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Abstract

What dynamics characterize the transformation of memories over time? Here we
introduce a neural network formalization that reveals that memory representations undergo a
transition from highly segregated to richly integrated network forms, driven by a combination
of neural network reactivations, spreading, and synaptic plasticity rules. Modularity, as a
fundamental organizing principle, allows information segregation into cohesive modules,
preserving specific sets of information while facilitating efficient spread throughout the
network. Through our modeling approach, we reveal an optimal window during this
transformation where memories are most susceptible to malleability, suggesting a non-linear
or inverted U-shaped function in memory evolution. The results of our model integrate a
wide range of experimental phenomena along with accounts of memory consolidation and
reconsolidation, offering a unique perspective on memory evolution by leveraging simple
architectural neural network property rules.
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Introduction

Memories, like other systems in nature, have the chance to evolve because if they do, they
improve their chance for survival in a behaving organism. Their perpetuity, however, is
constrained by the temporally evolving and ever-changing experiential needs of the organism.
Therefore, memories, as experience-derived informational entities, are forced to rely on a
coding scheme that dynamically adjusts their representational structure maximizing both
persistence and utility along their evolutionary path. However, though it is widely accepted
that memories evolve at the expense of changes in their architecture, to date, there is still a
paucity in understanding how memory persistence and utility are balanced along the way. A
major research challenge is to know when and how experience-induced utility drives changes
in memory to promote persistence.

Our current understanding of memory evolution suggests that initially, memories are
encoded by groups of neurons with synchronized activity, forming stable neural ensembles,
also termed engrams, that if reactivated, induce memory retrieval (Josselyn & Tonegawa,
2020). While these neural ensembles are initially identified in the hippocampus, over time,
they may undergo structural changes, losing their modular properties (i.e., highly
synchronized, and clustered neural ensembles) (Gonzalez et al., 2019), and other neural
ensembles beyond the hippocampus, such as the prefrontal cortex, gradually assume their
representation (Frankland & Bontempi, 2005). This transition, however, occurs relatively
slowly and requires repeated reactivation of the initial neural ensembles to shift the memory
representation between networked regions (Frankland & Bontempi, 2005). For a while, the
dominating view was that once memories shifted to neocortical neural ensembles, they
became consolidated and durable in the long term. More contemporary views advocate for
the notion that consolidation and reactivation may act in the service of generalization (Sun et
al., 2023). Given that individual memorized experiences rarely repeat exactly, generalization
allows us to identify systematic relationships between features of the world, ultimately
involving extending learned information to novel contexts. Thus, generalization involves the
process of linking and extracting commonalities among various memories. As the brain
generalizes, initial memory representations undergo a transformative shift in their structure,
becoming intricately connected to related memories (Nadel & Moscovitch, 1997; Winocur et
al., 2010). This linkage occurs as the brain identifies patterns, similarities, and overarching
principles across different experiences. Through this interconnected web of associations, the
initial clustered memory representations become part of a broader network, with each
memory influencing and being influenced by others. Together, these processes ensure that the
consolidated memories are not isolated but interconnected and applicable to a range of
situations, contributing to the flexibility of memories to evolve adaptively.

The concept that memories, once consolidated, are considered immutable has been
challenged by research at the cellular level. This research demonstrates that the reactivation
of seemingly consolidated memories can render them labile again, making them susceptible


https://www.zotero.org/google-docs/?ZaXMXd
https://www.zotero.org/google-docs/?ZaXMXd
https://www.zotero.org/google-docs/?DM5NJY
https://www.zotero.org/google-docs/?sN8UYS
https://www.zotero.org/google-docs/?9Pf8Mp
https://www.zotero.org/google-docs/?4Tc2eF
https://www.zotero.org/google-docs/?4Tc2eF
https://www.zotero.org/google-docs/?GKRQ1Z
https://www.zotero.org/google-docs/?GKRQ1Z
https://doi.org/10.1101/2023.12.05.570097
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.12.05.570097; this version posted December 5, 2023. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

