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Brain-inspired learning in physical hardware has enormous potential for rapid learning with minimal
energy expenditure. One of the characteristics of biological learning systems is their ability to learn in
the presence of various noise sources. Inspired by this observation, we introduce a noise-based learn-
ing approach for physical systems implementing multilayer neural networks. Simulation results show
that our approach allows for effective learning with a performance approaching that of the conventional
backpropagation algorithm, which is effective but has a high energy cost. Using a spintronics hardware
implementation, we demonstrate experimentally that learning can be achieved in a small network com-
posed of physical stochastic magnetic tunnel junctions. These results provide a path toward efficient
learning in general physical systems that embraces rather than mitigates the noise inherent in physical

devices.
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I. INTRODUCTION

Realizing learning in hardware by harnessing the physi-
cal properties of neuromorphic devices is currently a very
active field of research. This is due to its potential to realize
much more energy-efficient and conceptually unexplored
routes toward intelligent machinery, which can adapt to its
environment with minimal energy expenditure [1,2].

In recent years, various unconventional learning algo-
rithms have been proposed as putative approaches to
physics-based learning [3—8]. Contrastive methods such
as equilibrium propagation (EP) have inspired particular
interest because they circumvent the backpropagation (BP)
of loss gradients. In EP, learning is achieved by comparing
the steady state of a system run in a free phase and a weakly
clamped phase [3,4,9].

A key challenge of these kinds of approaches are their
sensitivity to the variability of the underlying devices. For
example, exact twins are required for EP [10]. Although
progress has been made toward removing this stringent
constraint [11,12], it is well known that learning in biolog-
ical systems can proceed by embracing noise as a principle
for learning [13,14]. This is also very interesting for phys-
ical hardware, as noise is inherent to physical devices and
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emerges naturally and prominently when scaling to small
spatial dimensions.

Purely stochastic hardware has recently attracted great
interest with the development of probabilistic bits (p-
bits) [15—18]; however, learning in stochastic networks is
much more challenging than in conventional networks. For
example, direct implementations of Boltzmann-like con-
trastive learning rules require the evaluation of the spatial
correlations between node outputs, which is feasible for
small networks but does not scale well to large and dense
networks [19]. To circumvent this problem, a local learn-
ing algorithm that can directly leverage the noise of a
single node alone would be desirable. Moreover, for many
important generative models, measurement of correlations
between node outputs is not sufficient for learning, and this
strongly limits potential hardware applications.

Here, we focus on a different route to learning which,
rather than avoiding noise or mitigating its impact, directly
harnesses intrinsic device noise for learning. To this end,
we focus on the recently developed decorrelated activity-
based node perturbation (DANP) algorithm [20]. We show
that with this algorithm it is feasible to learn by direct
injection of physical noise at individual nodes. The DANP
algorithm goes beyond the classical node-perturbation
algorithm [21,22] and, in contrast to the classical formula-
tion, has excellent convergence properties. The advantage
of our approach is that learning requires just two forward

© 2025 American Physical Society
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passes in a physical network under different noise perturba-
tions, thereby bypassing the need for measuring the system
in a clean (unperturbed) phase. Moreover, our algorithm
does not require access to the noise fluctuations or their
spatial correlations themselves, and the error signal can
easily be extracted from a differential measurement of node
activities, which is straightforward to realize in practice.

The demonstration of noise-based local learning is gen-
erally feasible with any neuromorphic material featuring
stochastic behavior, such as memristive devices [23]. Here,
we have judiciously chosen to work with magnetic sys-
tems, which are inherently well suited to unconventional
computing due to their intrinsic nonlinearity and tunable
nonvolatility [2,24]. In particular, magnetic systems fea-
ture specific advantages for stochastic hardware because
their stochastic behavior stems from the spin degrees of
freedom and hence does not feature the physical motion
of atoms. This leads to superior endurance in comparison
to other memristive materials. For example, the stochastic
thermally induced dynamics can be exploited in magnetic
systems for probabilistic computing [25] and Brownian
reservoir computing [26]. Most conspicuous among these
applications has been the use of stochastic magnetic tun-
nel junctions (sMTIJs) [16]. In such systems, the random
switching can be tuned over a wide range of frequencies,
and biasing the switching can be easily achieved by cou-
pling to magnetic layers or external fields, or by using spin
torques induced by injected currents [27].

