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How happy is the blameless vestal’s lot!
The world forgetting, by the world forgot.
Eternal sunshine of the spotless mind!

Each pray’r accepted, and each wish resign’d?

Alexander Pope



Abstract

While the mechanisms of synaptic plasticity underlying memory dynamics are well un-
derstood, the role of intrinsic neural properties has been largely unexplored, so far.
Recent works studying memory dynamics over long timescales have unveiled mecha-
nisms that synaptic models of memories have been unable to explain. First, neural
ensembles representing individual memories of temporally close events tend to overlap
in multiple brain regions. Moreover, memory representations are not static in time,
and the neurons taking part of memory ensembles change over timescales of hours to
days. Finally, the transcription of learning-related genes is altered in neurons taking
part of memory ensembles, long after learning. Based on these recent findings, this
thesis explores the role of intrinsic neural properties in memory dynamics, using a com-
putational model. Overall, it provides predictions on the interplay between synaptic

and intrinsic plasticity in memory formation and maintenance.
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Introduction

Historical background of memory research

The presence of neural structures as basis for encoding individual memories has long
been hypothesised by the scientific community. In 1904, Richard Semon suggested that
memories take the form of a non-physical, physiochemical trace that he named ”en-
gram” (Schacter, Eich, and Tulving, 1978). In today’s view, engrams cells are defined
as subset of neurons which are activated when experiencing an event, i.e. during mem-
ory encoding, and that can be specifically reactivated afterwards, inducing recall of the
associated memory (Josselyn and Tonegawa, 2020). For a long time however, the pres-
ence of such structure has remained unproven. Indeed, observing a memory engram
requires to measure neural activity in vivo, or tag neurons genetically for a restraint
time window, while the subject is performing a memory task. For a long time, this
technological challenge has been is a significant limitation in memory studies. In the
recent years however, scientific advances such as in genetic tagging, optical imaging and

optogenetics have now made possible the study of memory engrams.

In 2009 and 2012, two major studies respectively showed that activity of the engram
following learning is necessary and sufficient to trigger memory recall. The behavioral
paradigm used in these studies, and in most of the following ones in the field of en-
gram research, is the fear conditioning protocol. Animals (usually mice) are placed in

a conditioning chamber where they learn to associate the context of the chamber to an



electric shock (memory encoding). The mouse is later placed in the same chamber with
no foot shock and the strength of memory recall is measured by reading how much the
mouse spends ”freezing” (memory recall). Throughout the behavioral protocol, active
neurons can be tagged at different time windows using immediate early genes such as
c-Fos. Those active during memory encoding and recall can be defined as being part of
the memory engram (Josselyn and Tonegawa, 2020). In the first loss-of-function exper-
iment, ablating neurons belonging to the memory engram in the lateral amygdala was
sufficient to suppressed a fear memory (Han et al., 2009). This first study proved that
the activity of the engram is necessary for memory recall. Three years after this study,
the first gain-of-function experiment found that optogenetic reactivation of the engram
in the hippocampal dentate gyrus was sufficient to recall the memory (Liu et al., 2012).
By artificially activating the engram, the mouse showed freezing behavior, suggesting

that its activity is sufficient for triggering memory recall.

Overall, these recent studies have shown causal relations between neural activity
of engrams and behavioral read-out of individual memories, laying the foundations for
a model of memory circuits: memories are now largely assumed to take the form of
specific ensembles of neurons that are reactivated during recall. However, the engram
paradigm still lacks an answer to a fundamental question: How are memory engrams

formed and maintained across long timescale?

Theoretical models of memory

To understand how memories of past events are encoded in the brain, we must un-
derstand the basis of learning, beyond the engram literature. Since the second part
of the 20*® century, neuroscientists have assumed that learning is induced by synaptic
plasticity. While patterns of neural spiking activity are known to be correlated with
behavioral output (as mentioned in the previous section), it is natural to hypothesis

that long-term information is maintained in the synapses connecting individual neu-



rons and brain regions to each other. As such, learning can be defined as a correlated
change between synaptic connectivity pattern, neural activity and behavior. Research
for the mechanisms underlying learning and synaptic plasticity has benefited from a
interesting interplay between both experimental and theoretical works. First, in 1949,
Donald Hebb proposed a mathematical framework for synaptic plasticity and learning
(Hebb, 1949). The idea behind this framework is that the synapse linking two neurons
is reinforced if the neurons have correlated activity. This model can be summarised
behind the idea that neurons that "fire together wire together”. A large corpus of
experimental works have since proven this theory (Kandel and Tauc, 1965; Bliss and
Lomo, 1973), which is now the mainly adopted framework in computational studies
(Markram, Gerstner, and Sjostrom, 2011; Zenke, Agnes, and Gerstner, 2015; Tomé,
Sadeh, and Clopath, 2022).

These initial works have laid the foundations for models of learning at the synaptic
level. However, at the network level, it is still unclear where and how neurons are or-
ganised to encode individual memories. Indeed, a major challenge in memory research
is to understand how local neural plasticity can give rise to memory engrams. In 1982,
John J. Hopfield formalised mathematically the idea that individual memories can be
stored in networks of neurons that are recurrently connected (Hopfield, 1982). This
seminal study gave rise to the theory of attractor networks (Amit, 1989) as potential
mathematical models for memory circuits: individual memories take the form of as-
semblies of highly recurrently connected neurons, that can be reactivated for memory
recall (Gastaldi et al., 2021; Renn6-Costa, Lisman, and Verschure, 2014; Wills et al.,
2005; Van De Ven et al., 2016). These types of models have since then been used to
specifically model memory ensembles (Zenke, Agnes, and Gerstner, 2015; Gallinaro,
Gasparovié¢, and Rotter, 2022; Manz and Memmesheimer, 2023; Kastellakis, Silva, and
Poirazi, 2016) and have successfully explained different brain processes such as pat-
tern completion and separation (Chavlis and Poirazi, 2017; Gastaldi et al., 2021; Amit,

1989). Experimentally, this theoretical framework is consistent with experimental re-



sults on engrams which link structural changes with learning. Indeed, spine growth and
decrease have been associated with long-term potentiation and depression of synapses,
in turn linked to an increase or decrease and the memory strength, respectively (Josse-

lyn and Tonegawa, 2020).

Role of intrinsic neural properties in memory circuits

While the memory research community has been focused on synapses, it has largely
omitted to consider the intrinsic properties of neurons (Fig. 1). In the recent years, neu-
rons’ membrane and nucleus properties have been shown to undergo continual changes
and to be strongly affected by learning. In particular, the intrinsic excitability of neu-
rons, defined as the magnitude of the activity in response to a given input current, is

dynamic (Mau, Hasselmo, and Cai, 2020; Chen et al., 2020). Moreover, excitability of
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Figure 1: Summary of the recent findings that challenge the traditional
synaptic-based models of memory circuits. Left: At the nucleus, membrane
and synaptic levels, some experimental observations are generally disregarded by com-
putational studies. Right: At the network and behavioral level, some properties of the

memory dynamics that are yet to be understood.



neurons taking part in memory ensemble is known to increase on a timescale of a few
hours after learning Moyer, Thompson, and Disterhoft, 1996; Rashid et al., 2016; Chen
et al., 2020), before decreasing (Shen et al., 2022). Finally, other lines of research have
shown that learning is linked with large changes in the transcription of genes associated

to learning-related proteins (Graff et al., 2011).

The role of these intrinsic neural changes is not yet understood and has been poorly
explored so far. Epigenetic changes are known to be involved in all stages of memory
(Coda and Graff, 2024). For example, a recent work has shed light on the role of his-
tone acetylation - a type of epigenetic mechanism - in regulating memory allocation in
the amygdala (Santoni et al., 2024). However, these intrinsic changes to the neuron’s
nucleus have not been integrated in computational models of memories. Moreover, in-
trinsic excitability has been shown to play a role key role in memory formation and
recall. Neurons with elevated excitability has been shown to be preferentially allocated
to the memory trace (Rogerson et al., 2014; Silva et al., 2009; Zhou et al., 2016). This is
an important result because it gives - at least partially - an explanation to how neurons
become part of a specific memory ensemble. Based on this idea, further works have
shown that two memories of events that happen close in time tend to be linked. At the
neural activity level, the associated memory engrams tend to overlap due to an increase
in excitability following learning (Cai et al., 2016; Rashid et al., 2016; Yokose et al.,
2017). Moreover, elevated excitability has also been shown to help performing better
pattern separation and completion during memory recall (Pignatelli et al., 2019). These
recent works have speculated a role for intrinsic neural properties in memory circuits,

and raise limitations to the existing memory paradigm (Fig. 1).
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Further challenges to the synaptic memory paradigm

Recent works have demonstrated that memory ensembles are not static and undergo
constant dynamical changes. The neurons representing a given feature or event tend
to change across time, despite stable behavior, in a process known as representational
drift (Khatib et al., 2023; Sadeh and Clopath, 2022; Driscoll, Duncker, and Harvey,
2022). Similar effects has been observed in place cells, which are neurons represent-
ing specific locations in space. The specific correlation between physical location and
neural activity changes across time, in a process known as remapping (Ziv et al., 2013;
Rubin et al., 2015). In both cases, the dynamical nature of neural representations
challenges the widely accepted view that memories take the form of very stable neural
structures. Therefore, two questions arise from these recent observations: why would
the brain constantly change neural representations and what are the underlying mech-
anisms? An answer to the first question is that drifting ensembles allow for encoding
temporal information, along with information of the memory itself, in a process known
as "time-stamping” (Rubin et al., 2015; Khatib et al., 2023; Clopath et al., 2017). The
underlying mechanisms are not yet known but several ideas have emerged. Theories
suggested that it could arise from behavioral variability (Sadeh and Clopath, 2022), ex-
ercise (Snoo et al., 2023) or fluctuations of excitability (Mau, Hasselmo, and Cai, 2020).

Moreover, a more general challenge to the synaptic-based memory paradigm has
not been discussed yet. Synapses are known for a long time to undergo molecular
turnover, which challenges the idea that all the information is encoded in the synapses.
Indeed, for long-term memories, external mechanisms should be required to maintain
synapses across very long timescales (Crick, 1984). So far, this problem has been largely
ignored by the memory research community, despite some works going in that direction
(Mongillo, Rumpel, and Loewenstein, 2017; Lisman, 1985). One key solution to this
problem could be that part of the information is encoded as an intrinsic change in the

neuron’s nucleus (Titley, Brunel, and Hansel, 2017), for example as an alteration of
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the epigenome (Coda and Graff, 2024). Overall, this question gives another reason to
considering intrinsic neural changes when studying memory, going beyond the idea that

information is solely encoded at the synapse level (Fig. 1).

Overview of the thesis

In light of these recent experimental results, we propose to investigate the role of neural
intrinsic parameters in memory formation and maintenance. To that end, we developed
a model for memory formation and maintenance using a rate-based recurrent neural
network. The network is composed of neurons which receive input from an external
stimulus and which are all recurrently connected. As detailed in the following chapters,
stimulation of the network leads to formation of neural ensembles, which are associated
to specific memories (Fig. 2a). All synapses are plastic and follow a Hebbian rule,
meaning that the synaptic weights are increased when connected neurons fire together.
Importantly, the model is equipped with intrinsic excitability: the response of each
neuron to a given stimulus is modulated by an intrinsic dynamical variable (Fig. 2b).
Memory encoding is modelled by an initial stimulation of the network, which lead
to the formation of an ensemble. Subsequent stimulations of the network induce the

reactivation of the ensemble, therefore modelling memory recall.

This model has been adapted differently to the three chapters of this thesis (see
Methods for each section), and the modelling choice is discussed at the end of the thesis.
Using this theoretical framework, we approach the questions raised in this introduction
under three different angles. These approaches are based on different hypothesis backed

by experimental results, and lead to testable predictions.

- The first chapter of this thesis aims at understanding how increase in excitability
following learning can give rise to engram overlap and memory linking. This work is

based on recent experimental results showing that increased level of intrinsic excitabil-
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Figure 2: General schematic of the model developed in this thesis a) Network
of all-to-all recurrently connected neurons, receiving feed-forward input stimulation and
activity-dependent inhibition. Each neuron has a unique, dynamical excitability and
can be epigenetically primed (third chapter). Individual memories take the form of
highly recurrently connected neurons. b) Excitability of each neuron is given by a
unique threshold of its input-output function: a high excitability leads to a high firing

rate for a given input current.

ity lead to memory linking and bias memory allocation. The main hypothesis of this
work is that these results can be explained by the interplay between intrinsic excitabil-
ity and synaptic plasticity gives. The results serve as predictions regarding the neural

dynamics underlying memory allocation and linking.

- In the second chapter, we propose a new mechanism to explain representational
drift. We hypothesised that slow fluctuations of intrinsic excitability is a motor for
drift, most likely among others, which has not been experimentally proven yet. This
framework allows us to predict the conditions that allow excitability to encode temporal

information in memory ensembles.