to modification for a brief period. (Dudai & Eisenberg, 2004; Hardt et al., 2010; Nader, 2003;
Nader et al., 2000; Sara, 2000). However, memory reconsolidation has boundary conditions
(Fernandez et al., 2016). For example, the notion that memories can become reconsolidated is
time-dependent as reconsolidation dynamics also change with memory age; young memories
are susceptible to post-reactivation disruption, while older ones are more resistant (Alberini,
2011; Dudai & Eisenberg, 2004; Frankland & Bontempi, 2005; Milekic & Alberini, 2002;
Suzuki et al., 2004). While the mechanistic underpinnings of this issue remain unresolved, a
prevailing view suggests the existence of an optimal memory malleability window where the
reconsolidation process is triggered. According to this perspective, reconsolidation occurs if
new learning, or a specific reminder, re-engages the hippocampal networks that were active
during original learning (Debiec et al., 2002; Hupbach et al., 2007; Winocur et al., 2009). On
the other hand, memories that have already shifted to a generalized network form would be
minimally affected by reactivation (Dudai, 1996; McKenzie & Eichenbaum, 2011). In sum,
while much is to be discovered, the fundamental conclusion is that new information
consistently integrates, perpetually reshaping memory networks. Nevertheless, deciphering
the complexities of this process is still challenging due to a lack of comprehensive
understanding of precise mechanisms that support memory transformation at molecular,
cellular, and systems levels.

While we wait for further empirical research to advance on the understanding of memory
transformation, we here aim to take a step forward from a theoretical perspective. Memories
may be represented in sparse, distributed cell ensembles (Roy et al., 2022; Ryan et al., 2021a;
Vetere et al., 2017). The connectivity pattern between these engram cells encodes the identity
of stored information, and it has been demonstrated that updating the content of memory can
be described basically by the synaptic rewiring (Ortega-de San Luis et al., 2023). In this
context, Network Science provides a straightforward approach to studying memory evolution
as it describes the behavior of complex systems based on the network’s wiring diagram
(Barabéasi, 2013). Our framework builds upon the idea that neuronal ensembles can be
represented as networks, consisting of neurons (nodes) linked by pairwise connections
(edges). Specifically, modularity (or community structure) is a fundamental organizing
principle within a network (Girvan & Newman, 2002). These cohesive units preserve specific
sets of information, and their interconnected nature interacts with information spread
throughout the network, fostering effective communication and exchange within the system
(Centola, 2010; Danon et al., 2008; Newman, 2006; Weng et al., 2013). Focusing on a central
assumption of memory evolution: we assume that memories are initially stored as segregated
forms and over time they tend to an integrated form. Our goal was to develop a simplified
model of memory transformation that captures essential properties outlined in existing
models of memory consolidation and reconsolidation. However, unlike models that utilize a
dual-representational approach involving the hippocampus and neocortex (McClelland et al.,
1995; Sun et al., 2023), we opted for a one-layer neural network. The rationale behind this
choice was to challenge the notion that memory transformation could be exclusively
explained by the reorganization of neural ensembles using a common mechanistic substrate
based on principles of information spread (Nematzadeh et al., 2014; Rodriguez et al., 2019).
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The central tenet of our proposal is that memory representations tend to shift from highly
segregated (highly modular) to richly integrated network forms and that this process is guided
by a combination of neural network reactivations, spread of activation, and plasticity rules. A
crucial insight from our modeling approach is the finding of an optimal window during this
transformation whereby memories are most susceptible to malleability. This implies that the
process of memory evolution follows a nonlinear or inverted U-shaped function, thereby
highlighting that memories are ever-changing but susceptible to being optimally malleable at
specific stages of the transformation process. The resulting model not only unifies various
experimental phenomena but also integrates memory consolidation and reconsolidation
accounts, offering a perspective by which simple architectural neural network property rules
can summarize memory evolution.

Results

Our goal was to study the dynamics of the transformative process of memories over time.
We conceptualized memories for events as neuronal ensembles that can be represented as
complex networks across several circuits in the brain that are susceptible to being reactivated
spontaneously or cued by elements of the experience that partially overlap with the original
event. We hypothesize the repeated reactivation of the neuronal ensemble would promote
changes to the stored neuronal ensemble.

To systematically investigate this theoretical model we built an ensemble of networks
with four communities with an equal number of nodes and connecting links within
communities (Figure 1). In our model, each node could achieve one of two possible values: s
= {0,1}, where 1 represented the “active” mode and 0 was the “inactive” one. Unweighted
undirected edges illustrated the structural pattern of connections between nodes (1 for nodes
that were co-active and 0 for nodes that were not co-active). We studied the dynamics of
memory transformation by modeling network changes subserved by creating and removing
edges following a Hebbian plasticity rule, as connectivity patterns between engram cells have
been implicated as a substrate of memory (Ryan et al., 2015, 2021a; Tonegawa et al., 2015).
As plasticity extended to neurons not directly activated (McKenzie et al., 2021; Mugnaini et
al., 2023), our model incorporated a deterministic spreading rule throughout the network,
enabling the influence of activation beyond the initially active neurons.