In this work, we extend the applicability of sMTJs to
noise-based learning and explicitly harness the experimen-
tally obtained hardware-generated noise of sMTJs for node
perturbation. In particular, we show that direct injection
of physical noise from an sMTJ to the nodes of the net-
work is sufficient to realize learning. This is a significant
advance over previous work demonstrating DANP-based
learning using only idealized and physically unrealistic
Gaussian noise. In contrast, in our work, actual sSMTJ noise
is directly harnessed as a resource for learning. This has the
potential to lead to scalable and robust learning in physical
systems.

II. METHODS

A. Noise-based learning
1. The learning problem

The learning problem is set up as follows. We consider a
fully connected neural network consisting of L layers (non-
linear transformations), each of which contains NV; neurons.
Let xo be the network input. The output of the /th layer is
given by

xr = f(a),

where a; = Wyx;_ is the preactivation with weight matrix
Wi, f is the activation function, and x; is the output of layer

I=1,...,L. The loss is defined as

L= =yl

where y* is the target output and y = x; is the predicted
output. To minimize the loss, we consider learning rules
that update the weights of such a network using update
steps

Wi < Wi—nAW,

where 1 is a small, constant learning rate, and AW is a
parameter update. The regular gradient-descent update is
given by

oL

where the expectation is estimated from the empirical
distribution consisting of M input-output pairs.

2. Node perturbation and forward gradients

Node perturbation (NP) is an alternative to gradient
descent that does not require global transmission of exact
gradients through the network. NP relies on comparing the
network states of a clean pass and a noise-perturbed pass,
in which noise is injected into the preactivation of each
layer to yield a perturbed output

Xi=f(a+e), (2)

where €; ~ N (0, 021)) is a noise vector and [; is an N; x N;
identity matrix. We define the loss differential as 6L =
L) — L(xy),in which L£(%;) is the loss for the noisy out-
put and L(x;) is the loss for the clean output. Conventional
node perturbation employs the update rule

ST =0 (8Lex ). A3)

The issue with this formulation is that it does not perform
well relative to gradient descent, requires a clean forward
pass, and assumes that the noise is measurable.

In Ref. [20], activity-based node perturbation (ANP)
was introduced as an alternative to regular NP whose
updates are more aligned with the gradient direction, sim-
ilar in spirit to the forward gradient approach of Refs.
[28,29]. ANP employs the more advanced update rule

50(1
WP =N{ 8L —— x| 4

where N = ZIL:] N, is the total number of units in the net-
work, da; = Ez}l) - szz) is the activity difference at layer /
for two forward passes perturbed by different noise real-
izations, and da = (8ay,...,d8a;) is the concatenation of

all activity differences.
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Note that ANP does not require a clean forward pass;
instead, it can compare two noisy passes without the need
for access to the noise signal. This is ideally suited to
application in noisy physical hardware, which can provide
controlled noise, as detailed below.

3. Input decorrelation

For single-layer networks, we can show that ANP is
robust, is highly performant, and trains extremely well;
however, although ANP is more aligned with the true
gradient, its performance still lags significantly behind
that of gradient descent in multilayer networks. It was
shown in Ref. [20] that this performance gap can be over-
come by ensuring that the inputs to each network layer
are decorrelated. That is, using a decorrelating transform
X; = Ryx;, we replace x; with its decorrelated representation
X; for multilayer networks. It was shown in Ref. [30] that
the decorrelation matrix R; can be learned in an iterative
manner using the update rule

R[ < Rl — € ()_Cl)_ClT — dlag ()TT?))R[,

where € is a small constant learning rate and R; is initial-
ized as the identity matrix. Integrating this into the preced-
ing leads to DANP, which has been shown to approach the
performance of stochastic gradient descent in multilayer
networks [20].

