university of
groningen

The Dynamics and Role of Representational
Drift

Behavioural and Cognitive Neurosciences Essay

Daniel Grech
55529093

Supervisor: Prof. Dr. Robbert Havekes

University of Groningen
July 17, 2025



Abstract

The discovery of the memory engram; the trace of a memory encoded by specific patterns of activity
across a network of neurons, sparked intense investigation into how memories are stored, maintained, and
modified within the brain over time. More recently, it was found that these representations are not static
but tend to drift gradually, even as behavior remains stable. In this essay, I aim to understand the role
of representational drift by reviewing experimental findings from multiple aspects of this phenomenon.
I first discuss how memory representations can remain stable in spite of drift as well as its advantage in
allowing for flexible representations. I examine how active experience, as opposed to the mere passage of
time, differentially influences the progression of drift. I then review experiments observing drift across
different brain regions and their respective dynamics. Possible cellular and network-level mechanisms
driving representational drift are also considered. Finally, I attempt to integrate these insights with
existing theories of memory and propose future directions for research in this field. Together, this work
highlights the importance of drift within neural systems and its contribution within learning and memory.
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1 Introduction

Memory is an integral part of human cognition, en-
abling us to retain information from our environ-
ment, which is essential for learning and adaptation.
However, despite its importance, the biological ba-
sis of memory has long been a mystery. One of the
key concepts in the study of memory is the idea of
the “engram”; a term coined by the zoologist and
evolutionary biologist Richard Semon . Semon
proposed that experiences activate neural networks
which cause persistent structural changes. These en-
grams could then be reactivated upon recall by inter-
nal or external cues, serving as the biological sub-
strate of memory [2} [3]. Although this hypothesis
was initially dismissed, the concept found renewed
interest in Donald Hebb’s work. Hebb proposed the
idea that “neurons that fire together, wire together”;
later known as Hebbian plasticity. This theory de-
scribes how synaptic connections between neurons
are strengthened when they are activated simulta-
neously , and was later supported by experimen-
tal evidence with the discovery of long-term poten-
tiation (LTP); the lasting strengthening of synaptic
connections between neurons . This led to the
idea of engrams as neural representations formed
by strengthened synaptic connections which encode
memories [5].

In his pioneering experiment, Edward Tolman
trained rats to find food in a maze. Later, when
confronted with a blocked path, many rats chose
a new, shorter route toward the goal rather than
relying on the previously learned path @ This
showed that rats adjust their behaviour according
to where they expect goals to be located and pro-
vided evidence that spatial memory involves more
than simple stimulus-response associations. Instead,
Tolman’s findings demonstrated that rats can form
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Figure 1: Results presented by Driscoll et al. show-
ing how spatial coding in the posterior parietal cor-
tex drifts over time [1]. Each row represents the cal-
cium signal (averaged over trials) from a single neuron
and the horizontal axis corresponds to a task location.
When the data is sorted by which neurons were ac-
tive each day, it is revealed that a different neuronal
population codes for location. Over days, the way in-
dividual neurons responded to different task locations
slowly changed, where some neurons stopped respond-
ing to certain places, while others started or shifted
where they responded. Reproduced from .

mental representations of their environment, known as cognitive maps . Later neurophysiological ex-
periments highlighted the role of the hippocampus in maintaining cognitive maps, particularly with the
discovery of place cells - hippocampal pyramidal cells which exhibit distinct firing patterns when an animal
moves through specific locations in its environment Eﬂ These cells can undergo remapping in response
to environmental changes, where a cell can shift its firing rate or location . This phenomenon has been
observed for various stimuli, beyond spatial cues [11419]. In light of this, the concept of cognitive maps has
been generalised to apply to episodic memories where facts and events gained from experience are integrated
within a contextual framework or network, allowing flexible recall and adaptation to changing circumstances.



It was initially believed that although place cells vary their firing patterns depending on environmental
changes, the hippocampal representations which form the basis of the cognitive map remain unchanging
over time [20]. However, various studies have revealed that cognitive maps in mice can change drastically
in response to the same stimuli, which is generally observed over a period of weeks |1} |13} (L5} 21+23]. This
phenomenon is known as representational drift [24]. Over a timescale of days, only a small number of neurons
change their activity, leaving a stable correlation between neural activity and behavioural and environmental
factors. However, this change in activity accumulates over a period of weeks leading to a drift over a larger
population of neurons. Overall, previously active cells tied to specific variables often lose this correlation,
while new neurons adopt these activity patterns, with a few cells even shifting to respond to different variables
[25] (Figure . Representational drift has been observed in various regions of the brain including multiple
subfields of the hippocampus [13] 15 [26128| as well as cortical areas such as the visual [29], olfactory [23]
and motor [30, [31] cortices. It is important to note that although representational drift implies that the
brain’s internal map of the external world changes over time, others have noted that neural activity often
serves more complex computational roles beyond merely representing external stimuli [25]. While it can be
useful to generalize neural activity as forming representations in some cases, doing so may limit the range of
possible explanations. Instead, as Driscoll and colleagues suggest, it may be more accurate to view neural
activity as part of a continuously evolving dynamic system that interacts with the environment, rather than
simply creating static representations of stimuli [25].

To investigate representational drift, researchers have employed a variety of experimental approaches.
Recent techniques facilitate the recording of large populations of neurons, enabling finer tracking of neuronal
activity over time [32-434]. In particular, calcium imaging such as chronic 2-photon imaging [35, [36], allows
researchers to observe individual neuronal activity over extended periods of times, possibly up to months
[37,138] and can capture detailed images deep within the brain while causing minimal damage to the tissue
[39]. This technique detects light emitted by fluorescent molecules that bind to calcium, allowing researchers
to track increases in intracellular calcium levels associated with action potentials. On the other hand,
electrophysiology provides a direct measurement of electrical activity through electrodes placed directly
in the brain and is often used to monitor place cells and track changes in firing patterns. This enables
higher temporal resolution and higher precision in detecting individual spikes than calcium imaging [40} |41].
However, due to its invasive nature, it can cause greater neural tissue damage, especially in long-term studies
[42H44]. While the vast majority of the research in this area deals with animal models, some recent studies
have explored representational drift in humans |29 [45].