We conceptualized our model's results to depict various stages in the evolution of
memory. We first determine the initial state of an ensemble of nodes ( “Radiant stage”: Early
memory forms). Subsequently, we simulated the network-level repercussions following the
reactivation of a single memory ( “Celestial stage”’: memories evolve). Finally, we delved into
the consequences of recurrent reactivations on the continuous development and network
reconfiguration of memories over time ( “Enlightened Stage”: the final state).
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Figure 1 Foundations under the Segregation-to-Integration Transformation
(SIT) Model, Memory networks shift from a segregated into an integrated form
over time. The model postulates the existence of an optimal memory
malleability window.

Memory stages

“Radiant stage”: Early memory forms

We aimed to develop a low-dimensional model that captured the fundamental properties
described in extant models of memory consolidation and reconsolidation. In these models,
memories are initially encoded in a segregated form, described by neuron ensembles with
highly synchronized activity. This co-firing pattern of activity describes jointly active neurons
organized into motifs, or groups of neurons of high modular activity within a larger network,
that underpin spatially selective assemblies representing memories for experienced events
(O’Neill et al., 2008). In our model, we defined the first state of memory as a network model
with four communities, each of them with the same number of nodes, tuning the degree of
modularity. This segregated form means that nodes can be split into internally dense and
externally sparse community subnetworks. Highly modular structures serve as a buffer for
perturbations, as disturbances are contained within the community where they originated
rather than spreading throughout the entire network (Nematzadeh et al., 2014). Additionally,
a sparsely segregated network expands the range of possible configurations, thereby
enhancing storage capacity (Brunel, 2016). Consequently, a segregated network organization
represents an optimized configuration for early memories, effectively balancing the need to
shield the network from disruptions or interference while accommodating a substantial
amount of information storage.

“Celestial stage”: memories evolve

Though highly segregated memory forms are an optimal design, as they provide a
pattern-separated code from other memories (Teyler & DiScenna, 1986) and recurrent
dynamics can easily be implemented to drive pattern completion (Hopfield, 1982; Rolls,
2013), these memories are very “expensive” in terms of energy consumption (Legenstein,
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2018) and lacked the flexibility to ensure memory update and generalization. Indeed, rodent
studies showed that while a stable synchronous activity of initially segregated neuronal
ensembles is thought to support memory persistence over time (Gonzalez et al., 2019), the
mnemonic operation of updating the representation of an encoded event via its reactivation
causes the topological reorganization in the co-activity structure of the network (Gava et al.,
2021). Therefore, we aimed to study the influence of memory reactivation on the
topographical arrangement of the initial memory form. Since, in our model, memories are
represented as interconnected nodes, we conducted a series of simulations to investigate
alterations in connectivity patterns triggered by the reactivation of the network. To
computationally simulate this phenomenon, we utilized a reactivation strategy that entailed
activating a random set of nodes and studied the ensuing propagation of this activity in the
network. We described this propagated activity with a deterministic rule, under the
assumption that the reactivation of a target set of features of a memory might, also, reach
more information than the one that is directly represented in the original neural ensemble
(Anderson, 1983). We modeled this cascade dynamics in three steps: Turn-on/Activation,
Spreading, and Plasticity defined as follows:

i Turn-on

We represented a memory by a collection of N nodes linked by L undirected edges. A
behavioral experience that partially overlaps with the original event activates a collection of
nodes of the network, transitioning its mode from an inactive to an active state (from 0 — 1
). We referred to “Intensity” (Int) for how many nodes may become active. We explored the
reactivation process covering a rate of nodes turned active between 0.1 and 0.6. Under the
idea that the degree of overlap between a current experience and a previously learned event
can influence the activation patterns in the network, we assumed that for a higher degree of
overlap, it is reasonable to expect a stronger reactivation response, resulting in a higher
Intensity.

ii. Spreading

We adopted a linear threshold model, commonly applied in studies of information
diffusion in social networks (Nematzadeh et al., 2014), to account for activity propagation in
the network. As explained before, the condition of node i at time ¢ was expressed through a
binary variable s(¢) = {0, 1}, with 1 denoting the "active" state and 0 indicating the "inactive"
one. At time ¢ = 0, a proportion of randomly chosen nodes, referred to as "seeds," are set in
the active state. In the subsequent step, the state of each node is simultaneously modified
based on the following threshold rule (Equation 1):

0 if otherwise (1)

Sn(t:i+1):{

where 6 was the threshold parameter, kn was the node degree of node n and J € Np,
represented the set of neighbors of node n. The spreading persisted until the network reached
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a stable state (Sn(t =1+ 1) - Sn(t - i)v v77’). In our modeling, we set different
threshold levels of propagation () in line with the notion that the degree to which a neuron
becomes part of a memory engram depends on the intrinsic excitability at encoding (i.e.,
memory allocation) (Josselyn & Frankland, 2018).

iii. Plasticity
Once the network reached a stable state, a Hebbian plasticity rule was implemented. This
step reconfigured the connectivity matrix of the memory network by creating an edge

between two nodes Lnm if both connected nodes are in an active mode and removing it if
both two connected nodes are in an inactive mode (Equation 2):

1 if Spt=19)=8(t=1)=1
Lym(t=1i+1)=4¢0 if Sp(t=1)=8Sn(t=149) =0
Ly, otherwise )

To quantify the degree of changes induced in a network (plasticity), we defined network
malleability index (AL) as the number of created and removed edges relative to the total
number of edges of the network.

