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Modularity-dependent storage of dynamic spiking patterns:
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Biological systems rely on asynchronous and temporally overlapping dynamics, allowing for the concurrent
activation of multiple processes. This principle is particularly evident in brain function, where cognitive tasks
engage distributed, interacting regions rather than sequentially isolated ones. To investigate the mechanisms
enabling such coordination, we study a modular spiking neural network composed of leaky integrate-and-fire
neurons and governed by spike-timing-dependent plasticity. Our model stores modular spatiotemporal patterns
both at the mesoscopic level (sequences of modules) and at the microscopic level (precise spike timings) and
includes a parameter, η, which regulates the degree of temporal overlap between modules’ activations. By tuning
η, the network transitions from sequential to overlapping regimes, ranging from synfire chainlike dynamics
to fully co-activated modules. We investigate how the temporal structure influences the network’s capacity
to encode and selectively retrieve multiple dynamical patterns while considering biological constraints such
as the cost of long-range connectivity. Our results offer insight into how spatiotemporal coding and network
organization support robust, large-scale memory storage and replay.

DOI: 10.1103/rklz-gkqn

I. INTRODUCTION

Healthy brain function emerges from a rich dynamical
repertoire, reflected in spontaneous and cue-evoked replay of
spatiotemporal activity patterns spanning microscopic to large
scales [1–7].

Memory replay—the reactivation of activity configura-
tions that occurred during previous, active experience—was
primarily observed during hippocampal sharp-wave ripples
(SWRs) in sleep [8] but has also been reported during
wakefulness and in cortical regions beyond the hippocam-
pus [9–13]. Notably, scale-free neuronal avalanches have also
been shown to consist of repeating patterns of precise spiking
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[14], with single neurons participating selectively in specific
LFP-based avalanche patterns [15]. Replay is thought not only
to support memory consolidation but also to enable memory
recall during task performance, providing the building blocks
for mental simulation, planning, and prediction [16–18].

The mechanisms by which a given stimulus selectively
engages specific subnetworks, leading to the reactivation
of the appropriate learned sequences in response to a spe-
cific environmental stimulus, are not yet fully understood.
Notably, stimulus-triggered reactivation of spatiotemporal
patterns of activity, which reflect patterns observed during
spontaneous activity, has been observed in vivo [4,19–21], in
vitro [19,22,23], and in silico [24].

Several results have indicated that the contribution of
replay to memory processes involves multiple spatial and
temporal scales [25–28]. Further evidence on the crucial role
of precisely coordinated spatiotemporal activity in neuronal
assemblies comes from experiments on spike-phase coding in
the auditory and visual primary cortices [29,30] and from ex-
periments on the short-term memory of multiple objects in the
prefrontal cortices of monkeys [31]. While memory forma-
tion mechanisms, such as spike-timing-dependent plasticity,
operate at the molecular and synaptic level, the execution of
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complex tasks requires the coordination of activity across re-
gions at both mesoscopic and large-scale (whole-brain) levels
[3]. However, long-range connections are costly, and the brain
must operate within energetic constraints [32]. This creates a
need to reach an optimal balance: maximizing the number of
retrievable, large-scale patterns while minimizing the struc-
tural and energetic costs of intermodule communication.

Thus, we aim to investigate cue-evoked replay of multi-
scale spatiotemporal patterns and to determine the extent to
which the simultaneous engagement of multiple regions by
a process is necessary to achieve optimal multiscale coordi-
nation (i.e., maximize the number of stored patterns that can
be selectively and successfully replayed) at the minimum cost
(in terms of utilizing large-scale connections). To do this, we
build upon a previously designed modular neural network [24]
composed of leaky integrate-and-fire (LIF) neurons, inspired
by Hopfield-like associative memory systems for dynami-
cal patterns [33] and governed by a spike-timing-dependent
plasticity learning rule. Numerous experimental studies have
shown that synaptic efficacy can be bidirectionally modified:
it can be strengthened through long-term potentiation (LTP)
or weakened through long-term depression (LTD), depend-
ing on the precise relative timing of pre- and postsynaptic
spikes [34–37]. These seminal observations have been re-
peatedly confirmed and have motivated the development of
phenomenological models of spike-timing-dependent plastic-
ity (STDP) which describe how LTP and LTD depend on both
the order and the temporal separation of pre- and postsynaptic
action potentials [38–46].

The model is designed to learn and store a series of
spatiotemporal patterns, defined at the mesoscopic level as or-
dered sequences of activated modules, and at the microscopic
level as precise spike sequences across neurons. Learning is
achieved through appropriate modifications of excitatory and
inhibitory weights connecting the neurons. Starting from a
set of disconnected neurons grouped into modules, the spa-
tiotemporal paths progressively shape synaptic connections
corresponding to neurons spiking in sequence by means of the
STDP learning rule. This way, the information is encoded both
spatially, through the selection of active neurons as in the Hop-
field model, and temporally, through the specific spiking order
and phase relationships among active units. As the encoded
patterns are organised as traveling waves among modules, the
resulting connectivity matrix will reflect this modular orga-
nization. We introduce a parameter, denoted η, named the
module co-activation index, which controls the extent of tem-
poral overlap between module activations and, consequently,
the topology of the resulting connectivity matrix.