- The third and last chapter focuses on exploring the role of epigenetics in mem-

ory circuits. Backed by recent experiments, we developed a hypothetical model which

13



introduces epigenetics in a memory circuit, challenging the traditional models of synap-
tic memories. This work predicts mechanisms for long-term maintenance of memories

through modifications of the epigenome.
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Chapter 1 - From intrinsic

excitability to memory linking

The interplay between intrinsic excitability and synaptic plasticity in memory circuits
has been largely disregarded in computational studies. However, recent advances in
memory engram research have highlighted the important role of excitability in memory
formation (Cai et al., 2016; Rashid et al., 2016) and recall (Pignatelli et al., 2019).
In 2016, two major studies have shown temporal linking of memory engrams, in the
amygdala (Rashid et al., 2016) and the hippocampus (Cai et al., 2016). In both studies,
two memories of events that happened close in time tend to have overlapping neural
representation. By tagging neurons during encoding and recall of different memories,
some neurons can be shared among temporally linked memory engrams inducing mem-
ory linking (Cai et al., 2016). The linking of memory engrams has been associated to
increase in excitability following learning (Dong et al., 2006), although the mechanisms
underlying it are unknown. In this first chapter, we introduce a model of dynamical
intrinsic excitability in a memory network to understand its role in memory allocation
and linking. The following work was published in the Journal of Neuroscience in April

2024.
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Intrinsic Neural Excitability Biases Allocation and Overlap
of Memory Engrams

Geoffroy Delamare,' ““Douglas Feitosa Tomé,"” and ““Claudia Clopath'
"Department of Bioengineering, Imperial College London, London SW7 2AZ, UK and “Institute of Science and Technology Austria, Klosterneuburg 3400,
Austria

Memories are thought to be stored in neural ensembles known as engrams that are specifically reactivated during memory recall.
Recent studies have found that memory engrams of two events that happened close in time tend to overlap in the hippocampus and
the amygdala, and these overlaps have been shown to support memory linking. It has been hypothesized that engram overlaps arise
from the mechanisms that regulate memory allocation itself, involving neural excitability, but the exact process remains unclear.
Indeed, most theoretical studies focus on synaptic plasticity and little is known about the role of intrinsic plasticity, which could
be mediated by neural excitability and serve as a complementary mechanism for forming memory engrams. Here, we developed
arate-based recurrent neural network that includes both synaptic plasticity and neural excitability. We obtained structural and func-
tional overlap of memory engrams for contexts that are presented close in time, consistent with experimental and computational
studies. We then investigated the role of excitability in memory allocation at the network level and unveiled competitive mechanisms
driven by inhibition. This work suggests mechanisms underlying the role of intrinsic excitability in memory allocation and linking,

and yields predictions regarding the formation and the overlap of memory engrams.

Key words: engram; excitability; memory; memory allocation; memory linking; plasticity
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In the brain, memories are not formed in isolation from each other. For example, two memories of events that happened close
in time tend to be linked, so that recalling one memory leads to recall of the second one. Although memories are thought to be
formed by strengthening synapses among neurons, understanding memory linking requires us to consider intrinsic properties
of the neurons themselves. In this study, we modeled a neural network aiming at explaining how memories are formed and
linked in the brain. This model is able to reproduce experimental results and allows us to make predictions about how to link
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Introduction

Neural circuits have the ability to form and retain memories that
last from hours to years. In particular, pioneering anatomical
studies (Scoville and Milner, 1957) have suggested that such
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circuits are located in the hippocampus, although they had
long remained unobserved. Over the past decades, technological
advances such as neural imaging and optogenetics allowed for
the discovery of engram cells in multiple brain regions as the neu-
ral substrate for memory storage and retrieval (Josselyn and
Tonegawa, 2020). They are defined as a subpopulation of neu-
rons that is initially activated during presentation of a stimulus,
followed by transient physical and/or chemical changes that
lead to its specific reactivation during memory recall (Josselyn
and Tonegawa, 2020). Engram cells have been observed in the
hippocampus (Liu et al., 2012), in the amygdala (Morrison
et al., 2016; Rashid et al., 2016), and the neocortex (Tonegawa
etal., 2015; Kitamura et al., 2017). These studies have shed lights
on the ability of neural populations to store and retrieve memo-
ries but the exact mechanisms responsible for the formation of
memory engrams are not yet fully clear.

The mechanistic understanding of the formation and long-
term stability of memory engrams has long been dominated by
Hebbian learning (Hebb, 1949). Indeed, most computational
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models have focused on synaptic mechanisms, such as long-term
potentiation or depression (Bliss and Collingridge, 1993; Josselyn
and Tonegawa, 2020) that have been able to provide insight into
the formation and stability of neural assemblies (Litwin-Kumar
and Doiron, 2014; Zenke et al., 2015). As a result, the contribu-
tion of other important mechanisms, like intrinsic excitability
(Titley et al., 2017), has remained underexplored. Indeed, previ-
ous experimental works have shown that neurons with high
excitability are preferentially allocated to memory engrams
(Han et al, 2007; Silva et al, 2009; Zhou et al., 2009).
Interestingly, learning is known to transiently increase neural
excitability, reducing the afterhyperpolarization of neurons
over several hours (Thompson et al, 1996; Oh et al., 2003).
This transient increase is likely due to the learning-induced
expression of the transcription factor cAMP Response
Element-Binding Protein (CREB) (Han et al., 2007; Silva et al,,
2009; Rashid et al., 2016), which is known to play a role in regu-
lating neural excitability (Dong et al., 2006). As a result, time-
varying excitability may account for overlapping neural ensem-
bles encoding memories of events that are temporally linked
(Sehgal et al., 2018), namely events spaced by a short temporal
delay, as observed in the lateral amygdala (Rashid et al., 2016),
the hippocampal dorsal CA1 (Cai et al., 2016; Shen et al,
2022), and the retrosplenial cortex (Sehgal et al., 2021).

Attractor networks (Amit, 1989) have been previously used to
describe the recurrent network properties of overlapping memory
engrams (Gastaldi et al., 2021) but without taking excitability into
account. Previous theoretical works have described how the
dynamics of plasticity-related proteins and excitability can lead to
co-allocation of memories at the dendritic level (Kastellakis et al.,
2016; Sehgal et al., 2021; Chowdhury et al., 2022). Here, we extend
these computational works to focus on the role of excitability in the
recurrent neural network dynamics and its link with behavioral out-
put. Combining synaptic plasticity and activity-dependent intrinsic
excitability, our model is able to explain—at the mechanistic level—
experimental findings regarding overlapping neural ensembles and
memory linking. Moreover, we uncover the potential mechanisms
allowing neurons to compete for allocation to memory engrams, as
observed experimentally. Our results suggest that the temporal link-
ing of memory engrams arises from co-activation of different neural
ensembles, mediated by the interaction of time-varying excitabil-
ity and synaptic plasticity. Finally, our model makes testable pre-
dictions about how the balance among inhibition, feed-forward
inputs, and excitability is crucial for determining the extent of
overlap among engrams of temporally close events.

Methods

Rate model. Our rate-based model consists of a single recurrent neu-
ral network of N neurons (with firing rate r;, 1 <i<N) which receives
inputs from an external region of N™ neurons (with firing rate r}n, 1<
i < N™). The weights between the input region and the network are given
by the matrix W™ (Fig. 1b). Recurrent connections are %\ilven by the
weight matrix W. Inhibition is introduced as I = Io + I; 3, j, where
Iy sets a baseline inhibition level and I; scales an inhibition term propor-
tional to the sum of the firing rates of the N neurons. Finally, excitability
is added as a time-varying threshold €;(t) of the input-output function.
The rate dynamics of a neuron i is therefore given by

dr N Nin " .
T ReLU(; Wir; + ; Wit~ I+ e ). M

where 7, is the decay time of the rates and ReLU is the rectified linear acti-
vation function. In Figure 5, the dashed lines correspond to the case
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where inhibition is reduced, ie., I; is set to a lower value I] (see
Table of parameters).

In Figure 7d, noise is applied as random variable sampled at each
integration step from a uniform distribution centered around 0 and of
amplitude 4 (a.u.).

Weights dynamics. The feed-forward weights W' are static and
define three receptive fields (RFs) that model three different contexts
(Fig. 1b). Neurons 1-15 respond preferentially to the first context, neu-
rons 16-30 to the second context, and neurons 31-45 to the third con-
text. All-to-all recurrent connections W are plastic and the weights W;;
between each presynaptic neuron i and postsynaptic neuron j follow a
Hebbian rule given by

= (14 US(O) tanh (et — (0, @

where Ty is the learning time constant and US(t) is the unconditioned
stimulus (US) which is equal to US* when US is applied (synchronously
with stimulation of the context) and 0 otherwise. rJQ is the temporal mean

over a time window ¢ of the firing rate of neuron j, given by

1 ! / /
r;’(t) = :Jt_a r(t)dr. (3)

An upper cap Wy, and a lower cap Wy, are applied to the recurrent
weights W to prevent them from being negative or too high.

Intrinsic neural excitability. Intrinsic neural excitability follows
dynamics that have been previously hypothesized to be due to the
increase in the CREB transcription factor following learning (Silva
et al,, 2009). Each neuron’s initial excitability € is sampled from a half-
normal distribution of mean 0 and standard deviation 0.5. If the firing
rate of a given neuron i reaches a set active threshold 6, its excitability
€; moves from its initial value e? to a higher value E, 2.9 s after neurons
are tagged. Excitability then decays to € with a time scale 7.:

n%wt & =¢. )
Note that we did not consider any increase in excitability following recall
in all figures but Figure 7c. In the latter, neurons are tagged during recall
of the first memory and excitability of the active neurons is increased
between 300ms and 500ms after recall onset, before decaying to
baseline.

Stimulation protocol. During training, either the first, second, or last
third of the N™ neurons from the input region are activated, namely their
firing rates are set to a fixed value rcs. This activation is repeated Niyim
times for a duration AT, with an interstimulus delay AS. During the recall
period, one of the three contexts is presented for a duration AT. During
training in all figures (except Fig. 3), shock is applied synchronously with
the context, namely the value US in the learning rule (Eq. 2) is set to a
non-zero value US™. In Figure 3, shock is applied during the last presen-
tation of the blue context (when specified).

During the simulations where excitability is manipulated (Figs. 4 and
5), the first Ne+ neurons received an enhanced excitability elnerease that s
added to their initial excitability € during presentation of the first con-
text. Then, when inhibition is applied (i), the first N;+ neurons receive
an external negative current i.

Behavioral read-out. We introduced a read-out variable of the mem-
ory strength in order to compare it with the freezing levels measured in
experiments. To that end, we modeled this memory strength using an
ideal observer defined as

t+AT
F= Zj ri(t)dt, (5)

i€eqQYtr
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where t, is the onset of the recall stimulation and AT = 100 ms is the inte-
gration time, corresponding to the temporal window during which the
neuron is active. Q) denotes the ensemble of neurons belonging to the
engram, namely the set of neurons crossing the active threshold 0 during
the recall time window.

The engram overlap (Figs. 6 and 7) is computed as the number of
neurons responding to both recall of the first context and another context
(either the same context, a novel context, or a context that was presented
with a 6 h or 24 h delay) divided by the number of neurons responding to
the first context.

Exclusion criteria. During some simulations, the firing rates of some
neurons increased and reached non-realistic values. We defined a thresh-
old of 100 Hz and decided to exclude any trials where the firing rate of
any neuron reached 100 Hz at any time point. Around 10% of the trials
were typically excluded.

Integration. Integration was done using Euler’s method on Python.
A time step of 0.5ms was used during and 3 s after training sessions,
and during and 300 ms after recall sessions. Between training and recall,
a time step of 20 s was used. Firing rates of neurons below 10~ were set to 0.

Table of parameters. An initial set of parameters was used in most of
the figures except in Figure 3. This initial configuration was chosen to
match previous experimental results in the lateral amygdala (Rashid
et al,, 2016). In Figure 3, a second set of parameters was used to match
engrams overlap measures observed in the hippocampal dCA1l (Cai
et al., 2016).

Results

Formation of a single memory engram in a recurrent network
with excitability

In order to study the effect of excitability in memory allocation
and linking, we built a rate-based model with feed-forward and

Figures 1, 2,
Parameter  Description and 4-7 Figure 3
N Number of neurons in the main region 60
N Number of neurons in the input layer 30
Te Excitability decay time constant 24h |12 h
E Excitability increase 35 4
T, Rate decay time constant 15ms
0 Active threshold 6 Hz 4Hz
ly Inhibition baseline 6
h Inhibition multiplicative factor 0.9
h Reduced inhibition multiplicative factor 0.88
AT Stimulation duration 40ms
Nytim Number of stimulation per training sessions 20 15
AS Interstimulus delay 150 ms
WﬁFF Feed-forward weights corresponding to 03
the RF neurons
WrF\Fon—RF Feed-forward weights corresponding to 0.2
the non-RF neurons
T, Hebbian rule time constant 750 ms 500 ms
Winax Upper cap for plastic recurrent weights 1
Winin Lower cap for plastic recurrent weights 0
us* Unconditioned stimulus strength 1 0.5
I¢s Firing rate of the neurons from the 4Hz
input layer when activated
0 Averaging time of firing rates 155
Ner Number of neurons that receive 8 -
enhanced excitability
gnaeased Increase in excitability 5 -
Ni+ Number of neurons that are inhibited 6 -
i Inhibition strength 0.5 -
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recurrent connections, equipped with excitability and Hebbian
plasticity. Excitability of each neuron i is modeled as a time-
varying threshold €; of the input-output function (Methods,
Eq. 1). This excitability is initially sampled from a random distri-
bution (Methods) and changes to a higher value when the neu-
ron’s firing rate reaches a threshold 6 before decaying to its
initial value (Methods, Eq. 4). Feed-forward inputs are defined
as a single layer divided in three subpopulations corresponding
to different contexts. Feed-forward weights are set as a diagonal
block structure to define three receptive fields (RFs, Methods,
Fig. 1a and b), such that presenting a context increases the input
current to a subpopulation of neurons in the main region.
Recurrent connections are assumed to be all-to-all and plastic,
according to a Hebbian learning rule (Methods, Eq. 2), and ini-
tialized at 0. We then stimulated the network by presenting
different contexts (training phase, Methods).

We first observed that, after presenting the first context, the
firing rates of neurons responding preferentially to this context
(Fig. 1d, left) are above the “active” threshold 6, which we defined
as the threshold above which neurons are classified as active. This
was not the case for the other neurons in the network (Fig. 14,
left). Analyzing the recurrent weights matrix revealed that learn-
ing led to the formation of an assembly of neurons strongly con-
nected to each other (Fig. 1c). The weights between neurons
outside the assembly, however, have not significantly changed
from their initial value equal to zero. We then sought to test
the ability of the network to perform pattern completion. To
this end, we stimulated the network with a partial cue and mea-
sured memory retrieval. We observed that stimulating four out of
the seven neurons composing the assembly, namely those that
were tagged as active during training (Methods), is enough to
activate all the neurons in the assembly (Fig. 1e, right). This result
shows that stimulating a subset of neurons of the assembly is
sufficient to activate other neurons in the same assembly through
strong intra-assembly connections.