Degree of modularity (Z)

We hypothesized that memories would tend to shift from highly segregated to richly
integrated state forms. To formalize the state of the network, we defined Z to quantified the
degree of modularity following Equation 3 :

S 1/2L;°
ijzc

Z= L 3)

ert
where L is the total number of edges and L i,j are edges that linked node 7, a member of the

initial community C, with node J that belongs to another community. In this context, a
network highly segregated has a Z ~ 0. As the number of edges between communities
increases, the degree of modularity r also increases, eventually reaching a value of Z ~ 1
(Figure 2).

Radiant State Celestial Stage Enlightened Stage
Z,=0.01 Z,=0.3 Z,=0.75

Segregated Integrated
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Figure 2. Examples of three networks with different degrees of modularity
(Z). All networks have the same number of nodes (N = 128) and they were
built by joining four similar communities of 32 nodes each.

In our model, reactivation is primarily influenced by two factors: Intensity (Int) and
the threshold of propagation (€). However, the degree of modularity within the network also
plays a crucial role in determining the outcomes of reactivation. To offer a comprehensive
understanding of the impact of these factors, we described the results of a single reactivation
in terms of variations in the degree of modularity (Z) and the malleability index (AL).The
results of these analyses are summarized in Figure 3.

First, we explored shifts in the degree of modularity (AZ) by considering various
degrees of modularity within previous networks(Zo) and for reactivations with different
Intensities (Int) (Figure 3A). We found that AZ depended differentially on the modularity
degree of the early state of the network. Specifically, highly initially segregated networks
(lower Zo) presented higher shifts in their modularity than initially integrated networks
(higher Zo). Interestingly, all values of AZ were higher than 0, indicating that a single
reactivation transformed the original network state into a more integrated form after a
reactivation. This point holds significant importance because, although the SIT model
suggested a unidirectional shift, it was not inherently imposed in the reactivation rule itself;
rather, it emerged because of the spreading of activation and the application of the Hebbian
plasticity rule.
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Figure 3. Description of reactivation concerning Intensity, the degree of
modularity, and the threshold parameter. A. Surface of AZ (shifts of Z) as a
function of both the intensity and degree of segregation of the former network (

0 = 0.4). B. Transition from Zo = Zf after a reactivation with 8 = 0.4. Dots

depict the relation between the degree of segregation pre (Zo) and post (Zf )
reactivation. Cold colors represent reactivations with low intensities while warm
colors represent higher intensities. C. Heatmap of AZ as a function of the degree of
modularity of the former network and threshold of propagation. Here, infensity is
fixed (Int = 0.3). D. Surface of the malleability index (AL) as a function of
intensity and degree of modularity of the former network (8 = 0.4). E. Relation
between malleability index and the degree of modularity of the former network,
0 = 0.4. Colors represent the reactivation intensity. F. Heatmap of the malleability
index as a function of the degree of modularity of the former network and
excitability threshold. Intensity is fixed (Int = 0.3). The reported data is an average
of multiple experimental runs (25) where the activation of nodes (turn-on) was
randomized in each run.

We also found that shifts in modularity were affected by the degree of Int of the
reactivation. Figure 3B depicts the transition of the modularity degree after the reactivation (


https://doi.org/10.1101/2023.12.05.570097
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.12.05.570097; this version posted December 5, 2023. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

Zg ) as a function of the initial on (Zo), colored by Int. The increase in Int revealed
staggered jumps in the transition of Z until a limit value was reached (low intensity: dark
blue dots, higher intensities: red dots). Notably, the resulting network was less segregated
compared to its predecessor, as indicated by data points located above the identity (black
line). In other words, a single reactivation led to a shift in memory representations towards a
more integrated form, independently of the initial community configuration. However, when
the initial forms of memory were highly integrated, the changes in its structure were more
subtle. For more segregated configurations, the size of the transition depends on the intensity
(more jump at higher intensity). The same general trend of transitioning from a less
segregated to an integrated form was found when simulating reactivations with different
degrees of activity threshold (8) (Figure 3C). Surprisingly, € did not yield an effect on AZ
for a fixed Int. Instead, we observed that the initial configuration has a stronger impact on
changes in the memory configuration than the intrinsic excitability of neurons.