B. Stochastic magnetic tunnel junctions

Our goal is to demonstrate how noise-based learning
can be implemented in networks composed of stochas-
tic magnetic tunnel junctions. sMTJs are magnetoresistive
elements in which the thermal fluctuation of the mag-
netization leads to random fluctuations of the resistance
[16,31]. The origin of the resistance fluctuations is the fluc-
tuation of a ferromagnetic free layer in a magnetic tunnel
junction, while the fixed reference layer is designed to be
stable over the timescale of the device lifetime. Specifi-
cally, by tuning the anisotropies, one can obtain two-level
fluctuations, leading to a volatile resistive element with
telegraph noise [32]. If the energy barrier between local
energy minima is of the order of k37, this switching occurs
on easily measurable timescales. This volatile behavior
of the magnetic free layer is called superparamagnetism,
and for a magnetic tunnel junction (MTJ) with a typically
designed uniaxial anisotropy, this results in a two-level
switching with dwell times down to nanoseconds [31,33].

The fluctuation time, or dwell time 7, can be described
within the “macrospin” approximation using the Néel-
Arrhenius law [34]

T = 7o exp(Ep/kpT), )

where E}, is the energy barrier between the states, T is the
temperature, and 7y is the attempt time. Here, the mag-
netic tunnel junction is based on a CoFeB/MgO/CoFeB
interface exhibiting a tunnel magnetoresistance ratio of
over 100% and a resistance area product of approxi-
mately 15 Qum?. The tunnel magnetoresistance (TMR)
stack used for the MTJ devices was deposited by rf- and
dc-magnetron sputtering (Singulus Rotaris) at room tem-
perature and subsequently annealed at 300 °C for 1 h under
a 300-mT in-plane magnetic field. The composition of the
stack, derived from a previously developed configuration
[35], is as follows, with film thickness specified in nanome-
ters: Ta(10)/Ru(10)/Ta(10)/PtMn(20)/CoFe(2.2)/Ru(0.8)/
CoFeB(2.4)/MgO(1.1)/CoFeB(3.0)/Ta(10)/Ru(30). MTJ
nanopillars were patterned into circular shapes with a
diameter of 60 nm using electron beam lithography.
These MTlJs exhibit low in-plane uniaxial anisotropy in
the ferromagnetic free layer, resulting in superparamag-
netic switching between the parallel (low-resistance) and
antiparallel (high-resistance) states.

Due to their inherent randomness, full complementary
metal-oxide semiconductor (CMOS) compatibility, robust-
ness, and energy efficiency, MTJ devices are excellent
candidates for neuromorphic hardware harnessing noise-
based learning algorithms such as ANP. This noise source
not only allows for the generation of correlation-free true
randomness [31] but also for the generation of noise based
on specific probability distributions through appropriate
interconnection of multiple sMTJs [36]. An additional
advantage lies in the tunability of the MTJ state probabil-
ity and fluctuation rate through applied magnetic fields or
injected currents exerting torques on the free layer.

C. Learning with sMTJ noise
1. Analog learning

Since the main advantages of noise-based learning with
sMTlJs are realized in fully analog circuitry, we provide
a minimal ANP-perceptron circuit design, as illustrated in
Fig. 1. In this system, voltages function as inputs, while
resistances function as weights. Noise due to the fluc-
tuating resistance of the sMTJ is injected into the node
as a volatile voltage source connected to an operational
amplifier within a voltage adder circuit. This configuration
enables the multiply-accumulate operation of the node. A
leaky rectified linear unit (ReLU) activation function is
implemented through a voltage-divider circuit with two
diodes. The design can be expanded upon by connect-
ing multiple sMTJs in series to deliver multilevel noise.
This is the case for a resistance-based setup, as shown
here. Alternatively, one might want to work with conduc-
tance, in which case a parallel setup should be used. A
single sMTJ will provide two-level noise, and a series of
n sMTlJs will provide multilevel noise ranging from n + 1
(if the TMR of each sMTJ is exactly the same) to 2" (if
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FIG. 1. (a) Illustration of the ANP network implementation
with sMTJs as a perturbation source. A single sMTJ provides
the required random noise for each node at each layer in the
network. (b) ANP-perceptron circuit as an analog implementa-
tion of sMTJs and CMOS transistors. An sMTJ is used as a
random stochastic perturbation source in the circuit. Weighting
is implemented as (analog) resistive weights, and the ReLU-
like activation function is implemented using two diodes. The
multiply-accumulate operation is carried out by an operational
amplifier in the configuration of a summing amplifier.