Intrinsic neural excitability induces overlap among memory
engrams of temporally close events

Next, we investigated the effect of presenting a second context to
the network either 6h or 24h after the first one (Methods,
Fig. 2a), inspired by previous experiments (Rashid et al., 2016).
We designed our model in such a way that, after learning, excit-
ability of neurons taking part in the newly formed assembly is
increased, before slowly decaying to their baseline level
(Methods, Eq. 4). Specifically, there is a transient increase in
excitability after stimulating the network by the first context
(Fig. 2b, red triangle) and the second context (Fig. 2b, blue trian-
gle). We then measured memory recall for both contexts succes-
sively (Fig. 2a). Presenting a second context after a 24 h delay led
to the formation of a second neural assembly in the recurrent
weights matrix, distinct from the first one (Fig. 2¢, top, and e).
This second assembly is composed of neurons that are responsive
to only the second context. As in the previous section, neurons
that are part of both assemblies are reactivated independently
during memory recall (Fig. 2d, top). Interestingly, we found
that if the second context is presented after a 6h delay, some
off-diagonal weights are also reinforced for neurons responding
preferentially to the second context (Fig. 2¢, bottom). This sug-
gests that the two memories are encoded by overlapping neural
representations in the case where the contexts are presented 6 h
apart but not 24 h apart. Indeed, when recalling the second mem-
ory, we observed a co-activation of neurons that take part in the
first assembly in the case of a 6 h delay (Fig. 2d, bottom). We can
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Figure 1.

Encoding a single memory engram in a recurrent network equipped with intrinsic neural excitability. a, Diagram of the network architecture. Neurons in the input layer (left) project

to the network with feed-forward connections W* (right). The feed-forward weights are defined such that neurons in the main layer have RFs (only two are shown here, red and blue neurons).
b, Fixed, feed-forward synaptic weights matrix W". RFs are defined by strong weights in a block-diagonal structure. When presenting the first context for example, the first 10 neurons of the
input region are activated which in turn stimulate preferentially the first 15 neurons in the main region. ¢, Recurrent weights matrix after training. The block structure shows a neural assembly
with stronger connections between neurons responding to the red context (0—15). d, Firing rates of all the neurons across time during training (left) and recall (right). Neurons responding
preferentially to the context are shown in red while the other neurons are shown in black and do not respond to the stimulus. Black bars show presentations of the stimulus to the network. The
dashed line is the “active” threshold, i.e., the threshold above which neurons are classified as active. e, Firing rate of each neuron responding preferentially to the first context during training
(left) and recall (right). Black arrows indicate seven neurons that were tagged as “active” during training and that were reactivated during recall. During the recall phase, four of these seven

neurons (black stars) were stimulated.

therefore quantify the overlap between the two assemblies,
namely the number of neurons that were active during recall of
both contexts, and found that it is higher in the case where the
events were separated by 6h relative to 24h (Figs. 6 and 7).
This overlap seems to be independent of the engram size
(Fig. 7b). We also observed similar results when excitability
was increased following recall or when the activation threshold
during training was heterogeneous (Methods, Fig. 7¢). The pres-
ence of ongoing noise throughout the simulation did not affect
the results (Methods, Fig. 7d). In contrast, no overlap was
observed when excitability was kept fixed (Fig. 7c).

Linking memories at the behavioral level in a fear
conditioning simulation

We then asked whether this structural overlap among memory
engrams could lead to memory linking. To that end, we modeled
a fear conditioning experiment (Cai et al., 2016). We measured
the strength of the memory recall as an ideal observer, namely
a read-out value that is proportional to the sum of the neurons’
firing rate, integrated over the duration of the recall stimulus
(Methods, Eq. 5). The US was introduced as a multiplicative
term in the Hebbian learning rule (Methods, Eq. 2) such that
the recurrent weights are preferentially increased when the US
is applied.

We presented three distinct contexts to the network, sepa-
rated by 7d and 5h (Fig. 3a). In order to test memory linking,
we presented the last context a second time, now paired with
the US (Fig. 34, in blue) and measured the memory strength of
each of the three contexts. We observed that the memory
strength was high when presenting either the blue context, which
was paired with the US, or the yellow context, which was not
paired with the US but was initially separated by 5 h relative to
the shocked context (Fig. 3b). Conversely, presenting the red
context, delayed by 7 d, elicited a level of memory recall compa-
rable to the control case when no US was applied (Fig. 3b).
Similarly to previous results (Fig. 2), the memory ensemble asso-
ciated to the yellow contexts overlaps with the one associated to
the blue context, but not the red one (Fig. 3c—e). Our model was
then able to show that two memories encoded close in time tend
to be linked in such a way that recalling either memory can lead
to a similar behavioral output, as shown experimentally (Cai
et al., 2016; Shen et al., 2022).

Manipulating initial excitability biases neural allocation of
memories

Given that excitability is a key mechanism for linking memory
engrams, we then asked to what extent excitability could also
play a role in biasing memory allocation. To that end, and
inspired by previous experiments (Rashid et al.,, 2016), we
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Figure 2.

Training-induced increase in excitability induces overlap among memory engrams of temporally close events. a, Simulation protocol for studying the effect of forming two mem-

ories, spaced by different temporal delays. During the training phase, two contexts are presented 6 h or 24 h apart. After 24 h, both contexts are recalled, separated by 25 min. b, Time course of
excitability for each neuron of the network. Whenever the firing rate of a neuron crosses the active threshold, its excitability moves to a higher value (red and blue triangles corresponding to
training on the first and second contexts, respectively), before decreasing to their initial value on a time scale of 24 h (Methods). Red and blue traces correspond to neurons responding pref-
erentially to the first and second contexts, respectively. ¢, Recurrent weights matrix immediately after training, in the case where the contexts are presented 24 h apart (top) and 6 h apart
(bottom). d, Firing rates of individual neurons during recall of the first context (left) and the second context (right), in the case where the events are separated by 24 h (top) and 6 h (bottom).
Neurons 1-15 respond preferentially to the first context (red) and neurons 16—30 respond preferentially to the second context (blue). The dashed line corresponds to the active threshold and the
black bars to the stimulation. e Time course of the firing rate of all the neurons during presentation of the second context, when presented 24 h after the first context (same protocol as Fig. 2).

f, Same as e, when the second context is presented 6 h after the first one.

increased the initial excitability of a subset of the neurons
that respond preferentially to the first context (et, Methods,
Fig. 4a) during training of the first context. We then inhibited
this subpopulation during memory recall (i*, Methods, Fig. 4c)
and measured the strength of memory recall. We found
that inhibiting the subpopulation whose excitability was
enhanced reduced the memory strength during recall relative
to the control case without manipulation of excitability
(Fig. 4d and f, top). This suggests that neurons with enhanced

excitability are preferentially allocated to memory engrams
(Fig. 4g, left).

Next, we presented two different contexts to the network, sep-
arated by 6 h or 24 h, and tested how increasing excitability to a
subset of neurons during formation of the first memory could
bias the overlap between the two memory engrams. We inhibited
the subpopulation that received enhanced excitability during
recall of the second context and we measured the memory
strength of the second context (Fig. 4b and f, bottom). In the
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case where the events were separated by 6 h, inhibiting the sub-
population resulted in a reduction of the memory strength as
compared to the case where the events were delayed by 24h
(Fig. 4e and f, bottom). Given that the subpopulation €' is com-
posed of neurons responding preferentially to the first context,
this suggests that this subpopulation preferentially took part in
the overlap between the two memory engrams (Fig. 4g, right).

Inhibition-induced competition among neurons crucially
regulate memory allocation for temporally close events
Finally, we sought to evaluate how much neurons compete for
memory allocation. To that end, we repeated the same protocol
as in the previous section, but inhibiting the subpopulation (i*)
during presentation of the second context, instead of during
recall (Fig. 5a). We observed that the formation of the second
memory was impaired when the contexts were presented 6h
apart compared to the 24h delay (Fig. 5b, solid lines). Note

that this is the case whether or not the subpopulation (") is
inhibited (i*) during recall (Fig. 5b, solid lines).

We then hypothesized that this memory impairment was
driven by inhibition. We repeated the simulation as above while
reducing the amount of inhibition in the network (Methods) dur-
ing presentation of the second context, as inspired by previous
experiments (Rashid et al., 2016). We observed that the memory
strength was less impaired by inhibition of the subpopulation (i)
when the network inhibition was reduced (Fig. 5b, dashed lines).
Indeed, the memory strength of the second context increased
more for a delay of 6h compared to 24 h, relative to the case
with baseline inhibition (Fig. 5b, dashed lines).

The balance among inhibition, feed-forward inputs, and
excitability is crucial for forming overlaps

Overall, we found that excitability can induce overlap between
memory engrams. This overlap is dependent on the temporal
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of the first context (left) and the second context (right) for a 6 h delay.

delay between the two contexts in a manner consistent with
experimental findings in the lateral amygdala (Rashid et al,
2016) and in the hippocampal dorsal CA1 (Cai et al., 2016).
Our result predicts that the engram overlap arises from reactiva-
tion of the first ensemble when forming the second memory
(Fig. 2f). Indeed, co-activation of neurons encoding the first
memory (red traces) along with neurons responding preferen-
tially to the second context (blue traces) lead to strengthening
of the weights between these two ensembles, due to Hebbian plas-
ticity (Fig. 2c and f). We varied the temporal delay between the
two contexts and found that the amount of overlap decreases
when this delay increases (Fig. 6b).

We also predict that increasing the level of inhibition I, leads
to a decrease in the overlap between the two ensembles. Indeed, if
the two events are separated by 6h, increasing I, leads to a

decrease in the overlap as compared to the control case
(Fig. 6¢, I). We found that decreasing the excitability decay
timescale 7. also leads to a decrease in the overlap (Fig. 6¢, 7).
Indeed, the excitability increase following learning needs to be
above a threshold otherwise the first ensemble cannot be reacti-
vated even if the second context is presented after 6 h (Fig. 7j).
Similarly, the overlap among memory engrams decreases with
the active threshold set during training (Fig. 7a).

Finally, we predict that the network can only form overlap-
ping memory engrams if the feed-forward weights that do not
form RFs (Wle0 -RF) are within a defined range (Fig. 77). If these
weights are too Pow, neurons that are not preferentially activated
by the second context cannot be reactivated when presenting this
context after 6h. On the other hand, if they are too high, the
ensembles overlap independently of the temporal delay between
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Predictions regarding the overlap among memory engrams. a, Protocol for forming overlap among memory engrams. During training, two contexts were presented, separated by a

given temporal delay. The recall protocol allows for measuring the amount of overlap between engrams associated to the first context (red) and the second context (blue). b, Overlap among
engrams against the temporal delay between the contexts. For each temporal delay, n = 20 simulations (three were excluded, Methods). Results are shown as mean + s.e.m. ¢, Overlap obtained
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were excluded, Methods) and for /i and 7, n=20 simulations. Data are shown as mean = s.e.m.

the two contexts. In that case, we even observed an overlap with
the novel context (Fig. 7i, yellow line).

Discussion
Learning a single memory
We first showed that our network is able to form memories when
stimulated by a feed-forward input. We attributed this formation
to synaptic plasticity, independently from the dynamics of neural
excitability. Indeed, the time scale of excitability is much slower
than the time scale of Hebbian plasticity in our model, suggesting
that the initial activation of the neurons by feed-forward inputs
leads to strengthening of the synaptic weights through Hebbian
learning. The structure of the neural assembly holding the
formed memory is similar to previous theoretical works that
have used attractor networks (Amit, 1989; Gastaldi et al.,
2021). These neural assemblies are formed during the learning
phase and are reactivated during memory recall. Importantly,
memories can be recalled even when stimulated by a partial
cue, suggesting that the neural activity is driven by recurrent con-
nections. In particular, the structural change that leads to the for-
mation of neural assemblies leads to the formation of a memory,
as suggested in previous definitions of engram cells (Josselyn and
Tonegawa, 2020).

The ability of the network to perform pattern completion is
complemented by its ability to perform pattern separation.

However, we did not evaluate pattern separation in our model.
This would be interesting in particular because a recent study
has shown that increased neural excitability in dentate gyrus
improves pattern completion and separation (Pignatelli et al.,
2019). The role of the recall-induced increase in excitability could
explain this improvement. This could be directly tested in our
model, for example by presenting a conflicting cue to the network
and measuring pattern separation after recall of the memory.

In our model, the range of the firing rates of neurons during
stimulations is consistent with electrophysiological recordings
during fear conditioning in the amygdala (Lee et al., 2021) and
in CA1 (Cohen et al.,, 2017). Here, we did not consider sponta-
neous firing rate apart from when introducing background noise
in Figure 7d. Finally, our model does not take into account the
evolution of memory engrams across time. Indeed, when the net-
work is not stimulated, the recurrent weights are kept static. In
this framework, the delay between the training phase and the
recall phase has no impact on the recurrent weights.

Overlap between memory engrams of temporally close events
Here, we built a model that is able to reproduce the overlap
among memory engrams of events that are temporally linked.
These overlaps have been observed in the amygdala (Rashid
et al., 2016), the hippocampus (Cai et al., 2016), and the retro-
splenial cortex (Sehgal et al., 2021) while it has been reported
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that these three regions are involved in a memory consolidation
process known as systems consolidation (Kitamura et al., 2017;
Tonegawa et al., 2018). However, it remains unclear what infor-
mation is transferred from one region to another and investigat-
ing a potential transfer of overlap between brain regions would
help understand how temporal memory linking evolves over
the course of systems consolidation.

Structural overlap of memory engrams induces memory
linking

Here, we reproduced a fear conditioning experiment by model-
ing the US as a three-factor learning rule. We reasoned that an
aversive event (e.g., foot shock) would increase some neuromo-
dulators that in turn modulate plasticity. On the other hand,
our measure of memory strength (averaged firing rates of the
neurons belonging to the engram) is comparable to the fear read-
out in experimental works on rodents (freezing response), which
is also a proxy for memory strength.

After showing that memories of temporally close events are
structurally linked in overlapping neural ensembles, we showed
that this overlapping structure can induce memory linking. In
line with recent experimental studies (Cai et al., 2016; Yokose
etal., 2017), we observed in our model that this overlap supports
memory linking as the fear associated with one context can be
transferred to another context (Fig. 3).