Next, we computed the malleability index (AL: number of connections that were
created or removed after a reactivation) through adjustments to degree of modularity (Zo) of
the initial memories and the range of activation intensities (Int.). An outline of these results
can be seen in Figure 3D. This analysis showed that the malleability surface exhibited a
pronounced dependence on intensity, adhering to a sigmoid profile. Lower Int of the
reactivated memory led to low malleability of the network, whereas high Int resulted in an
increased degree of malleability. Essentially, reactivations with low activation Int induced
subtle changes in the number of edges, suggesting a nuanced modification in the connectivity
pattern. Conversely, reactivations with high Int prompted the creation and removal of a large
number of edges in the initial memory network, essentially rewiring the entire network.
Intriguingly, while the network's malleability raised with Int, we observed a nonlinear
response - a distinctive inverted-U shape - in malleability. This phenomenon was particularly
notable when the original network occupied an intermediate modular configuration, situated
between highly segregated and highly integrated forms, and when approached Z ~ 0.2
(Figure 3E). This effect was particularly noticeable for intermediate values of Int, where
malleability showed the greatest sudden increase. Finally, we inspected the influence of the
threshold of propagation () on malleability (Figure 3F). From this analysis, it became
apparent that the threshold delineated the phase space into two halves, with more stringent
thresholds constraining the spread of activation and consequently diminishing memory
malleability.

In summary, we presented a deterministic formalism to elucidate the influence of a
single reactivation on the existing memory network. These mathematical rules unveiled that
initial memory stages tend to transition towards a more integrated configuration following a
single reactivation. Our model posited that this shift is more pronounced with higher
reactivation intensities. Conversely, the degree of malleability is contingent on the interplay
between intensity and the modularity degree of the original memory. The spreading parameter
facilitates alterations in the community configuration but imposes constraints on the creation
or removal of edges.
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“Enlightened Stage”: the final state

After describing the results of a single reactivation, we addressed the effects of
repeated reactivation interventions to account for the evolution of memory over time. Our
goal was to test the hypothesis that networks undergo a gradual transition from a segregated
to an integrated network configuration. Additionally, we aimed to explore whether there
exists a specific window during this transition where memory is most susceptible to
malleabilityTherefore, as in our previous analyses, we quantified the changes in its degree of
modularity (Z) and malleability (AL), both extracted from the connectivity pattern of the
network, as a function of different activation thresholds (), intensities (Int) and the modular

configuration of the initial network (Zo).

We first focused on assessing how repeated reactivations elicited changes in the
degree of modularity (Z) in the network. More specifically, we simulated 5 reactivations with
varying thresholds of propagation (6) and Intensity (Int) and studied the evolution of Z for a
memory network that originally is very segregated (Z = 0.01) and gradually shifted to an
integrated form (Z = 0.76) (Figure 4A). The results of these simulations revealed that the
network transformation occurred at different speeds for various parameter values. However,
in all cases, the networks ultimately achieved a fully integrated form. The Int parameter was
shown to induce a uniform effect on the network when the 6 was set to its lowest value,
leading to an immediate shift towards an integrated form. Conversely, for higher 6, the
intensity parameter elicited a differential effect. The transformation took longer to occur for
reactivations with low Int. This result aligned with our previous findings, which showed that
higher Int resulted in larger shifts of Z (i.e., Figure 3B). Figure 4B and 4C illustrate some
examples of the dynamics of Z for a subset of selected Int and 6, respectively. Our results
showed that as the Int increases, Z reached a ceiling state more rapidly, accomplishing this
state in a single reactivation at the highest Int. A similar scenario was found with 8, which
revealed that Z tended to reach a fully integrated form at different speeds with repeated
reactivations as 6 increased. However, compared to Int, reaching a fully integrated form
took longer as 6 grew, indicating that & was more restrictive in eliciting a transformation
shift memory networks from a segregated to an integrated form.
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Figure 4. Changes in the degree of modularity of the network for repeated
reactivations. A. Transformation of Z over 5 repeated reactivations. Each panel is a
heatmap of Z as a function of /ntensity and the threshold of propagation. The initial
state (0) has Zo = 0.01, After 5 reactivations, the network is completely integrated
with Z = 0.76. B. Curves of Z for different intensities and fixed threshold of
propagation (@ = 0.4, mean +- SE). C. Z transformation for different thresholds
propagation and fixed intensity (Int = 0.3, mean +- SE). The data reported is the
outcome of 25 runs with the same initial state with randomized activated nodes.The

initial network has 128 nodes, 4 similar communities of 32 nodes each and
Z,=0.01