In this essay, I will explore several key aspects of representational drift. First, I will investigate memory
and how representational drift may play a part in keeping representations flexible such that they can be
updated while maintaining the required stability in memory. I will then analyse how repeated experiences and
the passage of time uniquely affect this drift. I will also review how representational drift manifests differently
across various brain regions. Next, I will consider the important mechanisms that drive this dynamic process.
Finally, in the discussion, I will integrate these insights and assess the purpose of representational drift, as
well as exploring future directions for research.



2 Memory Stability and Updating Stored Information

Effective learning requires a balance between stability and plasticity within long-term memory. Representa-
tions must be stable enough to be preserved over time, while allowing flexibility in their encoding to enable
the integration of new information. To achieve this balance, it is necessary to reconcile these contrasting
dynamics, known as the “stability-plasticity dilemma” [46].

2.1 The Stability-Plasticity Dilemma

Excessive rigidity leads to inflexible representations, which impedes memory updating. The entrenchment
effect describes the process by which early-learned knowledge becomes deeply ingrained, stabilizing memory
representations but limiting flexibility and the ability to acquire new information. On the other hand,
excessive plasticity allows new inputs to disrupt existing representations, causing the loss of previously
learned information, a phenomenon known as catastrophic forgetting. Representational drift may present
a solution to the stability-plasticity dilemma by enabling the coexistence of stable yet adaptable memory
representations through dynamic memory ensembles. In fact, research suggests that the hippocampal system
supports flexible learning by rapidly encoding new memories and reinstating them in the neocortex for long-
term storage [47]. Slow fluctuations in neuronal ensemble activity patterns may act as a “conveyor belt”
for memory, providing potential new sites to store memories and updating old ones when the new encoding
overlaps [48].

2.2 Maintaining Stability

It is important to understand how behaviour can remain consistent over time despite the occurrence of drift.
This can be achieved through redundant representations, which allow for more robust memory. Through
“degeneracy”, high-dimensional representations encode low-dimensional information, thus allowing multiple
configurations to represent the same concept |49]. In fact, there is evidence for this in the context of
performing diverse tasks [50H52]. Dimensionality reduction algorithms can be used to analyse population
activity in neurons; projecting high-dimensional data to a lower dimension while preserving local structure
[53]. In Figure 7 Rule et al. show how high-dimensional neuronal population activity can contain a
low-dimensional task representation (in this case choosing a left or right turn within a maze) [24]. This
low-dimensional structure contained within a high-dimensional representation has many degrees of freedom,
allowing it to reorganize while maintaining the same topology and local structure. Thus, drift-induced
reorganization of the structure still preserves local features needed to decode the structure of the task
(Figure [2p). This reorganization can be in the form of changes in tuning [54] or intrinsic excitability [55],
which manifests as representational drift. Rule and colleagues also emphasize the concept of ‘null-space’
which is a subspace in a high-dimensional space that lies orthogonal to some low-dimensional representation
[56]. Null-space can explain how the same neuronal population can encode multiple behavioural contexts
which is shown in Figure 2k. In a space with a much higher dimension than the encoded information, most
random drift occurs within this ‘null-space’, leaving the primary encoded information unaffected.



2.3 The Role of Representational Drift in Plasticity

While memories must be stable in order to be preserved over time, they must also be updatable in order
to adapt to our dynamic environment. Storing representations within flexible activation patterns, which
can drift over time, can be advantageous in facilitating learning. In this regard, representational drift may
function to provide the “resources” to bind new information [57]. Mau et al., suggest that representational
drift, may maximize sampling across the space of possible synaptic connections, making it more likely to find
the right synaptic weights necessary to form a new memory or update an old one [48]. Furthermore, changes
in synaptic connectivity can modify different neurons’ intrinsic excitability, thus changing the likelihood of
sub-populations in participating in memory-encoding. In this way, different neuronal sub-populations can
be prioritised for encoding or updating of memories across the cortico-hippocampal network [58].

This is demonstrated in the experiment by Driscoll et al., where mice were trained to perform a spatial
navigation task within a virtual reality environment [1]. The mice were presented with a visual queue, in-
structing them to turn left or right to receive a reward and neurons in the posterior parietal cortex (PPC),
which are known to be involved in such a task, were monitored. As the mice learned new associations (in
the form of novel cues instructing them to turn in a particular direction), neuronal populations that had
been previously active for existing representations started exhibiting new activity patterns. This suggests
that the same population of neurons can be simultaneously used for learning and memory. Thus, drift may
reflect ongoing learning. This is consistent with theoretical work which suggests that plastic neurons are
more closely coupled to population activity and may form a flexible layer for learning atop a stable core of
low-coupled neurons that maintain a consistent representation [59].

Reflecting on the above, it is clear that the brain is an adaptive system and that drift could play an important
role when tackling the stability-plasticity dilemma. Crucially, it is the gradual nature of representational
drift that enables learning while maintaining a memory’s temporal history and ensuring it remains stable
and informative [55]. Appropriate temporal information is vital for the consistency of memory and must be
coupled with relevant experiential information. In the next section, I review how representational drift may
play a role in the integration of time and experience within memory.