We also note that this memory linking is a result of the short
temporal delay between contexts. Indeed, in contrast to previous
studies (de Sousa et al., 2021; Gastaldi et al., 2021), the overlap
between two memory engrams is independent from the concep-
tual relation between the contexts in question, which we did not
consider here. However, it is possible that this overlap supports
the formation of mnemonic structures, as they have been
observed in the hippocampus for instance (Deuker et al., 2016;
Barron et al., 2020). Further work could be done to investigate
the importance of overlapping memory engrams for more com-
plex cognitive processes such as inferential reasoning
(Zeithamova et al., 2012; Barron et al., 2020).

Manipulating excitability biases neural allocation of memories
In our model, memory allocation is determined by two main fac-
tors. On the one hand, engrams are preferentially allocated to
neurons that receive increased feed-forward inputs, as defined
in the feed-forward weights (Fig. 1). On the other hand, we
showed that memory allocation is also biased toward neurons
with high excitability (Fig. 4), consistent with previous studies
(Zhou et al., 2009; Rashid et al., 2016). However, for the sake
of simplicity, we did not explicitly probe the relative importance
of the feed-forward weights compared to intrinsic excitability. To
that end, it would be necessary to introduce some variability in
the structure of the RFs, and subsequently investigate how neu-
ronal memory allocation is impacted by feed-forward inputs ver-
sus excitability dynamics.

Here, we considered that excitability is mainly governed by
the transcription factor CREB. We modeled its dynamics by
increasing excitability instantaneously after learning and then
allowing it to decay over a time scale of a few hours, as motivated
by several experimental studies (Moyer et al., 1996; Thompson
et al,, 1996; Oh et al,, 2003; Kitagawa et al., 2017). Although
the results might be similar, it is important to note that these
dynamics are conceptualized and that other mechanisms that
are not considered here are also known to regulate neural excit-
ability. For instance, internalization of Kir2.1 channel increases
neural excitability during memory recall (Pignatelli et al., 2019)
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while the expression of the C-C chemokine receptor type 5 is
known to decrease excitability (Zhou et al., 2016; Shen et al,,
2022). Adult-born neurons are also known to be more excitable
than their counterparts (Silva et al., 2009). Overall, the exact rela-
tionship between firing rate and change in excitability is not
known. For this reason, we abstracted the dynamics of excitabil-
ity by only considering the increase of excitability following
learning and a slow decay over a timescale of several hours.
Finally, memory allocation may also be influenced by other
mechanisms beyond the scope of the present study such as
synaptic tagging and spine clustering (Rogerson et al., 2014;
Kastellakis et al., 2016).

We also showed that artificially increasing excitability in an
ensemble of neurons could also bias co-allocation of this ensem-
ble to further memories as shown in previous experimental
findings (Rashid et al., 2016). This result arose naturally in our
model because neurons with enhanced excitability are preferen-
tially allocated to the first memory, and will then overlap with the
second engram (Fig. 4¢).

Role of inhibition in memory allocation and linking

Finally, we showed that neurons can compete for memory allo-
cation and that the outcome of this competition is determined
by both the initial excitability of neurons and the amount of inhi-
bition in the network. We first showed that blocking neurons
which received enhanced excitability during presentation of the
first context impaired learning of a second context presented
shortly after, suggesting that these neurons have a competitive
advantage over the others for memory allocation. Second, we
showed that reducing inhibition restored the ability of the net-
work to learn the second memory, suggesting that competition
is driven by inhibition.

In our model, neurons with a higher initial excitability are
favored for memory allocation and inhibit the remaining neu-
rons, preventing them from taking part in a memory engram.
This process has been previously shown experimentally (Han
et al., 2007; Rashid et al., 2016) and this study provides a compu-
tational model that sheds light on the underlying competitive
mechanism. Finally, we use a homogeneous global inhibition
model, but further studies could explore the effect of populations
of different inhibitory cell types on engram overlap and memory
linking.

Conclusion

In summary, we have built a recurrent neural network model that
can reproduce the experimentally observed neuronal overlap
between temporally linked memory engrams by combining
both synaptic plasticity and neural excitability. Our results sug-
gest that engram overlaps are crucially determined by the balance
among inhibition, feed-forward inputs, and excitability.
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Chapter 2 - A mechanism

underlying representational drift

A key result of the previous study is that the dynamics of intrinsic excitability can tem-
porally correlate memory ensembles. In a sense, excitability can be seen as a marker
for temporal information by modulating allocation at different time points. The idea
that temporal information can be encoded in the dynamics of neural ensembles has
been recently explored in the context of representational drift (Geva et al., 2023; Mau,
Hasselmo, and Cai, 2020; Clopath et al., 2017). An important result showed that drift
can allow for time-stamping memories (Rubin et al., 2015), meaning that drifting mem-
ory ensembles contain information about their temporal history. Combining ideas from
both the excitability and the drift literature, we suggest that fluctuations of instrinsic
neural excitability can be a motor for drift. The following work was published in eLife
in June 2023 (Version of Record published in May 2024) and was realised in collabora-
tion with Dr. Denise J Cai and Yosif Zaki at the Icahn School of Medicine at Mount
Sinai (New York, United States).
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Drift of neural ensembles driven by slow
fluctuations of intrinsic excitability
Geoffroy Delamare'*, Yosif Zaki?, Denise J Cai? Claudia Clopath'*

'Department of Bioengineering, Imperial College London, London, United Kingdom;
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Abstract Representational drift refers to the dynamic nature of neural representations in the
brain despite the behavior being seemingly stable. Although drift has been observed in many
different brain regions, the mechanisms underlying it are not known. Since intrinsic neural excitability
is suggested to play a key role in regulating memory allocation, fluctuations of excitability could

bias the reactivation of previously stored memory ensembles and therefore act as a motor for drift.
Here, we propose a rate-based plastic recurrent neural network with slow fluctuations of intrinsic
excitability. We first show that subsequent reactivations of a neural ensemble can lead to drift of

this ensemble. The model predicts that drift is induced by co-activation of previously active neurons
along with neurons with high excitability which leads to remodeling of the recurrent weights. Consis-
tent with previous experimental works, the drifting ensemble is informative about its temporal
history. Crucially, we show that the gradual nature of the drift is necessary for decoding temporal
information from the activity of the ensemble. Finally, we show that the memory is preserved and
can be decoded by an output neuron having plastic synapses with the main region.

elLife assessment

This is an important theoretical study providing insight into how fluctuations in excitability can
contribute to gradual changes in the mapping between population activity and stimulus, commonly
referred to as representational drift. The authors provide convincing evidence that fluctuations can
contribute to drift. Overall, this is a well-presented study that explores the question of how changes
in intrinsic excitability can influence distinct memory representations.

Introduction

In various brain regions, the neural code tends to be dynamic although behavioral outputs remain
stable. Representational drift refers to the dynamic nature of internal representations as they have
been observed in sensory cortical areas (Driscoll et al., 2017, Sadeh and Clopath, 2022; Driscoll
et al., 2022) or the hippocampus (Ziv et al., 2013; Hainmueller and Bartos, 2018) despite stable
behavior. It has even been suggested that pyramidal neurons from the CA1 and CA3 regions form
dynamic rather than static memory engrams (Hainmueller and Bartos, 2018; Spalla et al., 2021),
namely that the set of neurons encoding specific memories varies across days. In the amygdala,
retraining of a fear memory task induces a turnover of the memory engram (Cho et al., 2021). Addi-
tionally, plasticity mechanisms have been proposed to compensate for drift and to provide a stable
read-out of the neural code (Rule and O’Leary, 2022), suggesting that information is maintained.
Altogether, this line of evidence suggests that drift might be a general mechanism with dynamical
representations observed in various brain regions.

Delamare et al. eLife 2023;12:RP88053. DOI: https://doi.org/10.7554/eLife.88053
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However, the mechanisms underlying the emergence of drift and its relevance for the neural
computation are not known. Drift is often thought to arise from variability of internal states (Sadeh
and Clopath, 2022), neurogenesis (Rechavi et al., 2022; Driscoll et al., 2017) or synaptic turnover
(Attardo et al., 2015) combined with noise (Kossio et al., 2021; Manz and Memmesheimer, 2023).
On the other hand, excitability might also play a role in memory allocation (Zhou et al., 2009, Mau
et al., 2020; Rogerson et al., 2014, Silva et al., 2009), so that neurons having high excitability are
preferentially allocated to memory ensembles (Cai et al., 2016; Rashid et al., 2016; Silva et al.,
2009). Moreover, excitability is known to fluctuate over timescales from hours to days, in the amyg-
dala (Rashid et al., 2016), the hippocampus (Cai et al., 2016, Grosmark and Buzsaki, 2016), or the
cortex (Huber et al., 2013; Levenstein et al., 2019). Subsequent reactivations of a neural ensemble
at different time points could therefore be biased by excitability (Mau et al., 2022), which varies at
similar timescales than drift (Mau et al., 2018). Altogether, this evidence suggest that fluctuations of
excitability could act as a cellular mechanism for drift (Mau et al., 2020).

In this short communication, we aimed at proposing how excitability could indeed induce a drift of
neural ensembles at the mechanistic level. We simulated a recurrent neural network (Delamare et al.,
2022) equipped with intrinsic neural excitability and Hebbian learning. As a proof of principle, we first
show that slow fluctuations of excitability can induce neural ensembles to drift in the network. We then
explore the functional implications of such drift. Consistent with previous works (Rubin et al., 2015;
Clopath et al., 2017, Mau et al., 2018; Miller et al., 2018), we show that neural activity of the drifting
ensemble is informative about the temporal structure of the memory. This suggest that fluctuations of
excitability can be useful for time-stamping memories (i.e. for making the neural ensemble informative
about the time at which it was form). Finally, we confirmed that the content of the memory itself can
be steadily maintained using a read-out neuron and local plasticity rule, consistently with previous
computational works (Rule and O’Leary, 2022). The goal of this study is to show one possible mech-
anistic implementation of how excitability can drive drift.

Results

Many studies have shown that memories are encoded in sparse neural ensembles that are activated
during learning and many of the same cells are reactivated during recall, underlying a stable neural
representation (Josselyn and Tonegawa, 2020, Poo et al., 2016, Mau et al., 2020). After learning,
subsequent reactivations of the ensemble can happen spontaneously during replay, retraining or
during a memory recall task (e.g. following presentation of a cue Josselyn and Tonegawa, 2020; Kali
and Dayan, 2004). Here, we directly tested the hypothesis that slow fluctuations of excitability can
change the structure of a newly-formed neural ensemble, through subsequent reactivations of this
ensemble.

To that end, we designed a rate-based, recurrent neural network, equipped with intrinsic neural
excitability (Methods). We considered that the recurrent weights are all-to-all and plastic, following
a Hebbian rule (Methods). The network was then stimulated following a 4day protocol: the first day
corresponds to the initial encoding of a memory and the other days correspond to spontaneous or
cue-induced reactivations of the neural ensemble (Methods). Finally, we considered that excitability
of each neuron can vary on a day long timescale: each day, a different subset of neurons has increased
excitability (Figure 1a, Methods).

Fluctuations of intrinsic excitability induce drifting of neural ensembles

While stimulating the naive network on the first day, we observed the formation of a neural ensemble:
some neurons gradually increase their firing rate (Figure 1b and ¢, neurons 10-20, time steps 1000~
3000) during the stimulation. We observed that these neurons are highly recurrently connected
(Figure 1d, leftmost matrix) suggesting that they form an assembly. This assembly is composed of
neurons that have a high excitability (Figure 1a, neurons 10-20 have increase excitability) at the time
of the stimulation. We then show that further stimulations of the network induce a remodeling of the
synaptic weights. During the second stimulation for instance (Figure 1b and ¢, time steps 4000-6000),
neurons from the previous assembly (10-20) are reactivated along with neurons having high excit-
ability at the time of the second stimulation (Figure 1a, neurons 20-30). Moreover, across several
days, recurrent weights from previous assemblies tend to decrease while others increase (Figure 1d).

Delamare et al. eLife 2023;12:RP88053. DOI: https://doi.org/10.7554/eLife.88053 20f 12
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Figure 1. Excitability-induced drift of memory ensembles. (a) Distribution of excitability €; for each neuron i,
fluctuating over time. During each stimulation, a different pool of neurons has a high excitability (Methods). (b, c)
Firing rates of the neurons across time. The red traces in panel (c) correspond to neurons belonging to the first
assembly, namely that have a firing rate higher than the active threshold after the first stimulation. The black bars
show the stimulation and the dashed line shows the active threshold. (d) Recurrent weights matrices after each of
the four stimuli show the drifting assembly.

The online version of this article includes the following figure supplement(s) for figure 1:
Figure supplement 1. Comparison of drifting behavior for different values of excitability amplitude.

Figure supplement 2. The rate of the drift does not depend on the size of the initial engram.

Indeed, neurons from the original assembly (Figure 1c, red traces) tend to be replaced by other
neurons, either from the latest assembly or from the pool of neurons having high excitability. This
is translated at the synaptic level, where weights from previous assemblies tend to decay and be
replaced by new ones. Overall, each new stimulation updates the ensemble according to the current
distribution of excitability, inducing a drift towards neurons with high excitability. Finally, in our model,
the drift rate does not depend on the size of the original ensemble (Figure 1—figure supplement 2,
Methods).

Activity of the drifting ensemble is informative about the temporal
structure of the past experience

After showing that fluctuations of excitability can induce a drift among neural ensembles, we tested
whether the drifting ensemble could contain temporal information about its past experiences, as
suggested in previous works (Rubin et al., 2015).
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Figure 2. Neuronal activity is informative about the temporal structure of the reactivations. (a) Correlation of the
patterns of activity between the first day and every other days, for n=10 simulations. Data are shown as mean *
s.e.m. (b) Schema of the day decoder. The day decoder maximises correlation between the patterns of each day
with the pattern from the simulation with no increase in excitability. (c) Results of the day decoder for the real data
(red) and the shuffled data (orange). Shuffled data consist of the same activity pattern for which the label of each
cell for every seed has been shuffled randomly. For each simulation, the error is measured for each day as the
difference between the decoded and the real day. Data are shown for n=10 simulations and for each of the 4 days.
(d) Schema of the ordinal time decoder. This decoder output the permutation p that maximises the sum S(p) of
the correlations of the patterns for each pairs of days. (e) Distribution of the value S(p) for each permutation of
days p. The value for the real permutation S(P,.,)) is shown in black. (f) Student’s test t-value for n=10 simulations,
for the real (red) and shuffled (orange) data and for different amplitudes of excitability E. Data are shown as mean
+ s.e.m. for n=10 simulations.