Finally, we aimed to investigate if the degree of malleability of memories changed for
repeated reactivations. To address this issue, we quantified the malleability of an initial
segregated network form (Z = 0.01) as a function of repeated reactivations with varying
degrees of Int and 6. This simulation revealed that, for repeated reactivations, the peak of
malleability was relocated within the parameter space (Figure 5A). Concretely, under low 6,
the malleability peak was observed during the initial reactivation, with subsequent
reactivations exhibiting minimal changes in their structural configuration. Conversely, more
restrictive 6 led to almost null malleability throughout reactivations, indicating marginal
alterations in the number of edges of the network. Interestingly, intermediate levels of 6
elicited clear malleability peaks were observed at the variable reactivation stage, depending
on the Int of the reactivation. To exemplify the behavior of malleability, we plotted the
dynamics of this measure as a function of Int for a selected 6 value (8 = 0.4; Figure 5B).
The curves displayed in Figure 5B revealed important distinctions, particularly in the first
reactivation, where the curve corresponding to the highest Int exhibited a pronounced
maximum malleability. This maximum gradually diminished with increasing Int, in line with
the observations in Figure 3E. The other curves also indicated peaks of malleability for early
reactivations, albeit with lower amplitudes. These findings substantiate previous results when
investigating the consequences of a single reactivation, underscoring that memory
malleability conforms to an inverted-U shape function, whereby specific windows of
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opportunity may be optimal for instigating changes in the structure of a previously encoded
memory through reactivation.
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Figure 5. Changes in the Malleability index over repeated reactivations. A. Transformation of
AL over 5 repeated reactivations. Each panel is a heatmap ALas a function of both intensity and
the threshold of propagation. The initial state has Zo, = 0.01, B. Curves of ALfor different
intensities and fixed threshold of propagation (6 = 0.4, mean +- SE). C. AL transformation for
different thresholds of propagation and fixed intensity (Int = 0.3, mean +- SE). E. Position (in
terms of the number of reactivations) of the maximum of AL as a function of the degree of
modularity of the initial network configuration (0 = 0.4,Int = 0.3). F. Amplitude of the
maximum of AL as a function of the degree of modularity of the initial network (6 = 0.4,
Int = 0.3). The data reported is the outcome of 25 runs that have the same initial configuration
with randomized activated nodes. The initial network has 128 nodes, 4 similar communities of 32
nodes each.

Our previous analysis when studying the effects of a single reactivation in the
memory network revealed that memory malleability was more sensitive to 6 than Int (e.g.,
Figure 3B). To further study this issue in the context of repeated reactivations, we quantified
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the degree of malleability throughout repeated reactivations with varying degrees of 6. The
results of these simulations are displayed in Figure 5C. We found that under more permissive
0 (ie., 8 <0.3), a peak of memory malleability was evident in the initial reactivations,
gradually diminishing subsequently. Interestingly, following the attainment of the maximum,
malleability persisted, as AL remained above 0, but at a much lower level, indicating that
memories were permeable to structural changes over the entire course of repeated
reactivations. In contrast, under more restrictive € conditions (i.e., & > 0.2), malleability
remained very low throughout all reactivations, indicating that, under these conditions,
memories are minimally susceptible to changing their structure over time.

In summary, we found that malleability exhibited a nonlinearity in the context of
memory transformation, characterized by an inverted U-shape pattern. This implies that
memories within intermediate modular configurations manifest the highest level of
malleability (with infensity and the excitability threshold fixed, 6 = 0.4,Int = 0.3). To
determine the location and magnitude of the malleability peak, we analyzed the position and
amplitude of the nonlinearity for initial networks with varying degrees of segregation and
Intensity and excitability threshold, as illustrated in Figures 5D and 5E, respectively.
Networks with greater segregation peaked later and with a smaller magnitude, while the
magnitude of the peak demonstrates a linear increase as the initial network loses its
compartmentalization.

Discussion

The theoretical model presented here provides a normative and quantitative
framework for assessing the conditions under which memories evolve. The central premise of
this model is that, over time, memories shift from highly segregated (i.e., highly modular) to
integrated (i.e., less modular) network forms, guided by neural network reactivations,
activation spread, and plasticity rules. Our modeling identifies an optimal window during this
transformation, revealing a nonlinear or inverted U-shaped function for memory evolution.
Memories are most malleable at early stages and gradually become less susceptible to
changes over time, unifying experimental phenomena and integrating consolidation and
reconsolidation accounts. This model simplifies memory evolution, summarizing it through
architectural neural network property rules, and emphasizing the dynamic and optimal
malleability of memories throughout the transformation process.