Dimensionality

3 High-dimensional  ¢ducion | o\ dimensional
population activity f\

— = |

o =2
]
c
-3
@]
> Left || Right
O
Tee
L}
S
&
> O . >
-— >\ S 9)
b) c) 3 ©
= 7,
Many degrees of freedom © 2 4
in internal representations o 3
S .= ¢
g © ‘s

Neural activity

day 1 OQ \ direction y,

day 2 o
& ~

day 3 O O -1 0 1
Q Sensory feature  x

B x=y2+y1
@ v. or y; alone

Figure 2: (a) Schematic of dimensionality reduction, from a high dimensional space of neuronal population
activity, to a lower dimensional task representation; in this case a T-maze. Adapted from . (b) How a
representation, such as in (a) can still preserve local structure such that it can be decoded stably, despite
drift. Reproduced from . (c) Top: Tlustration of a sensory variable encoded by 2 components. The
spread along the null-space, due to representational drift, occurs orthogonally to the coding of the stimulus.
Bottom: Such distributed codes can be hard to detect from recordings of only part of the population (like
y1 or yo alone), especially if they rely on coordinated activity between different brain areas. Adapted from
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3 Experience and the Passage of Time

Representational drift has been suggested to play a part in encoding some temporal component; acting as
a form of “timestamping” where memories that occurred close in time are connected while others separated
by longer timescales are dissociated [22} [25, |48, |55]. However, other studies have observed drift to be
modulated when an animal is repeatedly exposed to the same context |23l 27, 28| [54] |60, (61], implicating
active experience in influencing drift. In order to assess the role of representational drift with respect to time
and experience, I review the studies by [28] and [61] which examine this relationship in spatial memory.

3.1 Experience-Driven Representational Drift

Khatib et al. sought to dissociate the effect of time and experience on representational drift in mice [28].
They devised a U-shaped maze consisting of two parallel tracks of equal length (labelled A and B), connected
by a central box (Figure|3p). Neural activity in the dorsal CA1 region of the hippocampus was recorded as
mice explored the tracks. Fach session began with 10 minutes of imaging on Track A, followed by 10 minutes
of imaging on Track B. However, after recording stopped, mice continued exploring Track B for an additional
180 minutes, accumulating significantly more experience in this environment. The mice then returned to
Track A for another 10 minutes of imaging, before a final 10-minute recording session on Track B (Figure
). In this setup, the central box acted as a context switch, signaling a transition between environments.
Analysis revealed that both single-cell correlation, which measures how the activity of individual neurons
changes over time, and population vector (PV) correlation, which measures the similarity of activity patterns
across a population of neurons between two time points, was found to be significantly lower in the track B
recordings compared to track A. Furthermore, positional shift in place fields was significantly higher in track
B than track A while rate correlations of the average firing rate of place cells were significantly lower in B.
Moreover, the elapsed time between experience seemed to have little effect on representational drift without
active experience, as Khatib and colleagues showed in another experiment (Figure ,d) [28].

These results indicate that contextual representations drift more when engaged in an experience within
that context, such as an animal actively exploring its environment. On the other hand, the mere passage of
time has a much weaker effect. Therefore, representational drift may be driven by a context updating mech-
anism, where memories that are more malleable to change are continually modified [62] and the malleability
of these memories is increased as they are used more. A possible reason for this could be that the brain,
particularly the hippocampus in these experiments, learns to store (spatial) representations more efficiently
with more exposure to a context. This is supported by the fact that the increase in spatial information (SI)
content of place cells was significantly higher for track B (where the mouse spent more time in) than track
A whereas the proportion of place cells within the population of active cells was significantly lower (Figure
Be). Furthermore, place cell SI was inversely correlated with the proportion of place cells, suggesting that
the encoding capacity remained unchanged, and this was confirmed using a maximum likelihood estimator
(MLE) which examined the combined effects of these two factors |28, 63]. Thus, experience within a con-
text may drive representational drift by making memory representations more malleable in order to store
information more efficiently, without reducing their accuracy.



central box varied experience time

experiment

A
a)

imaging off = imaging on mmmm
B B

10 210

B e

S

mc.box

= A A
A 0 200

0 10 200 210 220
A time (minutes)

C) fixed experience time experiment d) ns — A
’_I_—‘I—\—‘ == B

imaging off imaging onmm @ 1
B1[) B210 5 0.5
. i
. s O
§c.box A ‘ A // 5-0.5
=] (s}
Al —d 30 1
0 10 20 30 210 220 5 5 5 N
time (minutes) @-& ‘.\\.\9 @_z @{\‘Z’
*kk L
e) T rwn 04 *hk *kk
3.5¢ . £ : .
° Q ]
C L]
O *% O 03
S= . : A
ES ] 5 ; :
S ©25 - : o £ .
Hg > . ° 0.2 s [
=0 . ° ] c ] ©
£= , .0 °
SRS 5
o Q 0.1
© o
o 15 o
n o
1 | | 0 L |
< SR g 9 & &
o o <, °© Y b

Figure 3: Experience-driven representational drift in Khatib and collegues’ experiment . All figures
are adapted from . (a) Parallel track environment in the experiment consisting of tracks A and B,
separated by a central box. (b) Timeline of the experiment where mice experienced different amounts of
active exploration time across environments. Notably, mice spend much more time in Track B than Track
A. (c) Timeline of the experiment from where mice experienced the same amount of active exploration
time across environments, but experienced different intervals of elapsed time between visits. (d) Violin plot
showing the distribution of single-cell correlations for the experiments in varied (b) and fixed (¢) experience
conditions for tracks A and B. Notably in the fixed experience experiment (results highlighted in the red
square), the difference between distributions is not significant (n.s), despite different elapsed time. (e) Bar
plots for experiment in (b). Subscript next to the letter denotes the elapsed time in minutes. Left: Spatial
information of place cells for each track. Notably, the increase in spatial information is significantly higher
for track B (Bajo) than track A (Aggp). Right: Proportion of recorded cells classified as place cells for each
track. Notably, the decrease in this proportion is significantly more for track B (Bajg) than track A (Asggg).



3.2 The Differential Effects of Experience and Time on Representational Drift

While Khatib et al. managed to isolate the effects of time and experience on representational drift, they
did not investigate how these components could differentially affect drift |28]. Geva et al. explored this by
training mice on two different linear track environments (A and B) (Figure ) and examining the change
in spatial neural code within hippocampal CA1l as mice repeatedly visited the environments [61]. They
visited environment A every 2 days and environment B every 4 days. Thus environment A was visited more
frequently and had a smaller elapsed time between visits (Figure ) This study differed significantly from
that of Khatib and colleagues, mainly with respect to two factors; (i) the tracks had dissimilar architectures
which resulted in distinct spatial codes and (ii) the experiments took place over a much longer time period,
weeks as opposed to hours, with more readings, allowing the tracking of different aspects of drift with respect
to time (days) and experiences (sessions). The researchers examined representational drift with respect to
neuronal ensemble rate correlation, which quantifies changes in overall activity of neurons across sessions
and tuning curve correlation which measures the change in the cells’ spatial tuning. In this way, a double
dissociation could be revealed between the effects of time and experience by demonstrating how each factor
uniquely influences representational drift.

