically”. While scientific certainty is not necessary, 
the threat of danger must be credible, that is, an hypothesis that the threat is caused by 
a particular action. There must be evidence that that sort of hypothesis is a reasonable 
one in the circumstances. The hypothesis that AI research will lead to ASI that is not 
controllable by humans is credible given the rate at which AI is currently developing, 
even if this is unlikely, at least in the foreseeable future.
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5.2 Nature of the Harm 

Yet another criticism concerns the nature of the harm. It must be more than just 
any threat of harm. This would rule out almost anything. It should be “serious or 
irreversible damage”. While both serious and irreversible require closer examination, 
this is more plausible particularly when it involves the suffering and death of humans 
or widespread destruction of the environment. 

5.3 The Supposed Paradox 

The most serious criticism of the PP, made amongst others by Sunstein and Clarke, 
is that it is internally incoherent. If the PP is to be applied to some action in order 
to avoid a harm, it should also be applied to the action of applying it because that 
too, at least in many cases, will lead to harm. So it should be both applied and not 
applied. The problem can be set out as follows:

• Action A1 might cause bad effect Eb1 (harm eventuates because of A1);
• Remedy R1 (don’t do A1) stops Eb1 (PP applied);
• But suppose that A1 causes good effect Eg1 (Eg1 eliminates some harm);
• Then R1 stops Eg1 (harm eventuates because of R1).
• So, if PP should be applied to A1 (because A1 causes harm) it should also be 

applied to R1 (because R1 prevents an action that would eliminate some harm). 

5.4 A Possible Solution 

One way out of the paradox is to draw on the distinction between positive and 
negative duties. Positive duties, interpreted in the Rawlsian way that they are by 
Thomas Pogge [31], that is, as duties to do good—are commonly (though by no 
means universally) thought to be weaker than negative duties, that is, duties not to 
do harm. The duty not to kill is stronger than the duty to save a life. Consider the 
ASI example. Undertaking the research that will possibly lead to ASI and the control 
problem is an example of causing harm (albeit unintentionally), violating a negative 
duty, while not undertaking it is allowing harm to happen, violating a positive duty. 
Suppose that the only way to save the life of Tom is to kill Harry and transplant 
his heart into Tom. While saving the life of Tom is good, killing Harry to achieve 
it is not justifiable. Doing nothing will result in the death of Tom but Harry’s death 
would be the result of an action. Letting Tom die is not good, but killing Harry is 
arguably worse. There is no paradox then in applying the precautionary principle in 
the ASI case. Curtailing AI research will stop or delay some benefits, for example, 
the development some remedies for health or environmental problems so will allow 
those harms to continue. But this positive duty is overridden by the negative to not
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cause “serious or irreversible damage”. The PP then is a plausible principle and 
surely more plausible than its real rival, the bravado principle. 

This is little more than a sketch of an argument and a number of issues require 
detailed examination. What is a duty and what gives it its force? Are the different 
types of duties really of different strengths? If some harms are caused by human 
actions, is there a stronger duty to fix those? These intermediate duties Thomas 
Pogge argues are stronger than positive duties but weaker than negative duties [31, 
p. 34]. Will that affect the argument above? We will ignore these issues here but 
concede that further work is required. 

Intelligent materials have developed from advances in AI and nanotechnology. 
Ethical issues arising from both of those technologies are therefore relevant to ethical 
questions about intelligent materials. Given that the research and development of 
these materials is still in its early stages, much of the ethical discussion will be about 
the potential of this technology and therefore speculation will play an important role, 
as will the precautionary principle If there are serious perceived dangers. 

6 Ethics of Intelligent Materials 

Intelligent materials technology is still in the early stages of research and develop-
ment, but drawing on our previous discussion, it provides an opportunity to consider 
afresh some interesting questions. 