The online version of this article includes the following figure supplement(s) for figure 2:
Figure supplement 1. Sparse recurrent connectivity shows similar drifting behavior as all-to-all connectivity.

Figure supplement 2. Change of excitability as a variable slope of the input-output function shows similar drifting
behavior as considering a change in the threshold.

Figure supplement 3. Two distinct ensembles can be encoded and drift independently.

Figure supplement 4. The two ensembles are informative about their temporal history and can be decoded using
two output neurons.

Inspired by these works, we asked whether it was possible to decode relevant temporal infor-
mation from the patterns of activity of the neural ensemble. We first observed that the correlation
between patterns of activity after just after encoding decreases across days (Figure 2a, Methods),
indicating that after each day, the newly formed ensemble resembles less the original one. Because
the patterns of activity differ across days, they should be informative about the absolute day from
which they were recorded. To test this hypothesis, we designed a day decoder (Figure 2b, Methods),
following the work of Rubin et al., 2015. This decoder aims at inferring the reactivation day of a
given activity pattern by comparing the activity of this pattern during training and the activity just
after memory encoding without increase in excitability (Figure 2b, Methods). We found that the day
decoder perfectly outputs the reactivation day as compared to using shuffled data (Figure 2c).

Delamare et al. eLife 2023;12:RP88053. DOI: https://doi.org/10.7554/eLife.88053 4 0f 12
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After showing that the patterns of activity are informative about the reactivation day, we took a
step further by asking whether the activity of the neurons is also informative about the order in which
the memory evolved. To that end, we used an ordinal time decoder (Methods, as in Rubin et al.,
2015) that uses the correlations between activity patterns for pairs of successive days, and for each
possible permutation of days p (Figure 2d, Methods). The sum of these correlations S(p) differs from
each permutation p and we assumed that the neurons are informative about the order at which the
reactivations of the ensemble happened if the permutation maximising S(p) corresponds to the real
permutation pred! (Figure 2e, Methods). We found that S(p™) was indeed statistically higher than S(p)
for the other permutations p (Figure 2f, Student’s t-test, Methods). However, this was only true when
the amplitude of the fluctuations of excitability E was in a certain range. Indeed, when the amplitude
of the fluctuations is null, that is when excitability is not increased (E = 0), the ensemble does not drift
(Figure 1—figure supplement 1a). In this case, the patterns of activity are not informative about the
order of reactivations. On the other hand, if the excitability amplitude is too high (E = 3), each new
ensemble is fully determined by the distribution of excitability, regardless of any previously formed
ensemble (Figure 1—figure supplement 1c¢). In this regime, the patterns of activity are not informa-
tive about the order of the reactivations either. In the intermediate regime (E = 1.5), the decoder is
able to correctly infer the order at which the reactivations happened, better than using the shuffled
data (Figure 2f, Figure 1—figure supplement 1b).
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Figure 3. A single output neuron can track the memory ensemble through Hebbian plasticity. (a) Conceptual
architecture of the network: the read-out neuron y in red ‘tracks’ the ensemble by decreasing synapses linked

to the previous ensemble and increasing new ones to linked to the new assembly. (b) Output neuron’s firing rate
across time. The red trace corresponds to the real output. The dark blue, light blue and yellow traces correspond
to the cases where the output weights were randomly shuffled for every time points after presentation of the first,
second and third stimulus, respectively. () Output weights for each neuron across time. (d) Center of mass of the
distribution of the output weights (Methods) across days. The output weights are centered around the neurons
that belong to the assembly at each day. Data are shown as mean + s.e.m. for n=10 simulations.

The online version of this article includes the following figure supplement(s) for figure 3:

Figure supplement 1. The quality of the read-out decreases with the rate of the drift.
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Finally, we sought to test whether the results are independent on the specific architecture of the
model. To that end, we defined a change of excitability as a change in the slope of the activation func-
tion, rather than of the threshold (Figure 2—figure supplement 2, Methods). We also used sparse
recurrent synaptic weights instead of the original all-to-all connectivity matrix (Figure 2—figure
supplement 1, Methods). In both cases, we observed a similar drifting behavior and were able to
decode the temporal order in which the memory evolved.

A read-out neuron can track the drifting ensemble
So far, we showed that the drifting ensemble contains information about its history, namely about the
days and the order at which the subsequent reactivations of the memory happened.

However, we have not shown that we could use the neural ensemble to actually decode the
memory itself, in addition to its temporal structure. To that end, we introduced a decoding output
neuron connected to the recurrent neural network, with plastic weights following a Hebbian rule
(Methods). As shown by Rule and O’Leary, 2022, the goal was to make sure that the output neuron
can track the ensemble even if it is drifting. This can be down by constantly decreasing weights from
neurons that are no longer in the ensemble and increasing those associated with neurons joining the
ensemble (Figure 3a). We found that the output neuron could steadily decode the memory (i.e. it
has a higher firing than in the case where the output weights are randomly shuffled; Figure 3b). This
is due to the fact that weights are plastic under Hebbian learning, as shown by Rule and O’Leary,
2022. We confirmed that this was induced by a change in the output weights across time (Figure 3c).
In particular, the weights from neurons that no longer belong to the ensemble are decreased while
weights from newly recruited neurons are increased, so that the center of mass of the weights distri-
bution drifts across time (Figure 3d). Finally, we found that the quality of the read-out decreases with
the rate of the drift (Figure 3—figure supplement 1, Methods).

Two memories drift independently

Finally, we tested whether the network is able to encode two different memories and whether excit-
ability could make two ensembles drift. On each day, we stimulated a random half of the neurons
(context A) and the other half (context B) sequentially (Methods). We found that, day after day, the
two ensembles show a similar drift than when only one ensemble was formed (Figure 2—figure
supplement 3). In particular, the correlation between the patterns activity on the first day and the
other days decay in a similar way (Figure 2—figure supplement 4a). For both contexts, the temporal
order of the reactivations can be decoded for a certain range of excitability amplitude (Figure 2—
figure supplement 4b). Finally, we found that using two output decoders allowed us to decode both
memories independently. The output weights associated to both ensembles are remodeled to follow
the drifting ensembles, but are not affected by the reactivation of the other ensemble (Figure 2—
figure supplement 4c). Indeed, both neurons are able to ‘track’ the reactivation of their associated
ensemble while not responding to the other ensemble (Figure 2—figure supplement 4d).

Discussion
Overall, our model suggests a potential cellular mechanisms for the emergence of drift that can serve
a computational purpose by ‘time-stamping’ memories while still being able to decode the memory
across time. Although the high performance of the day decoder was expected, the performance of
the ordinal time decoder is not trivial. Indeed, the patterns of activity of each day are informative
about the distribution of excitability and therefore about the day at which the reactivation happened.
However, the ability for the neural ensemble to encode the order of past reactivations requires drift
to be gradual (i.e. requires consecutive patterns of activity to remain correlated across days). Indeed,
if the amplitude of excitability is too low (E = 0) or too high (E = 3), it is not possible to decode the
order at which the successive reactivations happened. This result is consistent with the previous works
showing gradual change in neural representations, that allows for decoding temporal information of
the ensemble (Rubin et al., 2015). Moreover, such gradual drifts could support complex cognitive
mechanisms like mental time-travel during memory recall (Rubin et al., 2015).

In our model, drift is induced by co-activation of the previously formed ensemble and neurons
with high excitability at the time of the reactivation. The pool of neurons having high excitability can
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therefore ‘time-stamps’ memory ensembles by biasing allocation of these ensembles (Clopath et al.,
2017, Mau et al., 2018; Rubin et al., 2015). We suggest that such time-stamping mechanism could
also help link memories that are temporally close and dissociate those which are spaced by longer
time (Driscoll et al., 2022, Mau et al., 2020; Aimone et al., 2006). Indeed, the pool of neurons with
high excitability varies across time so that any new memory ensemble is allocated to neurons which
are shared with other ensembles formed around the same time. This mechanism could be comple-
mentary to the learning-induced increase in excitability observed in amygdala (Rashid et al., 2016),
hippocampal CA1 (Cai et al., 2016) and dentate gyrus (Pignatelli et al., 2019).

Finally, we intended to model drift in the firing rates, as opposed to a drift in the turning curve, of
the neurons. Recent studies suggest that drifts in the mean firing rate and tuning curve arise from two
different mechanisms (Geva et al., 2023; Khatib et al., 2023). Experience drives a drift in neurons
turning curve while the passage of time drives a drift in neurons firing rate. In this sense, our study is
consistent with these findings by providing a possible mechanism for a drift in the mean firing rates
of the neurons driven a dynamical excitability. Our work suggests that drift can depend on any expe-
rience having an impact on excitability dynamics such as exercise as previously shown experimentally
(Rechavi et al., 2022; de Snoo et al., 2023) but also neurogenesis (Aimone et al., 2006; Tran et al.,
2022; Rechavi et al., 2022), sleep (Levenstein et al., 2017) or increase in dopamine level (Chowd-
hury et al., 2022).

Overall, our work is a proof of principle which highlights the importance of considering excitability
when studying drift, although further work would be needed to test this link experimentally.

Methods

Recurrent neural network with excitability
Our rate-based model consists of a single region of N neurons (with firing rate r;, 1 <i < N). All-to-all
recurrent connections W are plastic and follow a Hebbian rule given by:

AW

d = ri * 1i/Tw — WijlTgecay (M

where i and j correspond to the pre- and post-synaptic neuron respectively. 7w and 7yecay are the
learning and the decay time constants of the weights, respectively.

A hard bound of [0, c] was applied to these weights. We also introduced a global inhibition term
dependent on the activity of the neurons:

N N
I=hh+LY ri+hy.ri 2)
i=1 i=1

here Iy, I} and I, are positive constants. All neurons receive the same input, A(#), during stimulation
of the network (Figure 1c, black bars). Finally, excitability is modeled as a time-varying threshold ¢; of
the input-output function of each neuron i. The rate dynamics of a neuron i is given by:

N
dr;
7 i =RelU | AW + 21: Wijr; — I+ (D) 3)
=

where 7 is the decay time of the rates and RelLU is the rectified linear activation function. We consid-
ered that a neurons is active when its firing rate reaches the active threshold 4.

In Figure 2—figure supplement 1, we applied a random binary mask to the recurrent weights in
order to set 50% of the synapses at 0. A new mask was randomly sampled for each simulation.

In Figure 2—figure supplement 2, we modeled excitability as a change of the slope of the acti-
vation function (ReLU) instead of a change of the threshold as previously used (Figure 2—figure
supplement 2a):

N

dr;
i tri=a@®*ReLU | A@) + > Wy —1 )

Tr
=1
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Protocol

We designed a 4-day protocol, corresponding to the initial encoding of a memory (first day) and
subsequent random or cue-induced reactivations of the ensemble (Josselyn and Tonegawa, 2020;
Kali and Dayan, 2004) (second, third, and fourth day). Each stimulation consists of Niep repetitions of
interval T spaced by a inter-repetition delay IR. A(r) takes the value § during these repetitions and is
set to 0 otherwise. The stimulation is repeated four times, modeling four days of reactivation, spaced
by an inter-day delay ID. Excitability ¢; of each neuron i is sampled from the absolute value of a normal
distribution of mean 0 and standard deviation 1. In Figure 2—figure supplement 2, excitability ¢; is
sampled from the absolute value of a normal distribution of mean 0.4 and standard deviation 0.2.
Neurons 10-20, 20-30, 30-40, and 40-50 then receive an increase of excitability of amplitude E,
respectively on days 1, 2, 3, and 4 (Figure 1a). A different random seed is used for each repetition
of the simulation. When two memories were modeled (Figure 2—figure supplements 3 and 4),
we stimulated a random half of the neurons (context A) and the other half (context B) successively
(Figure 2—figure supplement 3a), every day.

Decoders

For each day d, we recorded the activity pattern V,;, which is a vector composed of the firing rate of
the neurons at the end of the last repetition of stimulation. To test the decoder, we also stimulated the
network while setting the excitability at baseline (E = 0), and recorded the resulted pattern of activity
V9 for each day d. We then designed two types of decoders, inspired by previous works (Rubin et al.,
2015): (1) a day decoder which infers the day at which each stimulation happened and (2) an ordinal
time decoder which infers the order at which the reactivations occurred. For both decoders, the shuf-
fled data was obtained by randomly shuffling the day label of each neuron. When two memories were
modeled (Figure 2—figure supplements 3 and 4), the patterns of activity were taken at the end of
the stimulations by context A and B, and the decoders were used independently on each memory.

1. The day decoder aims at inferring the day at which a specific pattern of activity occurred. To that
end, we computed the Pearson correlation between the pattern with no excitability V9 of the day d
and the patterns of all days d’ from the first simulation V. Then, the decoder outputs the day diy that
maximises the correlation:

dinf = argdrlnax { Corr(Vg, le ) } (5)

The error was defined as the difference between the inferred and the real day di,s — d.

2. The ordinal time decoder aims at inferring the order at which the reactivations happened from
the patterns of activity V; of every day d. To that end, we computed the pairwise correlations of each
pair of consecutive days, for the 4! possible permutations of days p. The real permutation is called
preal =(1,2,3,4) and corresponds to the real order of reactivations: day 1 — day 2 — day 3 — day 4.

P y y y y
The sum of these correlations over the 3 pairs of consecutive days is expressed as:

3
S(p) =) corr(Vp, Vi) (6)
i=1
We then compared the distribution of these quantities for each permutation p to that of the real
permutation S(p™?) (Figure 2). The patterns of activity are informative about the order of reactivations
if Sy corresponds to the maximal value of S(p). To compare S(p') with the distribution S(p), we
performed a Student'’s t-test, where the t-value is defined as:

S(preal) _ u
- o/\/N

where p and o correspond to the mean and standard deviation of the distribution S(p), respectively.