For both environments, the ensemble rate correlation declined at similar rates as a function of time and
at different rates when analysed with respect to the number of sessions. This observation suggests that this
aspect of drift is driven by the passage of time. On the other hand, the inverse was observed for tuning curve
correlations, suggesting that changes in spatial tuning are driven by experience. In particular, the change
in spatial tuning was characterised by a shift in existing place fields. These results indicate that different
underlying mechanisms contribute to representational drift with respect to different features; changes in
subpopulation activity could be caused by alterations in cells’ intrinsic and extrinsic excitability [55| (64
67] while spatial tuning could be modulated by changes in synaptic connectivity, mediated by synaptic
strength modifications [68] or turnover of dendritic spines [69{71] (refer to Section [5]). Additionally, drift
in spatial tuning, driven by experience, appears to be context-specific since experience in one environment
did not seem to affect drift in the otherﬂ This corroborates Khatib and colleagues’ results who reported
drift proportional to exposure to a particular context and indicates that drift in spatial tuning may reflect
optimization of encoding the spatial representation [28]. Moreover, the time-dependent drift in ensemble
activity could reflect a context-independent timestamping process, creating a link between experiences,
differentiating those that occurred in close succession from those separated by longer time intervals |55} 72,
73).

Time and active experience within a context appear to affect different aspects of representational drift
in the hippocampus. Since Khatib and colleagues found no significant effect of time on the decorrelation
and position shift in representational activity, the drift mechanisms related to elapsed time seem to have
slower dynamics. Indeed, the experiments by Geva et al. which capture the effect of time, took place on
a longer time-scale. In line with this, the computational modelling work by Delamare et al. highlights the
importance of gradual shifts of intrinsic excitability in order to reconstruct accurate temporal information
about past experience [55]. In their model, fluctuations in intrinsic excitability in neuronal ensembles, which
manifested as drift, were required in order to distinguish between different time points which is necessary
to decode temporal information. However, if the fluctuations were too rapid, neural activity became too
random, making it impossible to infer the order of ensemble reactivations. Furthermore, a read-out neuron
could only track the drifting ensemble if the fluctuations were slow, reflecting the stability of memory repre-

1Gevaet al. |61] showed this by comparing the similarity in neural patterns between pairs of successive sessions in environment
A; first when they were adjacent (A-A) and then when separated by an intermediate session in environment B (A-B-A).
There were no differences in spatial tuning metrics between the two pairs, thus concluding that experience in an intermediate
environment B did not alter representational drift related to environment A.
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sentations in the presence of moderate representational drift. On the other hand, Khatib et al. demonstrated
that experience-related drift can be observed over shorter time-scales. It makes sense that this drift would
be across a dimension related to the particular experience, such as spatial tuning in relation to spatial mem-
ory , and may reflect a process of encoding representations more compactly, causing finer, more specific
changes to representations .

Since disentangling time and experience with respect to representational drift has only recently been explored,
many questions remain such as how downstream neural circuits adapt to time- and experience-driven drift.
Nevertheless, these studies highlight how representational drift is not a homogeneous process, but occurs
across multiple dimensions and as such, probably involves different neuronal mechanisms working at the
same time. Moreover, while the studies considered in this section have focused on hippocampal activity,
representational drift has been observed in other brain regions, exhibiting different characteristics.
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Figure 4: The differential effects of experience and time on representational drift in Geva and colleagues
experiments . Both figures are adapted from . (a) Different linear track environments used in Geva
and colleagues’ experiments . (b) Experimental timeline where mice visit environment A every 2 days
and environment B every 4 days.
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4 Representational Drift in Different Brain Regions

In the previous sections, I have focused on representational drift as a phenomenon primarily related to
memory, with many studies focusing on drift within the hippocampus . However,
similar patterns of drift have also been observed in sensory and motor regions, suggesting that it is a more
widespread feature of brain function rather than one limited to memory systems alone. In this section, I
review evidence of representational drift across different brain areas, namely the hippocampus, the primary
visual cortex, the piriform cortex, and motor-related regions.

4.1 Hippocampus

Neural recordings from the mouse hippocampus
(Figure pp) have been used extensively to study
memory engrams and recordings over a longer-
timescale have revealed representational drift and
its dynamics in this brain region. The hippocampal
subfield CA1, which appears to play a part in main-
taining spatial and episodic representations, is the
main target of murine brain imaging experiments
related to memory, owing to its anatomical acces-
sibility . Furthermore, its prominent place cell
activity allows researchers to link behaviour within
spatial memory paradigms to the cell recordings.
Keinath et at., used a geometric morph paradigm
to track how representations in CA1l evolve over
time, across gradually changing environments .
Unlike other studies which employ only two dis-
tinct environments [61], this paradigm includes mor-
phed environments spanning a continuous shape-
space between two familiar environments (Figure
). The researchers then generated partially corre-
lated hippocampal maps across these changing spa-
tial configurations, which allowed them to monitor
how the relative structure of representations evolved
over long timescales. In this experiment, long-term
changes in the global structure of context representation, characterised by differently shaped environments,
where orthogonal to changes related to the passage of time. This meant that cumulative changes related to
drift where independent of context identity and indeed, contextual information could be accurately predicted
over several weeks, reinforcing the notion of stable memories in spite of drift .

