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In many brain areas, neurons exhibit continuous changes in
their tuning properties over days, even when supporting stable
percepts and behaviors—a phenomenon termed representa-
tional drift. How do neuronal circuits maintain stable function
when their constituent elements are in constant flux? Here, we
review recent theoretical and experimental work on inter-
connected levels, ranging from perpetual changes in synap-
ses driving drifts in tuning of individual neurons to emergent
stability at the population level, preserving similarities of ac-
tivity patterns associated to specific percepts or behaviors. We
propose that statistical learning, beyond its well-established
roles during development and adaptation to new contexts, is
also essential under steady behavioral and environmental
conditions to safeguard the stability of representational simi-
larities. We discuss implications for learning, memory, and
forgetting. This framework reconciles the apparent paradox
between unstable neural activity and stable perception,
suggesting that representations are maintained through dy-
namic processes rather than static neural codes.
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Representational drift

Behavior and sensory experiences can remain remark-
ably consistent over extended periods, from weeks to a
lifetime. When we hear a song, specific neuronal popu-
lations in the auditory cortex become active. One might
assume that hearing the same song days later would
reactivate the same neurons. However, recent research
suggests that the tuning of neurons linked to stable
behaviors or sensory representations is not fixed but
instead changes over hours to days. This phenomenon,
known as representational drift, has been observed in
various brain regions, including the motor [1], barrel [2],
parietal [3], olfactory [4], visual [5], and auditory
cortices [6], as well as the hippocampus [7—9].

The discovery of representational drift has sparked
discussions about its functional implications, as changes
in neuronal tuning appear to contradict the idea of a
stable percept or memory [10]. Traditionally, the activ-
ity pattern associated with a particular sensory stimulus
is thought to constitute its neuronal representation,
forming the basis of perception. However, representa-
tional drift suggests that the same stimulus can have
multiple representations over time. This, in turn, im-
plies that activation of different neuronal populations
may generate the same percept. This raises a funda-
mental question: What connects these different
neuronal representations, or activity patterns, to a
consistent and stable percept?

Representation of similarities

An influential concept from cognitive science may offer
insight into this puzzle: The representation of abstract
cognitive entities, such as percepts or memories, can be
understood as a representation of similarities [11,12]. In this
framework, it is not the particular properties of a sensory
stimulus that are primarily encoded in the correspond-
ing activity pattern. Various activity patterns rather
encode the relatedness between the associated repre-
sentational entities by a larger or lesser degree of simi-
larity. Recent developments have expanded on this idea,
proposing that neural representations form maps that
encode relationships between stimuli [13—15].
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Depending on the level of hierarchical processing, these
relationships may capture either fundamental percep-
tual features or more abstract semantic aspects. Notably,
this coding scheme is degenerate: different pairs of
activity patterns can encode the same degree of
relatedness as long as they exhibit the same level
of similarity. Consequently, representational maps
convey the underlying relational structure of neural
information independently of the specific activity
patterns [16,17].

To better differentiate between these two levels of
representation, we will focus on ‘activity patterns’ as the
classical neuronal representation of a sensory stimulus at
a given time point, while ‘representational similarity’
will be used to describe the higher-level correlate of the
representation of cognitive entities.

How can the relational structure of a representational
map remain stable despite continuous changes in the
tuning of individual neurons? This principle can be
illustrated with a simple analogy (Figure 1). Imagine a
circle drawn on a three-dimensional object (or manifold),
such as a chess pawn (Figure 1a). As the object rotates,
the three-dimensional coordinates of the points on the
circle shift continuously, much like drifting neuronal
activity patterns (Figure 1b). However, the geometric
relationships between these points—their relative dis-
tances and the overall circular structure—remain un-
changed (Figure 1c).

The relevance of this analogy becomes evident when
examining longitudinal recordings of neuronal popula-
tion activity in the mouse auditory cortex, previously
published [6]. Over multiple days, individual neurons
exhibit changing responses to pure tones of different
frequencies (Figure 1d). However, the overall pairwise
similarities between population responses remain
structurally consistent, preserving the perceptual relat-
edness between stimuli (Figure 1e).