The drift rate A (Figure 1—figure supplement 2 and Figure 3—figure supplement 1) was
computed as:

t 7)

4
A= Z (1 — corr(Vy, V;)) (8)

i=2
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Memory read-out

To test if the network is able to decode the memory at any time point, we introduced a read-out
neuron with plastic synapses to neurons from the recurrent network, inspired by previous computa-
tional works (Rule and O’Leary, 2022). The weights of these synapses are named WU = (W{"); <;<y
and follow the Hebbian rule defined as:

ut

dij = h(WOU) % 1y % ylrd — Wr,

©)

where 7 and 7., corresponds to the learning time and decay time constant, respectively. A(W°U") is

a homeostatic term defined as A(W°") =1 — Zjl\il Wt which decreases to 0 throughout learning. h
takes the value 1 before learning and O when the sum of the weights reaches the value 1. y is the firing

rate of the output neuron defined y as:
N
y=>_ Wy (10)
i=1
The read-out quality index Q (Figure 3—figure supplement 1) was defined as:

4
0= yah"™ ) N (11)
d=2

where y; corresponds to the value of y taken at the end of the last repetition of day d, and yzh“me the

equivalent with shuffled outputs weights. (...) . indicates the average over Nyyuse = 10 simulations.
In Figure 2—figure supplements 3 and 4, two output decoders y;, k € {1,2}, with corresponding
weights We' = (W) <i< are defined as:

N
Yk = Z WoR'ri + By (12)
i=1
and follow the Hebbian rule defined as:
awt
d;’k = h(Wgzt) * 1k YRl T — Wﬁzt/ToTjt (13)

Then, we aimed at allocating y; and y; to the first and the second ensemble (context A and B),
respectively. To that end, we used supervised learning on the first day by adding a current 3, to the
output neurons which is positive when the corresponding context is on:

Bo = 0.1if 1000 < r < 3000, O otherwise

14
B1 = 0.1if 4000 < 7 < 6000, O otherwise a4

The shuffled traces were obtained by randomly shuffling the output weights W or W™ for each
ensemble k.

Table of parameters

The following parameters have been used for the simulations. When unspecified, the defaults values
were used. All except N are in arbitrary unit. Figure 2—figure supplement 2 corresponds to the
change from a threshold-based to a slope-based excitability. Figure 2—figure supplements 3 and
4 corresponds to the stimulation of two ensembles. Figure 2—figure supplement 1 corresponds to
the sparsity simulation.

Figure 2—figure  Figure 2—figure Figure 2—figure
Param. Description Default supplement 2 supplements 3 and 4 supplement 1

N Number of neurons 50

Continued on next page
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Continued
Figure 2—figure  Figure 2—figure Figure 2—figure

Param. Description Default supplement 2 supplements 3 and 4 supplement 1
Learning time constant of the

T™wW recurrent weights 800 700 - -
Decay time constant of the

Tdecay recurrent weights 1000 800 4000 -
Decay time constant of the

Tr firing rates 20 - - -
Learning time constant of the

7‘(',';“ output weights 200 - - -
Decay time constant of the

Tout output weights 1000 - - -

Iy First inhibition parameter 12 4 8 7

I Second inhibition parameter 0.5 0.7 0.8 0.8

I Third inhibition parameter 0.05 - - -

) Input current during stimulation 15 - 12 20
Amplitude of the fluctuations of

E excitability 1.5 0.5 - -

Nrep Number of repetitions 10 - - -

T Duration of each repetition 100 - - -

IR Inter-repetition delay 100 - - -

ID Inter-stimulation delay 1000 - - -

0 Active threshold 5 1 - -

c Cap on the recurrent weights 1 5 - -
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Figure 1. Excitability-induced drift of memory ensembles. (a) Distribution of excitability €; for each neuron i,
fluctuating over time. During each stimulation, a different pool of neurons has a high excitability (Methods). (b, c)
Firing rates of the neurons across time. The red traces in panel (c) correspond to neurons belonging to the first
assembly, namely that have a firing rate higher than the active threshold after the first stimulation. The black bars
show the stimulation and the dashed line shows the active threshold. (d) Recurrent weights matrices after each of
the four stimuli show the drifting assembly.
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Figure 1—figure supplement 1. Comparison of drifting behavior for different values of excitability amplitude.
(@) E = 0, no drift. A neural assembly is initially formed during the first stimulation and later reactivated every

subsequent day. (b) E = 1.5, partial drift. The ensemble is gradually modified during each new stimulation.

(c) E = 3, full drift. Each new stimulation leads to formation of a new ensemble, containing neurons that have high

excitability during this time.
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Figure 1—figure supplement 2. The rate of the drift does not depend on the size of the initial engram. Drift rate
against the size of the original engram. Bars show minimum, mean and maximum values. n=100 simulations.

Delamare et al. eLife 2023;12:RP88053. DOI: https://doi.org/10.7554/eLife.88053 4 of 11



ELlfe Short report Neuroscience

a)- 1.0 1 b) C)_ﬂg 1.0 q real
IS S shuffled
O 3 0.81
2 >
2 0.8 1 < 0.6 1
O P2 (]
: K\ /%/ 2"
2 L
@ 0.6 o 0.2 7
S <
w T T T T E= 0 a 0.0 -
0 1 2 3 -2 0 2
Elapsed time (days) Error (days)
d) f g
S 151 real
£ shuffled
Z 1.0
N A AN o
e) P12 + P23 + p3a= S(p) S
) S(preal) g 05 A
e <
5595 -
_é’g £ 0.01
EE 0 E —0-57 T T T T
S 0.4 0.6 0.8 0 1 2 3
S(p) Excitability amplitude F (a.u.)

Figure 2. Neuronal activity is informative about the temporal structure of the reactivations. (a) Correlation of the
patterns of activity between the first day and every other days, for n=10 simulations. Data are shown as mean *
s.e.m. (b) Schema of the day decoder. The day decoder maximises correlation between the patterns of each day
with the pattern from the simulation with no increase in excitability. (c) Results of the day decoder for the real data
(red) and the shuffled data (orange). Shuffled data consist of the same activity pattern for which the label of each
cell for every seed has been shuffled randomly. For each simulation, the error is measured for each day as the
difference between the decoded and the real day. Data are shown for n=10 simulations and for each of the 4 days.
(d) Schema of the ordinal time decoder. This decoder output the permutation p that maximises the sum S(p) of
the correlations of the patterns for each pairs of days. (e) Distribution of the value S(p) for each permutation of
days p. The value for the real permutation S(,.,)) is shown in black. (f) Student’s test t-value for n=10 simulations,
for the real (red) and shuffled (orange) data and for different amplitudes of excitability E. Data are shown as mean
+ s.e.m. for n=10 simulations.
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Figure 2—figure supplement 1. Sparse recurrent connectivity shows similar drifting behavior as all-to-all
connectivity. The same simulation protocol as Figure 1 was used while the recurrent weights matrix was made
50% sparse (Methods). (a) Firing rates of the neurons across time. The red traces correspond to neurons belonging
to the first assembly, namely that have a firing rate higher than the active threshold after the first stimulation. The
black bars show the stimulation and the dashed line shows the active threshold. (b) Recurrent weights matrices
after each of the four stimuli show the drifting assembly. (c) Correlation of the patterns of activity between the

first day and every other days. (d) Student's test t-value of the ordinal time decoder, for the real (red) and shuffled
(orange) data and for different amplitudes of excitability E. (e) Center of mass of the distribution of the output
weights (Methods) across days. (c-e) Data are shown as mean + s.e.m. for n=10 simulations.
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Figure 2—figure supplement 2. Change of excitability as a variable slope of the input-output function shows
similar drifting behavior as considering a change in the threshold. The same simulation protocol as Figure 1 was
used while the excitability changes were modeled as a change in the slope of the activation function (Methods).
(@) Schema showing two different ways of defining excitability, as a threshold (top) or slope (bottom) of the
activation function. Each line shows one neuron and darker lines correspond to neurons with increased excitability.
(b) Firing rates of the neurons across time. The red traces correspond to neurons belonging to the first assembly,
namely that have a firing rate higher than the active threshold after the first stimulation. The black bars show the
stimulation and the dashed line shows the active threshold. (c) Recurrent weights matrices after each of the four
stimuli show the drifting assembly. (d) Correlation of the patterns of activity between the first day and every other
days. (e) Student's test t-value of the ordinal time decoder, for the real (red) and shuffled (orange) data and for
different amplitudes of excitability E. (f) Center of mass of the distribution of the output weights (Methods) across
days. (d-f) Data are shown as mean + s.e.m. for n=10 simulations.
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Figure 2—figure supplement 3. Two distinct ensembles can be encoded and drift independently. (a, b) Firing
rates of the neurons across time. The red traces in panel (b) correspond to neurons belonging to the first assembly
and the green traces to the second assembly on the first day. They correspond to neurons having a firing rate
higher than the active threshold after the first stimulation of each assembly. The black bars show the stimulation
and the dashed line shows the active threshold. (c) Recurrent weights matrices after each of the eight stimuli

showing the drifting of the first (top) and second (bottom) assembly.
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Figure 2—figure supplement 4. The two ensembles are informative about their temporal history and can be decoded using two output neurons.

(a) Correlation of the patterns of activity between the first day and every other days, for the first assembly (red) and the second assembly (green).

(b) Student’s test t-value of the ordinal time decoder, for the first (red, left) and second ensemble (green, right) for different amplitudes of excitability E.
Shuffled data are shown in orange. (c) Center of mass of the distribution of the output weights (Methods) across days for the first ( lut, red) and second

(Wg‘“, green) ensemble. (a—c) Data are shown as mean + s.e.m. for n=10 simulations. (d) Output neurons firing rate across time for the first ensemble

(y1, top) and the second ensemble (y7, bottom). The red and green traces correspond to the real output. The dark blue, light blue and yellow traces

correspond to the cases where the output weights were randomly shuffled for every time points after presentation of the first, second and third stimulus,

respectively.
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Chapter 3 - Towards an epigenetic

memory

So far, the focus of this thesis was on understanding how the dynamics of intrinsic
excitability influences memory formation and maintenance. In particular, we modelled
fluctuations of excitability - induced by learning or spontaneous - on the timescale of a
few hours. However, learning has also been shown to be followed by intrinsic changes
in how the nucleus of neurons transcript genes associated to learning-related proteins
(Coda and Gréff, 2024). These epigenetic changes may play a crucial role in memory
dynamics, and could in principle help maintaining memories over a life time. So far
however, epigenetics has largely been omitted in computational models of memory. In
this last chapter, we introduced a model for epigenetics in a memory network and study
the role and implication of epigenetic priming in memory formation and maintenance.
This work is a result of a collaboration with Prof. Johannes Gréff (Ecole Polytechnique
Fédérale de Lausanne, Switzerland) and a preprint has been submitted to Neuron as a

Viewpoint in October 2024.
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Abstract

Individual memories are thought to be encoded in synaptic connections forming assemblies
of neurons that are specifically reactivated during memory recall. However, this widely accepted
paradigm for memory cannot explain how individual ensembles are maintained over (life-) long
timescales. Experimentally, learning has not only been associated with synaptic modifications among
neurons, but also with epigenetic alterations of learning-related gene transcription within neurons.
Although these epigenetic changes are known to be involved in all stages of memory dynamics, they
have been largely omitted in computational studies. In this perspective, we advocate for the inte-
gration of epigenetics in computational models of memory. We first explore the role of epigenetic
priming in the maintenance of memories across long timescales. We then investigate the implica-
tion of epigenetic modifications for memory allocation. Finally, we predict several computational
advantages of including epigenetics over traditional models of synaptic memories. Overall, this pa-
per stands as a first step towards an integration of epigenetics in computational models of memory

circuits.



Introduction

Understanding memory circuits in the brain requires to answer two fundamental questions: How
can memories on the one hand be rapidly encoded and on the other hand be stably maintained over
timescales that can reach a lifetime? The main approach to answer these question from a neuroscience
perspective has been to consider that information is encoded at the synapse level. Indeed, when
experiencing an event, rapid changes among synapses give rise to specific connectivity structures among
neurons. The corresponding activity patterns are reactivated when memory is retrieved, resulting in
a neural code that correlates with the memory read-out [1]. Correspondingly, most computational
models of memory circuits have assumed that information is encoded at the level of synapses. In
particular, Hebbian learning rules have been successful to reproduce long-term potentiation (LTP) of
synapses [2, 3]. Furthermore, memories can be modeled as neural ensembles formed through Hebbian
associations, which are stable across time [4-7]. These ensembles are able to perform pattern separation
and completion, making them particularly powerful to model memory engrams [8, 9]. Although this
paradigm seems to explain well how memory is formed and retrieved, it also requires that synapses are
maintained over very long timescales. For lifelong memories for example, this stability requirement
implies that synapses are stable across several decades, although no experiment to date has directly
proven synaptic stability over such extended timescales. This last point thus represents a fundamental
stability problem: If memories are solely maintained in the synapses, how can long-lasting memories
be resilient to ongoing molecular changes such as synaptic and protein turnover that happen at much

shorter time scales [10, 11]?

Only few synaptic-based models of memory circuits have tackled this question so far [9, 12-14]
and memory models have been largely agnostic to intrinsic changes within individual neurons following
learning. In the past two decades, several experimental studies have shown that learning is associated
with changes to the neuron’s epigenetic state [15—17]. In a way similar to cellular memory [16], for
which epigenetic modifications in terms of posttranslational histone modifications or DNA methylation
stably dictate gene expression changes during development and differentiation [18], epigenetic mecha-
nisms have been proposed to potentially play a role in maintaining behavioral memory over very long
timescales [19-21]. Indeed, epigenetic mechanisms have so far been shown to be implicated in all phases
of a memory, from its encoding [22], to its consolidation [15, 23], retrieval [24] and extinction [25].
Their role has been associated with stimulus-specific increases in the transcription of genes related both
to synaptic and intrinsic plasticity, thereby permitting a bidirectional dialogue between synapses and

genes. However, computational models have largely omitted the role of epigenetics in memory dynamics.



Here, we provide a novel framework which includes the role of epigenetics in a computational model
of memory. In a neural circuit model that incorporates recent experimental evidence, we consider that
epigenetic mechanisms can regulate intrinsic neuronal properties such as their learning rate and excitabil-
ity. We further integrate the concept of cognitive epigenetic priming by considering that neurons tagged
during memory encoding are later more prone to transcribe excitability- and plasticity-related genes than
non-tagged neurons. We first show that, after acquisition, a neural ensemble subject to molecular turnover
leads to loss of memory. Then, we ask to what extent including epigenetics can lead to better mainte-
nance of memory, as well as to memory allocation. Finally, we investigate the advantages of epigenetic
regulation of excitability and synaptic plasticity over direct regulation of these factors, in particular re-
garding memory specificity. Together, this model stipulates that memory is not be solely encoded in the

synaptic weights, but could rather be co-encoded in epigenetic patterns within the nucleus.