Upstream of CA1 lies the hippocampal area CA3 and despite it being less accessible for recording,
Sheintuch et al. were able to perform calcium imaging on it . Place cells in CA3 had more stable tuning
to spatial cues than place cells in CA1, and this stability seemed to be due to such place cells organizing into
assemblies with correlated activity. This is supported by previous studies and reinforces the notion
of CA3’s auto-associative capabilities due to its large number of recurrent excitatory connections between
pyramidal cells [78]. This is in contrast with CA1, where pyramidal cells have more connections with
interneurons . These activity dynamics reflect the interaction between different hippocampal subfields

Figure 5: (a) Hippocampal subfields of interest in
the mouse hippocampus. DG denotes the dentate
gyrus. Reproduced from [74]. (b) Geometric mor-
phed paradigm, as used in [26]. The far left and right
shapes are the two familiar environments, while the
shapes in between are intermediate shapes.
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and are informative about hippocampal function as a whole. CA3 appears to play a key role in fast, one-shot
contextual learning |76} (80} |81] which was also demonstrated by Sheintuch et al., as CA3 place fields carried
higher spatial information after the first 3 days of imaging than CA1, demonstrating their ability to quickly
respond to novel environments [72|. However, as time passed and the animal became more familiar to the
environment, CA1 place cell tuning saw a greater increase, “bridging the gap” between the tuning precision
of place fields in these two hippocampal subfields.

Thus, as the downstream target of CA3, CA1l seems to inherit CA3’s tuning properties as the animal
becomes more familiar with an environment. This “inheritance” of activity is also seen in CA3 from the
dentate gyrus, which projects mossy fibres to it [77]. The dentate gyrus appears to carry more stable
representations than other hippocampal subfields, experiencing little drift [82], and this stability supports
its pattern separation capabilities [83]. CA3 neurons can then receive well separated activity patterns from
the dentate gyrus, encoding new memories while reducing interference from older memory traces already
embedded in CA3’s recurrent connections [84]. Therefore, a hierarchy appears among these hippocampal
subfields, where upstream areas, such as the dentate gyrus, are more stable and support pattern separation
which act as an anchor for downstream areas, such as CA1, which are more flexible, thus enabling comparison
and integration between memories which support generalisation and behavioural adaptability. In this scheme,
representational drift emerges as a feature of the flexibility in this system which is also anchored in stable,
well-separated codes, striking a balance between stability and plasticity.

4.2 Primary Visual Cortex

Beyond the hippocampus, representational drift has also been observed in sensory brain regions. Farly
experiments by Hubel & Wiesel, using simple stimuli consisting of lines presented at different angles, revealed
that neurons in the primary visual cortex (V1) can be tuned to specific orientations [85]. Orientation tuning
appears to form early in development and persist later in life [86]. Indeed, longitudinal chronic 2-photon
imaging of mice’s V1 across several weeks shows that neural responses remain highly stable for simple
artificial stimuli consisting of orientation gratings. However, significant progressive representational drift
was observed in response to naturalistic movies [21]. This difference in drift may depend on the connectivity
between the subnetworks of neurons, where associations formed earlier in development (such as tuning for
orientation) and later reinforced, lead to higher connectivity between neuronal subpopulations |87, 88]. This
serves to stabilise tuning properties. On the other hand, neurons which respond to naturalistic stimuli may
not belong to such tightly and recurrently connected subnetworks since such stimuli have multiple temporal
and spatial features, so two neurons responding to the same frame of the movie do not necessarily respond
to the same feature and are not necessarily connected. This leads to greater drift for such stimuli as there
is a much smaller stabilising effect.

V1 consists of 6 cortical layers with characteristic cell types and connectivity [89] (Figure @a,b). One may
hypothesise that layers which receive more direct sensory input, such as L4 which receives input from the
lateral geniculate nucleus (LGN), would exhibit lower drift than layers which receive more processed input,
as they are more constrained by inputs from consistent external stimuli. However, this does not appear to be
the case since experimental evidence reveals that a similar amount of drift accumulates across different layers
[21,190] (Figure . Moreover, recordings in cortical and subcortical visual areas have revealed the opposite
of this hypothesis where areas that are lower in position in the visual processing hierarchy exhibit less stable
coding [90]. These compelling results challenge the notion of greater stability with respect to proximity of
visual input and implicates a mechanism for stabilising representations as you ascend the hierarchy, possibly
through connectivity within recurrent circuits and top-down influence. Representational drift has also been
observed for different cell types (both excitatory and inhibitory) in V1 [21,]90]. Also of note is a recent study
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using longitudinal fMRI data which revealed representational drift in human V1, where neural responsiveness
in relation to naturalistic images was likely the source of drift . Finally, Bauer et al. showed that drift
in V1 representations are likely driven by the statistics of visual input, possibly through Hebbian plasticity
. Taken together, these results indicate that representational drift seems ubiquitous in V1, and may be
better quantified as a function of encoded information rather than the histological properties of the cortical
layer.
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Figure 6: The primary visual cortex (V1) and the lateral geniculate nucleus (LGN). (a) Relative location of
V1 and LGN within the human (fop) and mouse (bottom) brain. Human brain image is adapted from
and mouse brain image is adapted from . (b) Schematic of the layers within V1, the types of cells which
are mosty present in each layer (note that layer 1 mostly contains transverse fibers with few cell bodies) and
basic connections to the LGN. Please refer to [89] for more detail.
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Figure 7: Representational drift quantified across different layers of the primary visual cortex (V1). RDI
stands for Representational Drift Index which quantifies the change in single-neuron response stability across
sessions, with higher values indicating greater drift between sessions relative to within-session consistency. It
is averaged across sessions in this plot. The left 3 boxes (blue) show the session-averaged RDI distributions
for the simple artificial stimuli consisting of orientation gratings while the right 3 boxes (red) show this for
the naturalistic stimuli, consisting of movies. Reproduced from .