the TMR of each sMTJ is distinct). This offers more fine-
grained perturbations, which can improve overall training
performance. Additionally, the average fluctuation rate is
increased by adding more sMTJs, as this is given by I' =
1/t* =Y, 7, ", where t* is the average dwell time of
the sMTJ ensemble and t; the average dwell time of the
ith sMTJ. A higher fluctuation rate increases the noise-
generation bandwidth, allowing for shorter iteration times.
Although a complete design including CMOS circuitry to
implement the learning dynamics is feasible due to the
local nature of the learning rule, this is reserved for future
work.

2. Measured sMTJ noise

In our experiments, to demonstrate learning with real-
world sMTJ noise, we use a time series measured from
a single sMTJ as the perturbation source. This is imple-
mented in a linear fashion, where neuron i + 1 receives the
signal sampled one timestep after neuron i. This approach
inherently introduces strong autocorrelations, and it thus
serves as a worst-case scenario in which a single sMTJ
provides noise for an entire network.

In addition to using real SMTJ noise in larger networks,
we provide a proof-of-concept demonstration in which an

sMTJ is measured in real time using an Arduino to perform
online learning.

3. Simulated sMTJ noise

To show the potential of the large-scale application of
sMTlJs, we employ an approach in which we construct a
hidden Markov model with two states and a noisy observa-
tion. The parameters of this model are statistically derived
from the time series of a single SMTJ. Details can be found
in Appendix A.
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FIG. 2. (a) Time series of an sSMT]J circuit for the generation
of noise under three different biases originating from external in-
plane magnetic fields ranging from approximately —3 to +3 mT.
The top, center, and bottom panels display the switching behav-
ior of the same sMT]J, along with histograms illustrating their
respective probability distributions. (b) Autocorrelation of the
sMTJ noise signal for sMTJs with the three different field biases
shown in (a). The autocorrelation function was calculated from
2500-s-long time-series measurements.
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4. Approximated sMT.J noise

A single sMT]J can be considered as a Bernoulli random
variable with dwell times distributed according to a Pois-
son distribution. For this approximation, we assume that
when noise is needed, the dwell time will already have
passed. Thus, we draw from a symmetric Bernoulli distri-
bution, scaling the result by a factor «. If multilevel noise
is desired, 2 samples are drawn and summed.

III. RESULTS

A. Noise characterization

Figure 2 illustrates the stochastic random noise gener-
ated by superparamagnetic tunnel junctions. The data were
acquired for 2500 s using an oscilloscope (with a sampling
rate of 40 kHz, adapted to the dwell time of the sam-
ple used). A measurement from a single stochastic MTJ
is shown in Fig. 2(a). The state probability is random,
but it can be tuned electrically via spin-transfer torques
[31] or magnetically via external in-plane magnetic fields.
Biases may also arise intrinsically due to adjacent mag-
netic fields or as a result of the sSMTJ fabrication process.

We generate two-level noise with different probability
distributions using external field biases.

When considering the autocorrelation function of these
time series, the correlation time scale of the noise signal
can be obtained, which specifically depends on the indi-
vidual fluctuation rates of each sMTJ. The autocorrelation
for the three different measured time series of Fig. 2(a) is
plotted in Fig. 2(b). Depending on the sMT]J bias, the signal
is decorrelated after 1 ms at the latest in the sample used;
however, we note that with the demonstrated nanosecond
dwell times, this can be orders of magnitude faster.