Results

Synaptic instability leads to loss of memory

Memories are thought to be encoded in neural ensembles, which are characterised by a strengthening
of synaptic weights among neurons composing the assembly [6, 7]. However, it is not clear how
such synapse-based memories are maintained across long timescales. Indeed, synapses are subject to
molecular turnover, which can lead to the decay of synaptic strength, and thus to the loss of the memory

[10, 26, 27].

To better understand the effect of synaptic decay over memory maintenance, we have designed a
new model of memory encoding and recall using a recurrent neural network. Our network is composed
of rate-based neurons that are recurrently connected. The synaptic weights follow a Hebbian rule and
are subject to decay over a longer timescale (Methods). When we first stimulated our network, we
observed the formation of a neural assembly: During encoding, a subset of neurons have firing rates
above the active threshold, and the same subset is reactivated during recall (Fig. 1a). At the synaptic

level, neurons from these subsets are recurrently connected (Fig. 1b).

We also observed that also subsequent reactivations of the ensemble induced an increase of the synap-
tic weights, they were not enough to maintain the ensemble across time (Fig. la,b). Indeed, firing rates
of the tagged neurons went below the active threshold after a few reactivations. Therefore, we may now

ask how it is possible to maintain memory across time despite such synaptic decay.
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Figure 1: Epigenetic mechanims can compensate for memory loss associated to synaptic
decay. a) Firing rates of all neurons across time. Neurons tagged during encoding are shown in
red, other neurons are shown in black. Black bars show stimulation of the network, the first one
corresponding to encoding and the last four to recall. The dashed line corresponds to the active
threshold. b) Synaptic weights right after encoding (1% panel) and right after each of the four
reactivations (2“d to 5t panel). c) Dynamics of the priming variable: Tagged neurons are shown in
red and non-tagged neurons in black. The priming variable of tagged neurons increases to 2 after
encoding before decreasing to 1, its steady-state value. d) Averaged synaptic weights of tagged
neurons across time when epigenetic modifications are considered (solid line) and when not (dashed
line). Average over n = 10 simulations. e) and f) Recurrent synaptic weights and firing rates
of tagged neurons in three different scenarios: When epigenetics is kept at control value (black),
down-regulated, thereby preventing transcription (light blue), and up-regulated, thereby increasing
transcription (yellow). Data is shown as mean + s.e.m., n = 100 simulations.



Epigenetic priming of tagged neurons improves memory retention

We hypothesized that following encoding, intrinsic changes to the epigenome of individual neurons
could help maintaining memories across much longer timescales. This hypothesis is based on recent
findings suggesting that learning is followed by epigenetic changes [22]: Neurons tagged during
encoding have been shown to have an altered epigenome over a timescale of at least a few days after
learning, with both excitability- and plasticity-related genes being modulated by epigenetic mechanisms
[24, 28]. In our model, we introduced epigenetic regulation of two neural factors: Intrinsic excitability
and learning rate. During encoding, each neuron is attributed a epigenetic priming variable. If the
neuron is active during encoding, this variable is set to increase before decreasing to a steady value (lc
Methods), akin to what has been observed in vivo [24, 28]. Neurons in this state are now ~’primed” and
ready to trigger transcription following neural activity, in particular during the successive reactivations
of the ensemble. With this configuration, increase of intrinsic excitability and learning rate only happens
if a given neuron is primed and if its firing rate is above a given threshold 6, (Methods). We observed
that the recurrent weights of neurons tagged during encoding were maintained across a longer time scale
as compared to when the epigenetic priming variable was not introduced (1d). Therefore, epigenetic

mechanisms greatly improved memory stability in the model.

We then asked what would be the effect of down- or up-regulating epigenetics in silico. We hy-
pothesised that the manipulation of epigenetic factors that favour chromatin accessibility and therefore
the transcription of excitability- and plasticity-related genes (such as histone acetylation, although
our model remains agnostic to the specific type of epigenetic modification per se) would lead to a
change in the maintainance of synaptic weights across time [21]. To test this, we varied the scale to
which epigenetic priming affects the neuronal parameters: Changes in the epigenome alter the scaling
factors associated to intrinsic excitability and synaptic plasticity (Methods). We found that down- and
up-regulating epigenetics led to a decrease and increase in both firing rates and synaptic weights of

tagged neurons (1. le, f), respectively.

Taken together, these results indicate that the loss of memories associated with synaptic decay in
a neural circuit model can be greatly compensated when considering epigenetic regulation of internal
nuclear factors. Tagged neurons during encoding are more easily reinforced during recall due to a better
ability to transcribe excitability- and plasticity-related genes. In that sense, part of the memory is now

encoded in the nucleus itself, and is therefore resilient to synaptic decay.



Epigenetics does not necessarily affect memory allocation

We then tested to what extent an epigenetic manipulation before learning has occurred might affect
neuronal functioning, and thus tested its effect on memory allocation. Memory allocation is the process
that determines which specific neurons in a neural network will become recruited to store a given
memory [30]. Initially thought of as a stochastic process, such neuronal selection into the memory trace
does not happen randomly, but rather depends on the individual state of a neuron at any given time.
On the one hand, increased intrinsic excitability of neurons in the lateral amygdala (LA) was found
to favor their allocation into the memory ensemble [31-33]; on the other hand, overexpression of the
transcription factor Ca2+/cAMP response element-binding protein (CREB) not only instated a similar
enhancement of intrinsic excitability, but also increased the chance to be selected into the memory trace

[34-36].

In our model, we propose to directly test the extent to which priming a subset of neurons before
memory encoding can bias these neurons for allocation. In our model, 20% of the neurons were primed
just before memory encoding (Methods) such that the priming variable of these neurons is higher during
memory encoding. During the last encoding stimulation, we measured the proportion of neurons that
belong to the primed subset and that are tagged, i.e. that have had a firing rate above the active threshold
during encoding. We found that the proportion of neurons both from the subset and tagged was similar
to the control case, where all priming variables were kept at O (Fig. 2a), which indicates that memory

allocation is not affected by epigenetic priming.
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Figure 2: Primed neurons are preferentially allocated to the memory ensemble only when
their excitability is concurrently increased. a) Colocalization of neurons in three different sce-
narios: when no neuron is primed during encoding (control), when a subset of neurons is primed
(primed) and when primed neurons also have increased excitability (primed + exc.). n = 1000 sim-
ulations. b) Figure redrawn from Santoni et al., 2024 [29], showing that neurons with enhanced
histone acetylation (mediated by the histone acetyltransferases CBP and KAT5) are preferentially
allocated to the memory trace in lateral amygdala.



However, in our model, we did not observe any change in excitability prior to learning. This is
because epigenetic priming was set to play a role only when neurons have a firing rate above the ac-
tive threshold, which is not the case before learning here. Yet, experimentally, histone acetylation was
recently found to be cell-intrinsically linked to neural excitability [29], prompting us to associate epige-
netic priming with direct increases of neural excitability. When doing so, we found that primed neurons
show a bias towards allocation (Fig. 2a) i.e. most neurons that were primed during encoding were also
allocated to the assembly. This is consistent with a recent study showing that neurons with enhanced
histone acetylation show increased excitability and are preferentially allocated to the memory trace in
the lateral amygdala (Fig. 2b) [29]. Overall, our model provides predictions on how memory allocation
can be biased when manipulating neural epigenetic states, and highlights the role of intrinsic excitability

in this allocation.

Advantages of epigenetics over direct modulation of internal variables

So far, we have introduced epigenetics using a priming variable, meaning that increases in excitability
and learning rate only happens with further reactivation of the neuron. In that sense, epigenetics may act
as a “meta-learning” process, which is silent and has no effect while neurons firing rates remain below
the activation threshold. This is in line with recent findings showing that inhibiting histone deacetylases
(HDAC:S) increases long-term potentiation only when paired with learning and had no effect on its own
[37]. Alternatively, we could expect similar memory consolidation with a simpler model, for example if
the neurons learning rate and excitability were directly increased following encoding of the ensemble.
Hence the following question is asked: What are the computational advantages of epigenetic priming

over direct modulation of internal variables?

A first answer to that question is that, as a silent process, epigenetic priming is more energy efficient.
In our model, the synapses and firing rates are not affected between reactivations, as neurons are silent
during these time windows. The silent nature of such epigenetic priming is therefore better in terms
of metabolic efficiency over direct regulation of intrinsic factors. A second answer may be found in
the possibility that the silent nature of this process can prevent multiple memories from interfering
with each other. Indeed, both experimental [38—40] and computational [6, 41] studies have shown that
increased excitability can cause memory interference, or linking. Here again, because excitability of
tagged neurons is not directly increased, we hypothesised that different ensembles should be reactivated
and consolidated independently, with epigenetic mechanisms playing a role during the time window of

reactivation.
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Figure 3: Epigenetic mechanisms help consolidating ensembles individually and is better at
preventing memory interference. a) Firing rate of neurons across time without epigenetics. Two
ensembles are formed by initial stimulation of subsets of neurons (Methods). As in the previous case
with a single ensemble, firing rates of neurons from these ensembles decrease across time indicating
memory loss. b) Averaged synaptic weights of tagged neurons across time when epigenetics is applied
(solid line) and absent (dashed line), for neurons tagged in context A (red) and in B (blue). Average
over n = 10 simulations. c) Epigenetics is added in the model in two different ways. Transcription
of plasticity- and excitability-related proteins increases either when neurons are primed and active
during recall (control) or only if they are primed regardless of further activation (lowered threshold).
In our model, this corresponds to lowering the threshold for increase of excitability and learning rate.
Epigenetic changes are shown in green. d) Overlap among the two ensembles in these two scenarios,
during encoding and recall. Data is shown as mean + s.e.m., n = 100 simulations.

To test this hypothesis, we modeled two memories, by stimulating different subsets of neurons in
an alternate manner (Methods, Fig. 3a). We observed the formation of two distinct ensembles that are
successively maintained through epigenetics regulation (Fig. 3b). We then measured the overlap among
the ensembles, both during encoding and during the last recall in two different conditions: Either when
transcription of excitability- and plasticity-related genes happens only in active neurons, or when tran-
scription happens in all primed neurons (Methods). We found that the overlap during recall was high
when transcription was not contingent on neural activity (Fig. 3c, Recall). In other words, conditioning
the transcription of learning-related genes on neural activity allows for reinforcing ensembles indepen-

dently, while protecting them from interfering.



Discussion

Overall, our study highlights the role of epigenetic mechanisms in a plastic recurrent neural network.
Thereby, it challenges the traditional view that memories are solely encoded as a strengthening of the
synaptic weights. Instead, part of the memory is encoded in the nucleus itself, through an alteration
of the epigenome. These results thus serve as a springboard for further computational and theoretical

predictions on how memory maintenance would be affected by epigenetic changes in memory circuits.

We have shown that epigenetic-based up-regulation of intrinsic excitability and synaptic plasticity
can compensate for memory loss associated with molecular turnover. These results are consistent with
recent experimental studies highlighting the role of epigenetics in memory maintenance [15, 16, 23,
42]. Nevertheless, our model generalises multiple epigenetics mechanisms, such as DNA methylation
or histone acetylation, into a single variable that we name epigenetic priming”. In reality, epigenetic
mechanisms are diverse and multi-facetted in nature: In additon to the long-known histone modifications
of acetylation, methylation, phosphorylation, sumoylation and ubiquitination, recent studies have also
identified that histones can be dopaminylated [43] or serotonylated [44], which provides an intriguing
link to neurotransmitter signaling directly affecting the epigenome. Multiple such epigenetic priming
variables should thus be considered in future models, either individually, or rather in combination
[45], to start to fully apprehend epigenetic codes of learning and memory. Considering that every
nucleus contains around 30’000 nucleosomes, each composed of eight core histone proteins, of which
each contains around 30 modifiable amino acids, this poses a formidable computational challenge.
Furthermore, our model remains thus far agnostic to the locus specificity of the epigenetic changes,
both in terms of which genes they regulate and on which genetic element — promoter, enhancer or other
— they fall. Moreover, as epigenetic mechanisms regulate the transcription of a large number of genes

simultaneously, the computational challenge becomes even more interesting.

In our model, we considered epigenetic priming as stable during the entire duration of the simulation,
and especially over the multiple reactivations of the ensemble. Experimentally, epigenetic priming
of engram cells in mice has been shown to last for up to 5 days following learning [24], and that of
excitatory neurons more generally speaking for up to 30 days post-encoding [22]. However, it could in
principal last over a lifetime, as it does for epigenetic mechanisms regulating cell differentiation [16,
20], for early life stress-induced epigenetic markers [46] and for disease-associated cellular memories
following inflammation in astrocytes [47]. How such stability in memory-bearing cell assemblies can be
achieved remains unclear, but is a topic of great interest in the field of cellular epigenetic memories in

development and differentiation [48, 49]. There, three factors have recently been identified as crucial for



the persistance of epigenetic memories: 1) There is a substantial density difference between chromatin
compartments; 2) epigenetic marks spread in three dimensions thanks to the joint interplay between
“reader” and “writer” enzymes; 3) the enzymes are limited in abundance relative to their histone
substrates. In post-mitotic engram neurons, all three conditions are met: 1) Chromatin compartmen-
talization varies within engram nuclei [24, 29, 50]; both “reader” (the ones that recognize epigenetic
marks) as well as “writer” (the ones that put the epigenetic marks in place) enzymes are at play in
these neurons [29, 50, 51]; and these enyzmes are by default limited compared to the histone proteins.
Nevertheless, further work would also need to combine cell-intrinsic epigenetic mechanisms with
existing models of long-term memory such as systems consolidation that explain memory maintenance
over long timescales [52-54]. Indeed, as memory consolidation likely involves multiple brain areas at
once, it would be particularly interesting to decipher brain region-specific epigenetic effects and whether

and the extent to which they vary spatiotemporally during this process.