6.1 Soft Robotics 

Applications or potential applications of soft robotics seem to be beneficial and 
raising no worrying ethical issues. One proposed application is the handling of fruit 
and other food products. Most fruit requires careful and gentle handling and so the 
advantages of soft over hard robots is obvious. However, given what was argued 
earlier about speculative ethics, the question of soft robotics is worth more attention. 
Robotics is a well-developed field and the use of robots in caring has already occurred, 
even if these are not autonomous and can be used in only quite limited situations 
[32, 33] but soft robotics seem to open up new possibilities with ethical significance. 
We have argued that speculative ethics is justified and the speculation here is based 
on things that are already known. We also know that research on robots and other 
machines such as cars and weapons that can learn from and react to their environments 
is well developed and well-funded. Soft robotics might be in its infancy but given 
advances in other areas of material science and in AI, we have good reason to believe 
that autonomous soft robots that resemble humans are a possibility, if not in the 
near future then in the medium to distant future. This resemblance could be both in 
appearance and behaviour. To use Floridi’s distinction, they may not be intelligent, 
but they may be smart and at least in a clearly defined caring context, behave very
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much as a human would in that situation. If they are not conscious, they could not be 
empathetic perhaps, something important in carers, but if smart enough, could learn 
to behave in empathetic ways. Suppose further that ASI is achieved, or something 
very close to it, perhaps artificial super smartness, and built into these robots. They 
may then be better carers than humans. 

The ethical questions raised by this scenario have been around since the early days 
of AI. Is this dehumanising? Should it fill us with disgust? Should such robots only 
be used when humans are not available? Should they be used if they are better carers 
than humans? If they harm a patient, who can be held responsible or accountable? 
Should we worry about this now or wait until they are developed? 

6.2 The Natural Environment 

Most ethical discussions of technologies focus on the uses or potential uses of partic-
ular technologies. This is undoubtedly important and perhaps the most important part 
of the ethics of technology. It is also important however, to look at issues regarding 
the manufacture, use and disposal of the products, in this case intelligent materials. 
Does the manufacture pose health risks to the workers or the natural environment? 
Does it use large amounts of energy or natural resources? Does it necessitate mining 
of rare metals or mining that is disruptive to communities? Does it produce waste 
products that are environmentally harmful? Does the disposal of the products pose a 
risk of polluting the environment? Can the products themselves be mined for required 
raw materials? Are they recyclable? 

Will the disposal of intelligent materials pose any environmental risks other than 
those of other manufactured materials? Electronic waste (e-waste) is an increasing 
environmental problem. Will any intelligent materials contribute to this? [34] 

Some of these questions have been discussed in the area of nanotechnology for 
the last couple of decades and given that nanoscience is a core part of intelligent 
materials, this is just a continuation of that discussion. The risk or potential risks of 
manufactured nanoparticles were and still are a central part of nanoethics [35]. 

Intelligent materials appear to have the potential for many benefits, both in the 
medical and environmental areas, but if their manufacture and disposal cause harms 
to the environment then ethical issues regarding their development and use require 
examination. Will their benefits outweigh their environmental costs? Perhaps a cost– 
benefit analysis is all that is required but this is not simple when environmental issues 
are part of the analysis. Values are important and different people have different 
values and place weigh them differently. These values determine what is considered 
a benefit and what is considered a harm, and how and to what extent they are benefits 
or harms. The precautionary principle may be more pertinent. And of course different 
technologies require different assessments. Some intelligent material technologies 
will probably be overwhelmingly beneficial while others perhaps are of more dubious 
value.
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One question that deserves more discussion than it receives, is what constitutes 
a benefit from technology. We commonly think that anything that improves health, 
reduces pain or makes life easier or more enjoyable in some way, is a benefit. It 
is not obvious however, that technological innovations as such do make us happier 
or more satisfied with life. If technological innovations in general make us happier 
then given how many there have been in the last few human generations, either 
I should be blissfully happy or my grandparents and those before them must have 
been quite unhappy. Exceptions of course exist. Certain technologies make particular 
people happier. Medical technologies that significantly improve life for individuals 
are examples. This should give us pause for thought about how important some new 
technologies really are, especially where there are environmental problems with 
their production and disposal. Intelligent materials that reduce suffering, energy use, 
pollution and waste, for example, are important, but what about those that merely 
make life easier, possibly in relatively trivial ways? Not everything that makes life 
easier contributes to human happiness or well-being. 
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