Our model proposes that the transformation of memory relies on modifications in the
connectivity patterns among nodes within the memory network. This perspective aligns with
the idea that learning involves modifications to the wiring diagram of a neural ensemble,
where previously unconnected units establish connections, and vice versa. However, while
alterations in the wiring engram offer a potential substrate for encoding more extensive
information in sparse coding models (Chklovskii et al., 2004; Knoblauch et al., 2010), it also
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underscores that other forms of plasticity based on changes in synaptic weights, the strength
of connections between cells, are crucial for comprehending memory evolution, as they
necessitate less complex biological machinery and entails a more rapid learning process
(Bonhoeffer & Yuste, 2002; Chklovskii et al., 2004). While both mechanisms are likely
involved in engram cell formation and function (Poo et al., 2016), the investigation into
network properties in hippocampal code representation has shown that the wiring diagrams
effectively encode specific experiences (Ortega-de San Luis et al., 2023; Ryan et al., 2021b)
and shifts in these connectivity patterns provide a more robust explanation for memory
transformation than alterations in the individual firing properties of neurons (Gava et al.,
2021). In subsequent work, the simplicity of the model will enable us to readily incorporate
new variables that account for changes in synaptic weights, encompassing both modifications
in the wiring diagram and the strength of the connections.

Perhaps the most notorious finding in the SIT model is that a simple property such as
the degree of modularity in a neural network reconciles the theoretical findings within the
memory consolidation and reconsolidation literature. These models commonly argue that
memories are transformed over time but while consolidation views offer a one-shot direction
of the effects, the reconsolidation view highlights that memories could undergo continuous
changes over time (Nadel et al., 2012). The results of our modeling approach offer a
reconciling framework by showing that while memories can evolve perpetually there may
exist an optimal window of malleability during this course. These optimal memory
malleability windows appeared at early stages since memory formation, in line with the
notion that reconsolidation is a time-dependent phenomenon, as young memories are
susceptible to disruption, while older ones would be more resistant to changes (Alberini,
2011; Dudai & Eisenberg, 2004; Frankland & Bontempi, 2005; Milekic & Alberini, 2002;
Suzuki et al., 2004). Moreover, our findings align better with the idea that once this
malleability opportunity window has passed. Memories may still change, albeit at a minimal
level.

We conceptualized that memory changes were driven by reactivating structural
properties of a memory network and that the effects of this reactivation would be modulated
by state-dependent parameters of the existing network such as the threshold of propagation
and Intensity. These two parameters were included in our model to accommodate findings
from rodent studies that showed, on the one hand, that the recruitment of cells to code
memory for a specific event, or engram, relied on the intrinsic excitability state of the cell, a
phenomenon termed memory allocation (Josselyn & Frankland, 2018). The basic premise of
these findings is that eligible neurons compete for allocation to a given engram, with more
excitable neurons winning this competition. More importantly, though, in the context of our
modeling work, several lines of evidence in both experimental animals and humans suggest
that one of the key functions of allocation is to direct engrams underlying different
experiences related by contextual variables to become linked and unrelated memories to
become disambiguated (Eichenbaum, 2000; Schlichting & Frankland, 2017). The emerging
principle from these findings is that fluctuations in neuronal excitability determine how
engrams interact, promoting either memory integration (via coallocation to overlapping
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engrams) or separation (via disallocation to non-overlapping engrams) (Josselyn &
Frankland, 2018). When applying this parameter to our modeling approach, we found that,
indeed, the degree of intrinsic excitability of the network state was important in determining
the rate at which memories would shift to an integrated form. More permissive excitability
thresholds, allowing more nodes to be “active”, promote memory malleability whereas more
stringent excitability thresholds (i.e., a lesser number of nodes to be “active”) restrict the
spreading of activation in the network, and decreasing memory malleability. However,
intermediate levels of excitability thresholds induced distinct malleability peaks at variable
reactivation stages, dependent on reactivation intensity. These memory configurations
necessitated a greater number of “active” nodes (i.e., higher Intensity) during early
reactivations to promote structural changes in the memory (Figure 5A). While the relevance
of cell excitability in engram formation and modification has gathered substantial evidence,
the reactivation Intensity and its functional role are still not well understood. Future studies
are needed to unravel the existent relation between the behavioral experience and the
Intensity of reactivation.