The common experience of a stimulus consistently
evoking the same percept suggests that its represen-
tational similarity and the structure of the representa-
tional map in which it is embedded remains stable.
Indeed, recent studies have reported the persistence of
representational similarities across various brain re-
gions. For instance, Gallego et al. [18] demonstrated
that although neuronal activity patterns in the macaque
motor cortex continuously changed, the representa-
tional similarity between population patterns of
different movement directions remained intact. Simi-
larly, in the mouse visual cortex, the internal structure
of population activity elicited by naturalistic movies
was preserved over multiple days [5,19]. Comparable
findings have been made in the hippocampus. Rubin
et al. [20] and Sheintuch et al. [21] showed that while
the specific neurons encoding a task changed over time,

the abstract representational structure reflecting
alternating runs between rewarded ends of a linear
track remained stable across both time and experi-
mental subjects, appearing as a consistent pattern of
similarities within neural state space. The structure of
a representational map appears not only to be resilient
to tuning changes of individual neurons, but even has
the capability to recover after a transient disturbance
induced by the targeted ablation of individual neu-
rons [22].

These findings highlight that when considering the
term “representational drift”, it is important to note
that while the tuning of individual neurons indeed
drifts, the representational similarity—defined as the
different degrees of similarities of the activity patterns
associated with the corresponding representational
entities—appears to remain stable.

Drift in synaptic connections

Despite the abundance of studies documenting repre-
sentational drift, the mechanisms driving these changes
are less well understood. Ongoing changes occur not
only in neuronal tuning but also in the network structure
in which neurons are embedded. Synapses—both excit-
atory and inhibitory—undergo continuous modifications,
including the formation and elimination of connections
as well as changes in synaptic strength. The steady-state
dynamics of synaptic changes have been shown to shape
fundamental statistical properties of neuronal circuits,
such as the size distribution of synaptic connections or
their overall density [23,24]. These dynamics have been
observed to varying degrees across different brain re-
gions, even under stable environmental and behavioral
conditions [25,26]. While multiple processes may
contribute to the tuning changes associated with
representational drift, including changes in intrinsic
excitability [27,28], alterations in a neuron’s synaptic
inputs appear to be a key factor.

Synaptic changes fall into several categories: Synaptic
modifications can be driven by experience, as seen in
classical Hebbian forms of activity-dependent plasticity;,
which play a crucial role in learning and memory [29].
Other mechanisms include internal state-dependent
synaptic plasticity [30] and homeostatic synaptic plas-
ticity, which serves to stabilize neuronal activity by
counteracting excessive change and maintaining func-
tional network dynamics [31]. Growing evidence sug-
gests that synaptic changes can also occur through
stochastic, activity-independent processes. These
changes stem from the biochemical properties of syn-
aptic structures and the inherent randomness of mo-
lecular processes at synapses, such as receptor
trafficking, protein turnover, and the probabilistic
nature of neurotransmitter release [26]. Notably, such
stochastic synaptic changes persist even in the absence
of neuronal activity [23,32,33].
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Representational similarity remains stable despite changing activity patterns. a) A rotating 3D manifold (illustrated by a chess pawn) contains

eight points representing different stimuli arranged in a circular pattern. While the rotation changes the spatial coordinates of each point, their relative
positions and distances remain constant. In this illustration, the three spatial dimensions represent activities of three hypothetical neurons n;. b) The 3D
coordinates of these points change during rotation. ¢) Despite coordinate changes, the distance matrix between points and their projection onto the first
two principal components remains preserved. d) Similar dynamics become apparent in recordings from mouse auditory cortex [6], where the responses
to a set of 15 pure tones drift over time, as shown for 5 example neurons. e) Despite these changes in tuning, the representational similarity remains
largely stable on a population level, as shown by correlation matrices and principal component projections (analysis considering the 1000 most active
neurons recorded from 12 animals).