4.3 Piriform Cortex

Another sensory area which appears to experience representational drift is the mouse primary olfactory
(piriform) cortex as shown by Schoonover et al. . In this study, the researchers demonstrated that the
piriform cortex exhibited drift in relation to the same odorant such that the correlation between neuronal
activity at different time points approaches 0 within weeks. Furthermore, the geometry defined by population
activity in response to a particular odour also changes. This is in contrast to other brain regions such as
the hippocampus and visual cortex which exhibit relatively stable population-level
structures over time, despite drift in the activity of individual neurons. This indicates that the pirifrom cortex
undergoes rapid reorganization over time and another region may contribute to encoding odour identity such
that a downstream region could read it out consistently. This is plausible since the olfactory bulb, which
exhibits stable responses to odours , projects to several different areas apart from the piriform cortex [95).
Fear conditioning did not stabilise the drift, however, repeated exposure to the same odour did temporarily
slow down the drift rate. This is in contrast with the results discussed in Section[3] where repeated experience
appears to increase drift in hippocampal place cells .
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4.4 Motor-Related Brain Regions

With regards to movement, representational drift has been observed in brain regions associated with motor
learning tasks. In the primate motor cortex and supplementary motor area, tuning with respect to reaching
in a particular direction was variable as primates performed the task in familiar and novel environments [30,
96]. Two components contributed to this change in tuning; (i) a learning related component, characterised
by systematic shifts in tuning as the animal got accustomed to the novel movements and (ii) a background
component, characterised by slow, random drift which was present in both the familiar and novel environ-
ments. The slow and random nature of the background changes is necessary to allow for learning [30] and
may be indicative of plasticity mechanisms, allowing for more efficient updating of the representation [48].
Furthermore, this drift suggests that the motor cortex is a redundant neural network 30|, where motor infor-
mation is encoded in a high-dimensional space, allowing for drift in multiple directions which are orthogonal
to the representation and thus do not affect it [24]. Such redundant coding also seems to play a part in
motor representations in the frontal and parietal cortices |1, |31].

In conclusion, representational drift appears to be a widespread phenomenon, present throughout many
areas in the brain. These studies reveal the different dynamics of drift in each region, as well as how it is
influenced by task-related variables. Taken together, these findings suggest that representational drift is an
important feature in neural systems, supporting flexible encoding, storage and learning. In the next section,
I review possible underlying mechanisms that may drive this phenomenon.
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5 Key Mechanisms

Representational drift is driven by an interplay of neural mechanisms. As discussed previously, drift appears
to enhance flexibility in memory representations, supporting the brain’s ability to adapt and learn. It is
likely that a variety of plasticity-related processes contribute to this phenomenon. In this section, I explore
some underlying brain dynamics, including changes that may contribute to directed shifts in activity such
as Hebbian plasticity, as well as factors like neurogenesis and synaptic turnover, which may introduce more
stochastic variability into neural representations.

5.1 Directed Plasticity Mechanisms in Representational Drift

The role of synaptic plasticity has long been recognized to play a crucial role in learning and memory
[4]. In particular, long-term potentiation (LTP) and long-term depression (LTD), two central mechanisms
of Hebbian plasticity, are key to shaping these neural adaptations. LTP and LTD respectively enable
synaptic strengthening and weakening in response to correlated or uncorrelated neuronal firing [97, |98].
Researchers have used optogenetics to demonstrate a causal link between these processes and memory by
directly inducing LTD to deactivate a “fear memory” and LTP to reactivate it [99]. The interaction between
LTP and LTD in the hippocampus has also been studied in spatial memory, where LTP has been linked
to the formation of associative memories of the environment, while LTD allows the modification of this
representation [100]. In the context of representational drift, Bauer et al. showed that when mice were
exposed to only a single orientation (by using cylinder lens goggles to limit visual input) the tuning of
neurons to a preferred orientation drifted towards the experienced orientation [54]. Their network model
revealed that while synaptic volatility (implemented as a random component) caused a random drift in
neuronal tuning, Hebbian mechanisms biased the drift towards the input orientation. Therefore, when
exposed to many orientations, as in normal vision, Hebbian plasticity may counteract synaptic volatility
and stabilize representations. A similar stabilising effect (ie. reduced drift rate) has been observed in the
mouse piriform cortex when exposed to the same odour daily [23]. On the other hand, repeated experiences
seem to invoke increased drift in the hippocampus (see Section [3| and [28| 61]). Bauer et al. suggest that
this difference may be explained by more intense Hebbian plasticity in the hippocampus which may cause
connections to shift faster and result in a more exploratory neural pattern [54]. However, this has not been
experimentally validated and it may be due to another reason such as the difference in complexity between
sensory and spatial memory representations [54} [101].

The interaction between intrinsic synaptic properties and prior plasticity influences neural network dy-
namics and may explain the gradual shifts in neural representations over time. Migliore et al. used a
computational model of a hippocampal CA1 pyramidal neuron to demonstrate how different initial synaptic
conditions, such as prior potentiation, and baseline properties like peak conductance, can affect the initiation
of LTP and LTD [102]. These findings suggest that differences in synaptic history (such as previous LTP
or LTD) and baseline characteristics might contribute to subtle, ongoing modifications in network activity.
In this way, representational drift may be driven by gradual changes in neuronal states, which could occur
even without new learning experiences, and could lead to a change in neural codes without disrupting the
overall stability of the representation.
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5.2 Stochastic Drivers of Representational Drift

Another form of plasticity involves changes in intrinsic excitability. Intrinsic excitability is defined as the
likelihood for a neuron to generate action potentials when stimulated. Synaptic turnover and remodelling
can affect which neurons are more likely to fire, leading to different intrinsic excitability across neuronal en-
sembles. A neuron’s intrinsic excitability can be quantified experimentally by measuring various parameters
including afterhyperpolarization and spike frequency accommodation (see [66], Box 1 for details). Fluctua-
tions in intrinsic excitability have been linked to memory allocation since neurons with increased excitability
are more likely to participate in an ensemble encoding a particular memory [64-67]. With respect to repre-
sentational drift, Delamare et al. showed that the emergence of drifting ensemble behavior, which is stable
enough to encode memories, is possible through slow fluctuations of neuronal intrinsic excitability [55]. The
researchers demonstrated this using a rate-based plastic (specifically following a Hebbian rule to update
synaptic weights) recurrent neural network which simulated the initial encoding of a memory followed by
subsequent reactivation events. They observed a drift in the network’s recurrent weights and could success-
fully decode the memory using a read-out neuron with plastic weights. Importantly, the output neuron could
only track the drifting ensemble (necessary for memory decoding) when the drift was sufficiently gradual.
This was only possible if the excitability fluctuations were sufficiently slow, providing a theoretical prediction
for the required fluctuation dynamics.