Our memory model aligns with the idea that a modular architecture, allowing
independent adjustments within memory networks, is beneficial for maintaining enriched
detailed memories. However, our framework proposes that the breakdown of modularity
occurs as memories evolve and that this occurs by repeated reactivation, perhaps cued by
overlapping novel experiences. We propose that the shift of memories from segregated to
integrated forms responds to the memory system's adaptation to highly dynamic
environments, where novel and past experiences may only partially overlap, necessitating a
balanced interplay between stored information and accessibility. In such a context, highly
segregated memories may function suboptimally due to limited accessibility (Hintze &
Adami, 2008). On the contrary, highly integrated memory network forms prioritize
accessibility over storage quality, offering an adaptive structural configuration in
ever-changing contexts. Network science has demonstrated that at the intersection of these
two extreme network configurations, there exists an optimal modularity configuration that
effectively balances memory storage and information diffusion (Rodriguez et al., 2019).
Similarly, we propose that such an optimal modularity structural state of a memory form is
ideal for inducing changes, as it provides a well-balanced trade-off between the probability of
being reactivated and the diffusion of activation throughout the network.

While SIT provides a theoretical solution for many defining characteristics in memory
consolidation and reconsolidation literature, it remains indifferent to several pertinent aspects.
For example, an open question concerns how network configuration and its transformation
are distributed in the brain. Our model posited that these transformations may occur
throughout various brain regions, yet existing models suggest that changes in this network
may coincide with localized alterations in specific brain regions (Squire, 1992). Others,
however, emphasized the distributed nature of memory formation and transformation
(Tonegawa et al., 2018). While we await a better characterization of this issue at the cellular
and structural level, our model offers the simplest proposed principle based on the topological
structure of neural networks by which memories transform over time. We anticipate the
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current model would be of interest to psychologists and neurobiologists to find motivation in
testing and challenging the SIT model.

Methods

Simulations were done using homemade Python codes mainly using Networkx
(https://networkx.org/, a package for the creation, manipulation, and study of the structure,
dynamics, and functions of complex networks).

Building networks

To analyze the Segregated-to-Integrated Model in detail, we studied the evolution of a
set of unweighted and undirected networks. We only studied the simplest case and analyzed
simulations where the initial condition was a network of 128 equal nodes and four equal
communities of 32 nodes. We adopted this simplistic approach to thoroughly explore the
roles of different parameters. The degree of the initial modularity of these networks was
tuned by varying the mean node degree within the community (Kint: from 1 to 31) and the
number of edges that connected different communities (L***: from 1 to 128). To quantify the
degree of modularity, we defined the parameter Z (Equation 3). We used the block model
approach to build each community (Holland et al., 1983). We then linked the communities
with a number of edges (L") that were assigned randomly to pairs of nodes in different
communities. This arrangement ensured that every node and community was not isolated and
that they played a similar role in the network.

Reactivation

To shift the nodes from inactive to active mode (turn-on step), we introduced the
reactivation intensity (Int.) as a parameter ranging between 0 and 1. The number of activated
nodes per community was determined by sampling from a normal probability distribution
with a mean of Int. and standard deviation of 0.05. The value of Int. ranged from 0.1 and
0.6, with increments of 0.02. To determine which nodes became active, we utilized a uniform
random number generator that selected values between 1 and 32.

The primary parameter of propagation is €. Throughout the simulations 6 varied
between 0.1 and 0.8, with increments of 0.05. Spreading was modeled using a deterministic
linear threshold rule ( ), which implies that once a node becomes active, it will
remain forever, and the propagation will continue until the system reaches a steady state or
exceeds 50 iterations (Nematzadeh et al., 2014).

Finally, we applied the plasticity rule ( ), where edges were rewired. If two
nodes achieve an active mode, an edge is created between them. If two nodes remained
inactive, the edges between them were removed. Note that the Plasticity rule can be expanded
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to a weighted network by adjusting the edge weights with a fixed positive (negative)
parameter between two active (inactive) nodes. This adjustment indicates an increase
(decrease) in strength.

Memory evolution

We simulated the evolution of memory networks by applying 10 consecutive
re-activations. The intensity (Int.) remained constant throughout each re-activation. The
nodes activated in each iteration were randomly assigned. We repeated the entire network
evolution with the same set of parameters 25 times to characterize the main transformation
behavior, independently of the random assignment of nodes.

To analyze the outcome of only one reactivation ( ), we focused on the first
iteration of the sequence of 10 repeated reactivations.

Quantification of memory transformation

We studied the changes in reactivation printed in the connectivity patterns of the
networks. First, we analyzed the transformations in the modular structure of the network. We
inspected the dynamics of Z over a set of repeated reactivations. Also, we figured out shifts

of Z as a consequence of one reactivation ( , Lo — Zy),
Az~ Zi=Zo
Zi+ Zo (4)

AZ ranging between -1 and 1; 1 meaning transformation from network to segregated to
integrated and -1 the other way around.

Finally, we studied changes in the number of edges. malleability index (AL) was
defined as the number of created and removed edges relative to the total number of edges
before reactivation. This is a positive parameter, 0 value means no change in the number of
edges.
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