Changes in synapses may underlie

representational drift

While some studies have explored how neural circuits
can sustain stable activity patterns despite continuous

synaptic perturbations [34—36], recent theoretical work
has increasingly focused on capturing the phenomenon
of representational drift and clarifying the relationship
between synaptic changes and neuronal tuning shifts.
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Several recent studies have explored learning-
dependent synaptic changes as a potential driver of
representational drift. Devalle et al. [37] made a notable
contribution by showing that continuous Hebbian
learning alone can account for key experimental obser-
vations of drift. Their model reconciles seemingly con-
tradictory findings by demonstrating that re-exposure to
a stimulus can either accelerate drift [38] or promote
stabilization [4], depending on the degree of Hebbian
learning associated with other stimuli in the interim.
Complementary work by Ratzon et al. [39] proposed
that representational drift emerges during continual
learning of a single stimulus as a form of implicit regu-
larization: after rapid initial learning and slower consol-
idation, network activity becomes sparser as the
network shifts between multiple equally effective so-
lutions within a degenerate solution space. Similarly,
Qin et al. [40] showed that ongoing Hebbian-like
learning can preserve a stable task readout in a
network of neurons showing tuning drift. Both of these
latter studies focused primarily on the representation of
a single stimulus. Notably, while all three models high-
light the importance of learning-dependent mechanisms
in driving representational drift, they also incorporate
stochastic elements.

These studies align with a broader perspective that in-
terprets representational drift as a natural outcome of
continuous learning in neural circuits. Driscoll et al. [41]
articulated this view, suggesting that ongoing changes in
neural representations reflect adaptive processes rather
than mere instability. Supporting this idea, Duncker
et al. [42] demonstrated that continual learning in
recurrent networks drives persistent shifts in neural
activity patterns while preserving task performance.
Such ongoing learning processes may also serve a
computational role: Johnston & Fusi [43] showed that
sequentially learning multiple tasks can give rise to ab-
stract representations that enhance generalization.

In addition to studies focusing solely on continuous,
learning-dependent changes, several others have explic-
itly examined how stochastic network changes interact
with synaptic plasticity driven by learning. Theoretical
work has proposed that effective learning and memory
require an optimal balance between these two forms of
synaptic changes [44,45]. Interestingly, the magnitude of
stochastic changes has been suggested to be at least
comparable to that of learning-induced changes [45].
Recent experimental work provided evidence for such a
balance: Bauer et al. [46] showed that sensory depriva-
tion in the mouse visual cortex altered the direction but
not the magnitude of tuning drift in neurons. This
observation was interpreted as Hebbian plasticity not
being the main driver of representational drift, but rather
steering its direction to match the statistics of the
environment. Consistent findings were made in the
mouse auditory corteX, showing that fear learning merely

induced biases in the ongoing dynamics of sensory rep-
resentations [6]. New analyses of this dataset by Eppler
et al. [47] revealed that the long-term dynamics of signal
and noise correlations in the cortex could only be
reproduced in a model incorporating balanced Hebbian
and stochastic forms of synaptic changes.

Together, a picture emerges in which, alongside
Hebbian plasticity, stochastic changes in synapses may
represent a fundamental yet underexplored property of
the brain. The degree of stochasticity within the
neuronal network parallels the concept of temperature
in physical systems, which similarly reflects the degree
of stochasticity [48]. In the future, it will be interesting
to test to what extent this level of stochasticity can be
regulated in a physiological context.

Statistical learning for stable
representational similarities

Given recent findings suggesting that representational
drift under stable conditions reflects a balance between
Hebbian and stochastic synaptic changes, the following
questions arise: What might drive ongoing Hebbian
plasticity? And could this continuous form of learning
help maintain representational similarities as individual
neuronal responses change over the course of hours
to days?

Interestingly, statistical learning operates within similar
timescales as representational drift, ranging from mi-
nutes [49] to hours and days [50] and even weeks [51].
Statistical learning—the ability to extract regularities
from the environment through experience—has been
widely documented across various domains. Initially
demonstrated in infant language acquisition [52], where
infants identify word boundaries from continuous
speech based on transitional probabilities, statistical
learning has since been shown to occur across visual
[53], tactile, and auditory modalities [54]. This learning
process unfolds automatically, often unconsciously,
typically without explicit reinforcement, and updates
internal models based on environmental statistics in
ways that can be formally described through Bayesian
inference [55]. The domain-general nature of statistical
learning is clear in both its broad applicability [56] and
its neural implementation [57], with theoretical
frameworks offering robust mathematical foundations
for understanding these learning processes [58]. How-
ever, statistical learning is traditionally thought to
modify neuronal activity patterns during development
or when needed to adapt to new environmental condi-
tions. But could it also play a role in maintaining stability
under consistent environmental conditions?