Neurogenesis may induce similar fluctuations since the introduction of new neurons into existing networks
would alter the composition of properties of neuronal ensembles. Adult neurogenesiaﬂ has been shown to play
an important role in memory flexibility which makes learning possible [103]. Adult neurogenesis primarily
occurs in the dentate gyrus of the hippocampus, specifically in the subgranular zone where neural stem cells
divide and produce new neurons [104-106]. Adult neurogenesis may trigger synaptic reorganization, enabling
the creation of new activity patterns and the removal of obsolete ones, thereby facilitating memory updating
[103} |107]. This feature can be compared to dropout, which is a technique used during training of artificial
neural networks where a proportion of nodes are randomly deactivated in order to prevent overfitting [108].
Aitken and colleagues showed that the features of representational drift were geometrically similar to the
activity in artificial neural networks when dropout is applied [109]. In this context, representational drift
may help to generalise over learned information more effectively. However, in humans, there is ongoing
debate about how much adult neurogenesis actually occurs [106, [I110H113], and even when it is observed, it
seems mostly limited to the hippocampus |114} [115|, despite representational drift being observed in other
brain regions, as discussed in Section Furthermore, while adult neurogenesis is mostly observed within
the dentate gyrus and this region displays very stable representations; experiencing minimal drift (refer to
Section . This makes adult neurogenesis unlikely to be the primary driver of representational drift.

In light of this, continual synaptic remodeling emerges as a more widespread and plausible mechanism
which may influence representational drift by creating differing initial synaptic conditions [48| 116} 117].
Indeed, spontaneous synaptic turnover has been observed in cell cultures, even when action potentials are
blocked 118, [119] indicating a possible mechanism for drift at the neuronal level. High turnover of dendritic
spines has been observed in the hippocampus, where complete turnover has been estimated to occur within
weeks [69, [70]. Furthermore, other experiments show that the frequency of dendritic regeneration in CA1l
of the hippocampus may influence how accurately place cells represent specific locations in the environment
and whether their place fields remain stable or fade over time [71]. This implies that synaptic turnover
within dendritic regions might disrupt the processes occurring there, potentially causing place fields to be-
come unstable throughout the entire neural population. Synaptic turnover has also been observed in other

2The process by which new neurons are generated in specific regions of the adult brain, and integrated into existing neural
circuits. Differs from prenatal neurogenesis.
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brain regions, including the visual cortex [120], the somatosensory cortex [121] and the frontal cortex [122],
possibly contributing to drift in these regions. Representational drift driven by synaptic turnover likely has
a more random, background character [30] compared to the more directed shifts in population activity which
may be expected to be produced by LTP and LTD. However, it is important to note that a causal link
between synaptic turnover and representational drift has not yet been experimentally established, as this
would require the technically demanding task of simultaneously imaging dendritic spine and somatic activity
concurrently over extended periods [48].

Together, these mechanisms suggest that representational drift arises from a combination of structured,
activity-dependent plasticity and ongoing background processes. While LTP and LTD can bias drift toward
behaviourally relevant information, spontaneous synaptic remodeling introduces variability that may support
continual learning and memory flexibility. Most research on the underlying mechanisms of representational
drift remains theoretical or speculative, as establishing a direct link between cellular processes and shifts in
neural representations is technically challenging and often limited by current experimental methods. Future
work combining long-term imaging and precise manipulation of synaptic and cellular properties will be
crucial to directly test these hypotheses and uncover the specific contributions of different mechanisms to
representational drift.
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6 Discussion

The findings reviewed in this essay highlight that representational drift is not merely a byproduct of noise
or instability, but rather an intrinsic and potentially functional feature of neural systems. As discussed
by Rule et al., encoding low-dimensional task information as a high-dimensional representation allows for
drift in many orthogonal directions while maintaining a stable local structure |24} 53]. Meanwhile, ongoing
drift allows for malleable representations, allowing for a substrate which readily binds new memories during
learning |48l |64}, [66]. Furthermore, it is possible that such drift reflects ongoing reorganization of cognitive
maps [7], and can be integrated into several memory consolidation theories. According to Standard Consol-
idation Theory (SCT), memories initially reliant on the hippocampus are slowly transferred to more stable
neocortical networks [123] [124]. In this scheme, representational drift may reflect this dynamic transition,
with hippocampal representations remaining flexible while cortical traces stabilize. Conversely, in Indexing
Theory, the hippocampus acts as an index linking distributed cortical elements of a memory [125, 126]. Re-
call that within the hippocampus, upstream areas like the dentate gyrus exhibit stable representations and
better pattern separation capabilities while downstream areas like CA1 exhibit more drift (Section. This
hierarchical organization of drift within the hippocampus suggests that stable indexing might be maintained
upstream, while downstream flexibility permits dynamic updating of memory features as new information is
integrated. Thus, representational drift may bridge aspects of Standard Consolidation Theory and Indexing
Theory, enabling the hippocampus to flexibly update memory indices while facilitating the distribution and
consolidation into cortical areas.

The experiments by Khatib et al. [28] and Geva et al. [61] reviewed in Section [3| suggest a role for
representational drift in handling experience and time within memory. Both studies reported increased
cumulative drift as a function of active experience. This is consistent with the idea in Multiple Trace
Theory (MTT) that each retrieval or re-encoding of a memory creates a new, slightly altered trace [127]
128]. A particularly interesting result is that spatial information (SI) content in place cells increased while
the proportion of place cells within active cells decreased with more exposure to a particular context [2§].
This may reflect a compaction of the contextual representation as information is stored more efficiently
with repeated exposure. This also fits into MTT which predicts that elements within episodic memories
gradually undergo abstraction, eventually being stored as a “gist” representation in the neocortex as part
of semantic memory. The decrease in proportion of active place cells may reflect this migration. This
could also tie into a model proposed in a recent article by Kolibius et al. which reconciles two frameworks:
concept neurons, which encode specific elements of an experience, and index neurons, which link distributed
memory features [129]. The authors suggest that, over time, index neurons evolve into concept neurons
as a result of accumulating overlapping memory traces. The increased SI |28] may reflect the integration
of overlapping memory traces, potentially mediated by shared excitability mechanisms. Thus, within this
more unified framework, increased representational drift due to experience may reflect an evolution of indices
based on patterns extracted from experiences which eventually lead to neurons tuned to a general concept
(for example coarse spatial features within an environment). Eventually, semantic memories can be borne
out of overlapping episodic features. A similar concept has been employed in computer systems to create
more adaptive database indexes [130].