It is important to note that in our model synaptic recurrent weights are still needed to encode the
information. As such, they highlight an intricate interplay between synapse-based and chromatin-
templated plasticity. Epigenetic priming serves as a complementary mechanism that helps to maintain
memories across time, and differs from a direct regulation of excitability and plasticity-related proteins.
In our model, primed neurons remain in a silent mode until further reactivation. In other words,
epigenetics acts as a secondary or “meta-learning” mechanism that impacts the network dynamics only
for neurons that are part of an ensemble. This characteristic is based on studies showing that epigenetic
priming primarily reduces the threshold for neural activity to trigger transcription [55] and does not, on
its own, affect the neuron’s dynamic such as its firing [37]. As shown in this study, this feature leads to
interesting results regarding memory allocation and selectivity. For example, epigenetic manipulation

does not seem to bias allocation a priori unless it involves a direct increase in excitability.

Regarding memory selectivity, our model predicts that the silent nature of memory retention in the
nucleus allows for protecting ensembles from interfering. In contrast, a direct increase of excitability-
and plasticity-related proteins would lead to memory interference, as shown in the last section. This
alternative scenario corresponds to experimental studies showing that learning-induced increase of
excitability leads to memory linking [6, 38—40]. And although we speculate that epigenetic priming is
more energetically efficient than, for example, a sustained increased excitability, it should be noted that

epigenetic priming also comes with a metabolic cost [56, 57].

Finally, the current model focuses only on the memory engram paradigm. In particular, other cell
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types and tasks could require more complex weight profiles than a neural assembly. Further work would
also be needed to understand how epigenetic mechanisms could help maintaining more complex forms
of memory, or lead to aberrant memory performance in neurological disorders such as Alzheimer’s dis-
ease, for which epigenetic aberrations have been documented [58-60]. Since the neuronal epigenome is
also known to be affected by the environment [16, 20, 61] future studies should also explore how much
environmental circumstances affect the epigenome, and thereby memory consolidation. Similarly to epi-
genetic codes laid down during cell differentiation in development, such acquired epigenetic information
could in principle last for the lifetime of a cell, while being largely resilient to molecular turnover [16],

and thus encode behavioral memories in stable manner.

Methods

Recurrent neural network with excitability

Our network is composed of N = 50 neurons, with firing rate r;, 1 <i < N, that follow a rate-based

dynamics given by
dr

N
i k
%rg = ReLU <A§ )(t)+j21W,~jrjI+£,~(t)> (1)

where 7, = 20 is the decay time of the rates and ReL U is the rectified linear activation function. Recurrent

connections W are all-to-all and plastic, and follow a Hebbian rule given by:

aw;;  rirj W
_ Wy 2
d @) T )

where i and j correspond to the pre- and post-synaptic neuron respectively. ri*' (¢) and 7= = 4000 are the
learning and the decay time constants of the weights, respectively. The dynamics of 7, (¢) is described

in the next section. A hard bound of [0, 1] was applied to these weights. Inhibition / is given by:

N N
I=lh+L Y ri+bLY 7 (3)
i=1 i=1

where Iy =7, I; = 0.5 and I, = 0.05. A®)(r) denotes the input from context k € {1,2}, with a dynamics
explained in the protocol section below. Finally, excitability is modeled as a time-varying threshold &;(¢)
of the input-output function of each neuron i, with a dynamics described in the next section.
Epigenetic priming

All neurons i are attributed a priming variable ¢; which is initially set to 0. During encoding, if a neuron

i reaches the firing threshold 6 = 2, the priming variable rapidly increases to 2 in a time scale 7} = 10,
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for a duration of 100 time steps:
do;

- 2—ai)/ty 4

Then, this priming variable decays to its steady state value of 1, in a time scale 7, = 1000 for the rest of
the simulation:
dOCl'
dr

=(-a)/7y Q)

Finally, we assume that intrinsic excitability and learning rate are varying based on this epigenetic
modification. In our model, the learning time constant of the Hebbian rule Ti+ and excitability el-+ of

neuron i are subject to the following dynamics:

= — B s 6
Ti()—m,l ri > Oy (6)
g (t) = €2(1 4+ Beoy(t)), if r; > Oy (7

where r(;” =2500 and 81-0 is randomly sampled from a chi-squared distribution of parameter 1 at each
time step. When excitability is increased concurrently with epigenetic priming (Fig. 2a), 0.1 is added
to & (¢), for every primed neurons i, during memory encoding. Note that transcription only happens if
neurons reach the firing rate 8. By and f¢ are scaling factors that are tuned for down- or up-regulation

of epigenetics:

Parameter | Control | Down-regulation | Up-regulation

Bw 0.9 0.8 1.0

Be 0.9 0.8 1.0

Simulation protocol

We consider that the memory is initially encoded and later reactivated during memory recall, at different
time points. The encoding stimulation consists of 10 repetitions of interval 100 time steps (ts) spaced
by a inter-repetition delay of 100 ts. A random half of the neurons correspond to the first context. The
second context corresponds to 95% of the other half and 5% of the neurons from the first context. When

a context is presented, Agk) (t) takes the value 0 = 16 if i belong to the corresponding context ensemble,
and 6/10 otherwise. The first context and second one (if any) are presented at t = 1000 and t = 4000.
Recall consist of a single stimulation of duration of 100 ts, starting at t = 8000 and t = 11000 for the
first and second context, respectively. Recall is repeated 4 times, with inter-repetition delay of duration

of 6000 ts. The overlap between two ensembles was computed as the number of neurons being active

12



during presentation of both contexts, divided by the number of neurons active during the first one, It was
computed during the last repetition of the encoding stimulation (encoding overlap) and during the last

recall stimulation (recall overlap).
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Conclusion

Summary

This thesis has highlighted the role of intrinsic neural properties in memory circuits
under three different angles: memory allocation and linking, representational drift and
epigenetics. It showed the importance of considering the intrinsic state of individual
neurons when studying memory dynamics on long timescales. Experimental studies are
often limited by the challenge to record neural activity over timescales of several days,
which is a major limitation in memory research. Here, our computational approach
provides key predictions for experimental researchers wishing to understand better how
intrinsic neural properties affect memory dynamics. The first work predicts mechanisms
underlying the interplay between intrinsic excitability and synaptic plasticity in memory
formation. In particular, the proposed model explains the role of excitability in memory
linking and allocation, consistently with past experimental works. The results of this
initial work has then been extended in the second study, which shows how intrinsic
excitability can be a motor for representational drift. This work not only gives a
possible answer to the question of how drift happens, but also to the question of why
it happens. Indeed, our model predicts how drifting ensembles can allow for time-
stamping memories, and gives the conditions for this to happen. In the last part of this
thesis, a new of epigenetics in a memory circuit was proposed. This work predicts the
role of epigenetic priming in maintaining memories over extended timescales, in a first

step towards the integration of epigenetics in computational models of memory.
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Discussion about the model

In this thesis, we chose to investigate the investigate the role of neural intrinsic pa-
rameters in memory formation and maintenance using a computational approach based
on realistic biological features. For example, the frequency of the stimulation could
correspond to the frequency of theta waves in the hippocampus, and the firing rate are
in biologically realistic ranges (Santos et al., 2018). However, it is important to keep in
mind that a model cannot be considered as ground truth, and that it may not reflect the
actual neuron circuitry of the brain. In fact, modelling works are crucial to understand
the general mechanisms underlying the observed experimental results. The abstraction
effort allows to extract general principles and bridge the gap between different corpus
of the experimental literature. For example, although both related to memory, engrams
and place cells are often studied distinct from each other. However, the mechanisms
underlying the observed phenomenons might be similar. The work developed in this

thesis thus takes a step towards a possible integration of these different lines of research.

This thesis uses on a recurrent neural network, where individual memories are mod-
eled as attractors. In this framework, the specific profile of the synaptic weights does
not matter much as long as the neurons are reactivated. This was sufficient to model
works from the engram literature, that uses the very robust fear conditioning paradigm
for studying memories. This stereotypical behavioral task has the advantage of being
robust across experiments but is very different from everyday memories. The same
argument can be used for place cells, which are found during simple exploration of
an environment. In reality, memories probably take the form of complex neural and
synaptic representations. The level of abstraction of this model allows for generalising
different behavioral paradigms and brain regions, with the hope to bridge the gap be-
tween different corpora of the experimental literature. Further works would be needed
to extend these results to more complex behavioral tasks, that could require more bio-

logical details.
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Following the previous point, the architecture of the network developed throughout
the thesis is abstract and may not reflect the real architecture of the neural popula-
tions. Although recurrent connections and attractor dynamics have been found in brain
regions like the cortex or the hippocampal CA3, the architecture of regions such as the
hippocampal CA1 or the amygdala is different. In the second chapter, we tested the
effect of using a sparse synaptic connectivity instead of all-to-all synapses. We found
that the results were similar, suggesting that the exact architecture of the network does
not significantly impact the results, at least in that case. Alternatively, a feed-forward
model could also have been developed. In the first chapter for example, input synapses
from the feed-forward region could have been considered plastic with the recurrent
synapses kept fixed. Overall, we argue that our model provides a general understand-

ing of the concepts, independently of the detailed architecture of the network.

In hand with the two previous discussion points, the rate-based nature of the model
abstracts the actual spiking dynamics of the neurons. Other computational approaches
could use spiking models to explore the problems brought in this thesis and bring
complementary predictions regarding the role of intrinsic neural properties in mem-
ory dynamics (Tomé, Sadeh, and Clopath, 2022; Zenke, Agnes, and Gerstner, 2015;
Kastellakis, Silva, and Poirazi, 2016). In the same line, we did not consider the activity
of dendrites which have previously been used to model memory linking (Kastellakis,
Silva, and Poirazi, 2016). Our rate-based model is less constraint to actual biological
values, which limits its predictive power, but allows for a more fundamental and easier

understanding of the concepts discussed in this thesis.
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Future directions

Further work should include the role of neuromodulators which has not been considered
here. Dopamine has been shown to play a crucial role in memory linking (Chowdhury
et al., 2022). In particular, the Locus Coeruleus dopaminergic cells projecting to dCA1
are required for memory linking but not memory formation (Chowdhury et al., 2022).
The mechanism underlying linking has been shown to be associated to increase in ex-
citability, mediated by dopamine (Chowdhury et al., 2022). In that sense, the model
developed in the first chapter could be adapted to include dopamine-related increase
in excitability, in combination to the CREB dynamics. Considering dopamine could
also explain resent results showing its role in memory reconsolidation (Gonzalez et al.,
2021), although this has not been studied here. Finally, recent sudies showed that
dopamine and serotonine play a role in the epigenetic regulation of gene expression: hi-
stones can be dopaminylated (Lepack et al., 2020) or serotonylated (Al-Kachak et al.,
2024). These recent works suggest that neuromodulators not only directly modulate
neural activity but also alter the transcription of genes that could be related to learning

and memory.

As discussed throughout the thesis, memory ensembles undergo continual changes
(Mau, Hasselmo, and Cai, 2020), but some specificities of memory dynamics have
not been considered here. Although we focused on how memories evolve across long
timescales, we did not consider how memories adapt to new sensory inputs. The first
chapter partially tackles this question, by modelling how old memories are linked to
new ones. In this case however, the relation between the two ensembles is purely due
to the temporal proximity between the memories. Conversely, memory reconsolidation
suggests that old ensembles can be remodelled to adapt to new situations (Ferndndez,
Boccia, and Pedreira, 2016). Such comparative computation could happen directly
in the hippocampal CA1, which receives inputs from the Enthorinal Cortext (sensory

layer) and the CA3 (memory layer) (Duncan et al., 2012). Again, excitability dynamics
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in these regions could influence how new memories are integrated on previous ones.
A related question is to understand the role of excitability in pattern completion and
separation, which has not been explored here. In particular, a recent study (Pignatelli
et al., 2019) showed that increase in excitability in the hippocampal Dentate Gyrus
helps performing both pattern completion and separation. This result might be explain
by a better accessibility of the engram induced by increased excitability, in turn leading
to a better comparison between the memory engram and the sensory inputs. Finally,
forgetting has also been associated to a silencing, but not necessarily disappearance, of

memory engrams (Ryan and Frankland, 2022).

The role of neurogenesis - process through which neurons are created during adult-
hood (Dupret et al., 2008)- would be relevant in this thesis for two reasons. First,
adult-born neurons i.e. newly created neurons integrating the network, are known to
have a higher excitability than other neurons (Schmidt-Hieber, Jonas, and Bischof-
berger, 2004). Recent works suggest that this intrinsic difference between young and
old neurons in the dentate gyrus helps to perform both pattern separation and com-
pletion (Tran et al., 2022; Nakashiba et al., 2012). Furthermore, neural stem cells are
known to undergo epigenetic changes (Zhao et al., 2024). One can speculate that such
changes are transmitted to all new neurons born via neurogenesis, therefore impacting
the network as a whole even during adulthood. Future works - both computational and
experimental - could therefore investigate further the intrinsic properties of new-born

neurons and the implications for the neural computation.

The interaction between multiple brain regions has not been considered here. While
our model can be generalised to different brain regions involved in memorisation, such
as the amygdala, the hippocampus or the prefrontal cortex, it does not capture any
brain-wide interactions. Recent works have shown that interactions between basolat-
eral amygdala and insular cortex coordinate memory allocation in these regions (Lavi

et al., 2023), suggesting that brain-wide communications need to be considered on top
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of excitability when studying memory allocation. Other lines of work suggest that long-
term memories are maintained through interactions between the hippocampus and the
neocortex, in a process known as systems consolidation (Tomé, Sadeh, and Clopath,
2022; Lee et al., 2023). The work presented in this thesis could be extended to several
regions, to explore how overlapping and drifting memory ensembles evolve across sys-

tems consolidation or through other brain-wide interactions.

Finally, this work provides a better understanding of the basic mechanisms under-
lying memory in the healthy brain. In the future, a more comprehensive computational
model of memory could allow researchers to identify variations across individuals, and
especially among healthy and unhealthy brains. Eventually, this could support the
development of diagnosis and cure for brain diseases associated to memory, such as

Alzheimer’s, dementia or Post Traumatic Stress Disorder (PTSD).
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