B. Training single-layer sM'TJ networks

We tested the validity of our approach by examining
learning behavior in simulated sMTJ networks. Figure 3
shows the final performance of single-layer networks
(trained for 100 epochs) using the ANP formulation.

Importantly, the ANP approach is robust to a signif-
icant range of choices of parameters and noise sources.
Figure 3 shows how training of a single layer is robust
to learning rate and noise scale, regardless of whether the
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N(O, o°I) 04— . . r T : : : . -
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FIG. 3. Parameter robustness of ANP in a single linear-layer network trained on the MNIST dataset. The accuracies shown are the
training accuracies reached after 100 epochs of training with the selected parameters using a categorical cross-entropy loss. Note that
these results show slices of a parameter-sweep hypercube, such that the error bars show the maximum and minimum performance
for a given parameter value as measured across all options for the other remaining hyperparameters. Thus, the error bars can be
relatively large if they are susceptible to change from other hyperparameters. The hyperparameters include the learning rate (1), the
noise variance (o2), a multiplicative scaling factor applied to the noise («), the Bernoulli noise-source number (1), and the Bernoulli
probability (p). The gray horizontal lines indicate the best BP performance based on the best simulation outcome when BP networks
are trained for 100 epochs over learning rates € {0.1,0.1 x 27!,...,0.1 x 27°}.
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noise is sampled from a Gaussian or binomial distribu-
tion. Furthermore, in the regime of the proposed sMTJ
setup (Bernoulli distribution), we can also observe suc-
cessful learning. Note that the gray horizontal lines here
correspond to the maximum accuracy of a BP-trained net-
work after 100 epochs when trained across the same set of
learning rates.

C. Training multilayer sMTJ networks

Next, we wished to determine whether multilayer neural
networks can be trained with real-world sampled noise. We
therefore applied our approach for training in multilayer
perceptrons with noise sampled from a long recording
session with a single sSMTJ.

Figure 4 shows the results of these simulations, in which
fully connected networks (comprising an input layer, three
hidden layers of 500 nodes, and finally an output layer of
10 or 100 nodes) are trained using the DANP algorithm
with noise sampled directly from a time series of sMTJ-
generated noise. For this training, no clean passes were
computed, and instead only noisy passes were computed
for the DANP rule. Since backward gradient machinery is
not feasible to implement in physical learning systems, we
include the maximum values for the BP-trained variants of
these networks as a theoretical optimum.

In these results, we can see that the DANP-trained sim-
ulations are capable of learning to a significant degree.
Their performance does not reach as high as that of BP,
but they still perform significantly above the 10% and 1%
random-guess accuracy on the test set for CIFAR10 and
CIFAR100, respectively. In particular, for CIFAR100, the
test performance comes close to that of BP and is still
increasing at the end of the simulation. For both CIFAR
results, DANP has slightly higher accuracy in testing than
in training. This can be attributed to the fact that the test
set has no augmentations and the tendency for (D)ANP to
generalize well, limiting overfitting on the training set [37].

Even in the extreme case, in which we use real-world
data sampled from a single sMTJ and provide this as
noise to each node sequentially, the learning closely fol-
lows that of the network with simulated sMTJ noise. When
injecting this measured noise into the nodes of this sys-
tem, subsequent samples of noise from that single sMTJ
were taken as the injected noise, meaning that the net-
works experienced noise with high degrees of autocorre-
lation between neighboring units. This can be seen as a
worst-case scenario for learning with real-world noise, and
yet the networks are still shown to yield reasonable test
accuracy. The fact that a state-of-the-art multilayer neu-
ral network can be trained without backward passes of the