The presence of representational drift throughout the brain reinforces the idea that it operates as a uni-
fied, adaptive system, with representations distributed across widespread neural circuits. In this respect,
corrective feedback would be required among brain regions in order to maintain consistent distributed rep-
resentations in spite of accumulating drift. As observed in some sensory cortices (reviewed in Section ,
external cues may serve to stabilise memory representations [23, 54]. In absence of these cues, internal
error signals relayed between interconnected brain regions could help preserve consistency within distributed
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representations [24]. This scheme ties into the concept of predictive coding and suggests that internal rep-
resentations between brain regions are compared as well as with incoming sensory input. I note that to my
knowledge, the existence of such error signals has never been experimentally probed. This would require
longitudinal recordings from multiple brain regions in parallel and it would be challenging to disentangle
such error signals from other processes. Nevertheless, integrating such error signals within a theoretical
framework and observing network dynamics within a computer model is a compelling possibility and can
shed light on how plasticity from one brain region can be guided based on feedback from another.

In Section |5} I reviewed how representational drift is likely the result of plasticity mechanisms which may
be directed like LTP and LTD, as well as stochastic, like fluctuations in intrinsic excitability and synaptic
turnover. These mechanisms seem especially prevalent in the hippocampus [66, 69, |70, 97, 114} [L15], cre-
ating a dynamic environment conducive to both memory formation and updating. Thus, the hippocampus
appears to play a central role during learning, as evidenced by the synchronization of neocortical activity
with hippocampal sharp-wave ripple (SPW-R) events[131},|132]. SPW-Rs are high-amplitude, short-duration
waveforms generated by highly coordinated hippocampal neuronal activity, and are closely linked to phe-
nomena such as replay and preplay. During replay, sequences of neurons activated during experience are
reactivated in reverse order and at a compressed timescale, typically during offline brain states such as
sleep [133]. In contrast, preplay refers to the sequential activation of neurons in the correct order, reflecting
potential future trajectories [134, [135]. In spatial memory tasks, replay involves the reactivation of place
cells corresponding to previously explored paths in reverse, while preplay activates cells along possible future
routes. In this way, representational drift could be a result of these SPW-R dynamics; replay patterns, which
occur after a learning experience, may subsequently serve as preplay templates, facilitating the integration
of upcoming, related experiences. In this scheme, a representation triggered by a particular context, such
as a spatial location, could also encode exploratory motifs which are cyclically refined after replay-preplay
episodes. Consequently, drifting neural activity is observed, even in the presence of unchanging stimuli. A
recent study by Maboudi et al. showed how SPW-R representations during sleep predict future place fields
in a spatial memory task, even when these place fields change between sessions [136]. This further supports
the notion of a link between representational drift and replay-preplay episodes during sleep [136].

Despite mounting evidence of representational drift, where neural activity changes while stimuli and
behaviour remain the same, ambiguity remains around its manifestation. The studies reviewed here implicitly
assume that a particular context reactivates the same memory trace which then gradually decorrelates over
time or with repeated experience. However, could this interpretation be misleading? Re-exposure to the
same stimuli or task may form a new memory rather than simply reactivating a previous representation.
Furthermore, even if the same, context-related engram is being tracked throughout the experiment, more
information may be added to the memory as new details or associations are incorporated. This may be due
to subtle changes in the experience itself, such as different paths taken during spatial learning tasks, or from
internal factors like fluctuations in attention between sessions. While these confounds are very difficult to
control for, recording other physiological measures such as pupil size and heart rate may provide valuable
proxies for arousal and attentional state and can offer insight into how internal variability can influence
representational dynamics. Nevertheless, careful consideration is necessary when interpreting such results
and their implications for memory formation and maintenance.

The study of representational drift is relatively recent, largely driven by advances in technologies that
allow for long-term, longitudinal recordings of neural activity. As a result, many promising avenues remain
open for future exploration. Techniques such as optogenetics could be used to manipulate neural activity
with high precision, helping to uncover the mechanisms underlying drift. For instance, researchers could
selectively reactivate or inhibit traces of specific spatial memories and observe the resulting effects on neural
dynamics |137]. Additionally, further experiments are needed to investigate representational drift in humans,
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following approaches similar to those used by Roth et al. [29]. Of course, this research faces several limita-
tions compared to animal models since less invasive techniques only provide an indirect measure of neural
activity, making it much harder to quantify the drift. Furthermore, since researchers cannot manipulate
specific neurons, interpreting the underlying mechanisms of representational drift becomes more complex
and requires careful extrapolation. Nevertheless, human studies can incorporate complex cognitive tasks,
such as memory recall, decision-making, or problem-solving and explore representational drift with more
naturalistic memories which are difficult to simulate in animal models. Finally, new models of memory and
learning should make predictions that are consistent with the observed drift dynamics.

7 Conclusion

In this essay, I have reviewed several facets of representational drift in order to understand its role within the
brain. I have reviewed its function within memory, serving to keep representations plastic, while preserving
population structure to maintain stability. I then examined how representational drift is influenced by
active experience and the absolute passage of time, drawing on insights from two recent studies [28] |61].
Next, I explored how drift manifests differently across brain regions and the importance of the type of
information being encoded. Finally, I considered the underlying neural mechanisms that contribute to
drift, identifying both directed plasticity processes, such as LTP and LTD, and more stochastic processes,
including fluctuations in intrinsic excitability and synaptic turnover. Taken together, these findings suggest
that representational drift is not merely noise, but a fundamental feature of neural systems, enabling the
brain to flexibly encode, update, and integrate information over time while preserving stability, thus making
it an important mechanism for effective learning.
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