We propose that continuous statistical learning may also
serve as a major driver of the Hebbian component of
continuous synaptic changes. By counteracting sto-
chastic synaptic fluctuations, along with homeostatic
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mechanisms [31], statistical learning functions as a
stabilizing mechanism, preserving stable representa-
tional similarities even in unchanging environments.
Thus, even when neural circuits experience consistent
environmental statistics—whether in the form of stim-
ulus relationships, task structure, or movement
patterns—statistical learning may be required to main-
tain these regularities in the neural code. Through sta-
tistical learning, the environment may act as a stable
reference frame for neuronal dynamics during drift. This
dynamic balance between undirected, random fluctua-
tions and directed, structured learning could allow
neuronal circuits to maintain representational similar-
ities while retaining plasticity [45].

Figure 2
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If stochastic changes in the network were left un-
checked, the overlap between activity patterns evoked
by two stimuli would fluctuate unpredictably
(Figure 2a), altering representational similarity and,
consequently, the overall representational structure.
However, by maintaining a consistent number of neu-
rons responding to each stimulus and preserving their
overlap, the representational structure remains stable
despite drift in responses of individual neurons
(Figure 2b). The ongoing process of statistical learning
counterbalancing stochastic synaptic changes can be
likened to the idiomatic expression of ‘herding cats,’
describing an almost impossible task requiring contin-
uous effort. In this analogy, statistical learning functions
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as a shepherd with dogs, skillfully bounding the sto-
chastic changes in the neuronal network, represented by
the cats, to uphold the representational structure of the
environment (Figure 2c).

This perspective suggests a fundamental connection
between representational drift and statistical learning.
Conceptualizing continuous statistical learning as a
safeguard for stable neuronal representations raises the
question of what happens when this mechanism fails.
Notably, humans tend to avoid sensory input with low
empirical entropy, a measure of information content,
which correlates with perceived boredom [59]. As a form
of negative affect, boredom likely serves as an adaptive
drive helping to continuously sustain statistical learning
[60]. Supporting this idea, recent research shows that
novel, enriched environments help stabilize hippocam-
pal representations [61].

Functional implications of a dynamic
substrate for memories

Traditionally, changes in mature, healthy neuronal
circuits were thought to only occur in response to
external stimuli. However, the emerging view of a
continuously remodeling neural network challenges
classical models of memory storage and forgetting,
which assume memories are imprinted onto a largely
static structure [62]. Future research should explore
how representational drift influences long-term
memory and forgetting.

Twvo classical theories offer complementary perspectives
on forgetting, both aligning with our framework: trace
decay theory suggests memories fade over time
[63—65], while interference theory posits that mem-
ories degrade when replaced by new information
[66,67]. These theories parallel the mechanisms of
representational drift—stochastic synaptic changes may
drive time-dependent decay, whereas Hebbian plas-
ticity may underlie interference by integrating new ex-
periences [37,38,47].

Rather than a mere failure of memory retention,
forgetting may serve an adaptive role, enabling neuronal
circuits to clear outdated information and optimize
encoding of relevant experiences, ultimately enhancing
adaptability to new environments.

Furthermore, we speculate that the interplay between
stochastic changes and statistical learning might also
play a role in spontancously generating novel associa-
tions between neural representations, a process often

linked to creativity [68]. Such generation of new con-
nections is thought to emerge through a combination of
variability and selection of viable solutions [69]. In our
framework, stochastic changes could serve to sponta-
neously generate novel combinations of neural activity
patterns, potentially providing a neural substrate for
creative processes [70].

Summary

Together, we here propose a framework in which the
inherent instability of synapses is balanced by synaptic
changes induced by statistical learning, helping to pre-
serve the functionally relevant aspects of neural repre-
sentations by continuously reinforcing the statistical
structure of the environment. Understanding this
interplay between representational drift and statistical
learning may shed light on the basis underlying the
intrinsically dynamic nature of neuronal circuits that can
be observed even under stable environmental condi-
tions. This fundamental property is likely advantageous
for adaptive behavior and continuous learning in
changing conditions and superior to an otherwise static
system in which plastic adaptations occur solely as a
reaction to outside triggers.
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