MNIST Train CIFAR10 Train CIFAR100 Train
80 1 4
100 80 [r——
704 mmm DANP (Simulated sMT) noise)
98 4 604 mmm DANP (Physical sMT) noise)
9 60 1 = Random guess
g 96 50
g 40
3 404
U 944
< 30
201
921 201
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90 T ™ T ™ T ™ T ™ 0 T ™ T ™
0 500 1000 1500 2000 2500 0 500 1000 1500 2000 2500 0 500 1000 1500 2000 2500
09 MNIST Test CIFAR10 Test CIFAR100 Test
30 ¢
98 60 -
97 2541
50 1
§ 96 20
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91
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20 r : - v r v T - 01 : : T -
0 500 1000 1500 2000 2500 0 500 1000 1500 2000 2500 0 500 1000 1500 2000 2500
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FIG. 4. Training convergence of multilayer neural networks trained by BP vs DANP with noise either simulated from multiple
sMTJs or sampled from a real single sSMTJ on three different tasks: MNIST, CIFAR10, and CIFAR100. For CIFAR, training samples
have been augmented by randomly cropping and flipping them. These networks consist of the input layer, followed by three hidden
layers of 500 units, and finally by an output layer of 10 or 100 units. The training parameters were chosen based upon a parameter
sweep (see Appendix A). The maximum accuracy achieved by BP is shown using a black line as a theoretical upper bound, while the
random-guess lower bound is shown in red. Envelopes represent the maximum and minimum accuracies across five randomly seeded
repeats. Noise for the DANP simulations was either (1) simulated using an independent sSMTJ noise source simulated for every node
of a network, or (2) taken from data collected from a single sSMTJ, such that the time-series data collected for the SMTJ were directly
used as noise for nodes in a serial fashion. That is, each node is given noise in order from the sMTJ time series from the input layer of
the network to the output layer. In all cases, the DANP algorithm operates with two noisy passes.
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conventional, computationally expensive backpropagation
algorithm, relying instead solely on noise injected from a
real physical system, is encouraging—even under this lim-
iting condition of a single noise source driving all units
sequentially. Appendix A provides the hyperparameters
and tuning process for these simulations.

D. Experimental validation

Finally, we demonstrate effective sMTJ learning applied
within physical hardware. For this, we make use of the
experimental setup shown in the inset of Fig. 5. We employ
an Arduino Uno, which has 14-bit resolution on its analog
pins to read the voltage level at the sMTJ and supply volt-
age via 3.3-V pins. The essential part is a voltage divider
between a resistor of 100 k2 and the MTJ, whose resis-
tance is of the order of 3—6 k2. An MCP601 operational
amplifier is used as a unity-gain buffer. The Arduino is
set up with Telemetrix [38], which allows for direct com-
munication via Python. The network runs within Python
and reads the noise directly sampled by the Arduino. The
noise is integrated via a noise-sampler function that saves
a buffer array of 200 noise values, with new values contin-
uously added and old ones removed. When a noise-sample
call is received, the code waits for 1 ms before returning
a shuffled list of the 200 stored values. The wait time is
chosen to mimic the 1-kHz readout speed of the Arduino
so that upon each call, at least one new value is present.

To quantify the learning performance, we tested the
setup for its ability to approximate the input-output map-
ping of a ground-truth, randomly initialized, 2 x 2 x 2 x 1
network. A total of 100 samples was generated using
this ground-truth network. Figure 5 demonstrates effective

Analog inputc]

101

Arduino Op-Amp

% svof
o + -
f 33v

9

Loss

o e

FIG. 5. Boxplot of the loss of an ANP network employing a
single sMTJ as a noise source for 100 epochs. The whiskers
show extremal values excluding outliers, while the boxes rep-
resent the 25th to 75th percentile values. A total of 100 samples
was used for each epoch. The inset shows a schematic of the cir-
cuitry employed to read a single sMTJ using an Arduino Uno.
The training parameters are reported in Appendix B.

learning as weight changes reduce the loss, which is robust
over 100 epochs, with small deviations for the loss after
50 epochs of training. With this, we demonstrate a simple
and, in principle, scalable approach to reading sMTJs and
using a physical system as a source of on-the-fly generated
noise in our proof-of-concept hardware device.

IV. DISCUSSION

Our results demonstrate—both in simulations and an
actual physical experiment—that learning based on phys-
ical noise is a viable strategy. We show that these results
are robust under variations of normal and Bernoulli-
distributed physical noise (see also Ref. [39] for a moti-
vation for the use of the latter). Our findings suggest that
our strategy may be generalizable to many physical noise
sources, opening the door to noise-based learning in a wide
range of physical systems.

A next step in the development of physical learning
machines would be to incorporate not only the noise pro-
cess but also the forward propagation of activity and input
decorrelation, as well as the updating of parameters in the
physical substrate. Importantly, activity-based node pertur-
bation relies only on local operations, apart from a global
feedback signal that encodes and scales the loss difference.
Additionally, the iterative decorrelation is local at the layer
level. These properties offer enormous potential for learn-
ing in physical hardware, reducing the circuitry required
and leading to significant energy savings.

Beyond the current line of research, we also see poten-
tial for the further integration of noise-based learning
approaches into noisy physical materials and noisy mod-
els. These include formulating noise-based learning within
Hamiltonian system descriptions of physical systems,
within sampling-based models for parallel sampling, and
learning, among many other scenarios.

With the development of our advanced noise-based
learning approach, we contribute to the development of a
generation of intelligent systems that are directly realiz-
able in a range of (noisy, analog) physics-based hardware
implementations [40].
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APPENDIX A: SIMULATION-BASED
HYPERPARAMETERS

To produce the simulations shown in Fig. 4, multilayer
neural networks were constructed using PYTORCH. These
consist of three fully connected hidden layers of 500 units
following the input, and finally a readout layer of either
10 or 100 units. The Adam optimizer was used for both
BP and DANP, with ; = 0.9, 8, = 0.999, and € = 1073,
A categorical cross-entropy loss was used for training.

To determine optimal parameters, a parameter sweep
was carried out over a range of learning rates for n and
€. For every (pair of) values, a single seed of the neural
network was trained for 1000 epochs to find the param-
eters that produced highest test accuracy at the end of
training. We selected on test accuracy to mitigate overfit-
ting. The learning rates were tested from the set {0.1,0.1 x
271,0.1 x272,...,0.1 x 272°). The final selected learn-
ing rates are shown in Table 1.

For the simulated sMTJ simulations, sMTJ responses
were simulated as a hidden Markov model (HMM) with
two states and noisy observation. The transition probability
between the two HMM states was computed statistically

TABLE 1. Hyperparameters corresponding to simulations
shown in Fig. 4.

Learning algorithm Dataset n €

BP MNIST 0.1 x27° —

BP CIFARIO 0.1 x 2714 -

BP CIFAR100 0.1 x271 -
DANP, simulated noise MNIST 0.1 x271 01x27"
DANP, simulated noise CIFAR10 0.1 x27'2 0.1 x27Y
DANP, simulated noise CIFAR100 0.1 x 2712 0.1 x27%
DANP, measured noise MNIST 0.1x2"" 0.1x27"
DANP, measured noise CIFAR10 0.1 x2712 0.1 x271°
DANP, measured noise CIFARI00 0.1 x 2719 0.1 x2714

from our single sSMTJ noise data and was symmetric (p =
0.0809), the states had two distinct mean value outputs
(1 = 0.0480, pr, = 0.0362), and the observation noise of
these states was Gaussian (mean zero and o = 0.001).

APPENDIX B: HARDWARE-BASED
HYPERPARAMETERS

To showcase the possibility of live learning using phys-
ical sSMTJs, we use a 2 x 2 x 2 x 1 network, as described
in the main text. In this way, we tested a parameter sweep
over the learning rates n € {1,5x 107", 1 x 107,7 x
1072,4 x 1072,1 x 1072,7 x 1073,4 x 1073,1 x 1073, 5
x 107} ande € {1 x 1072,5 x 1073,1 x 1073,7 x 1074,
4x107%,1x107%,7 x107°,4 x 107>, 1 x 107°, 5 x
107%}. The parameters finally selected to produce Fig. 5
weren =1x 103 ande =1 x 1074,

APPENDIX C: CODE AND REPRODUCIBILITY

The code used to produce the results in Fig. 4 is
available on GitHub at https://github.com/artcogsys/MTJ-
Node-Perturbation.git. The sMTJ time-series data are
available on Zenodo [41].
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