This parameter regulates the width of the distribution of
spiking times of the neurons in a specific module, and there-
fore the strength of the oscillatory activity of the module
in a given pattern. The network can operate across distinct
temporal regimes depending on the value of η, ranging from a
perfectly ordered sequential activation of modules to a regime
where modules are active simultaneously while still preserv-
ing precise spike timing at the level of individual neurons.
In particular, when modules fire sequentially with zero or
minimal temporal overlap, the network behavior resembles a
synfire chain. The synfire chain is characterized by a feed-
forward sequence of neuronal activations, where groups of

neurons fire synchronously and propagate their activity to the
next group, enabling the precise and reliable transmission of
temporal information across circuits [47]. At high values of η,
the temporal distinction between modules diminishes, leading
to widespread coactivation and the loss of a clear sequential
structure.

We investigate how varying degrees of the overlap between
modules in the stored patterns affect the structural organiza-
tion of the resulting connectivity matrix and the network’s
capacity to robustly store and retrieve patterns across a range
of dynamic regimes, including cue-driven and spontaneous
dynamics.

II. THE MODULAR LIF MODEL

We investigate how the modular architecture of spiking
neural networks influences their capacity to store and retrieve
dynamic activity patterns, defined both at the microscopic
level (precise spike timing) and the mesoscopic level (se-
quences of module activations). The network is composed of
S modules, each containing Z LIF neurons, yielding a total
of N = Z S neurons. A set of P dynamic periodic patterns,
traveling waves among modules with precise spatiotemporal
spiking structure, is stored in the network during a learning
stage. The network is then tested to assess whether a partial
cue can selectively trigger the replay of the corresponding
pattern.

In the learning stage, the synaptic strengths Ji j of con-
nections between the presynaptic neuron i and postsynaptic
neuron j are established according to the following STDP-
based learning rule:

Ji j = −I0 + E0 gη
i j

= −I0 + E0

P∑
μ=1

T μ

T̂

∫ T̂

0
dt

∫ T̂

0
dt ′xη,μ

i (t ′)A(t − t ′)xη,μ
j (t ),

(1)

where I0 is a global inhibitory term, and gη
i j is the structured

component induced by the learning of P dynamical patterns,
whose modular organization is determined by η. The sum
over μ runs over all P patterns to be stored, xη,μ

i (t ) is the
spiking activity of the ith neuron in pattern μ, with the module
coactivation indexed by η. T μ is the period of the pattern μ to
be stored, and the learning time T̂ μ � T μ is much longer than
the individual pattern period T μ, allowing for sufficient inte-
gration over multiple cycles. E0 is a parameter that determines
the strength of the structured term, and the function A(t − t ′)
is the STDP learning window, which determines the weight
modification when a time delay τ = t − t ′ occurs between
pre- and postsynaptic spikes, shown in Fig. 1, defined as

A(τ ) =
{

ape−τ/Tp − aDe−ητ/Tp, if τ > 0

apeτ/TD − aDeτ/TD , if τ < 0,
(2)

ap = A0/[1 + ηTp/TD], aD = A0/[η + Tp/TD]. The func-
tion parameters are the ones introduced in [42] to fit the
experimental data described in [35] and used in [24,33,48,49].
It is such that the connection between pre- and postsynap-
tic units is potentiated if the presynaptic neuron fires a few
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FIG. 1. Learning window A(τ ) used in the learning rule (1) to
model STDP, showing potentiation for positive τ and depression for
negative τ , fitted [42] to experimental data from Bi and Poo [35].

milliseconds before the postsynaptic neuron and depressed
if the order is reversed. The normalization T μ

T̂
ensures that

the connections do not depend on the learning time T̂ if
it is large enough that the border effect can be neglected.
Due to the biological constraint that neurons in real neural
circuits are either excitatory or inhibitory, synapses arising
from excitatory neurons must be positive, while those from
inhibitory neurons must be negative. Starting from this, in our
model, the effective synaptic coupling between neurons i and
j is composed of two parts: (i) a negative global inhibitory
contribution, produced by a fast inhibitory population (see the
discussion on the origin of global inhibition in [50]) and (ii)
a learning–dependent term E0gi j . During the initial learning
procedure, P periodic spatiotemporal patterns are stored in the
network connections. After the learning phase, the quantities
E0gi j associated with the same presynaptic neuron j may take
either positive or negative values. However, E0gi j should be
interpreted as a modification of an initial baseline synaptic
efficacy, which we assume to be identical for all pairs of
neurons and denote by J0. The full synaptic weight is therefore
written as (J0 + E0gi j ). The constant J0 is chosen such that,
after learning, all synapses arising from excitatory neurons
remain strictly positive:

J0 + E0gi j > 0.

With this choice, the compensating inhibitory term becomes
−(I0 + J0), and the expression in Eq. (1) can be rewritten as

Ji j = −(I0 + J0) + (J0 + E0gi j ). (3)

This formulation ensures that all synaptic connections be-
tween units i and j remain excitatory and positive, while a
global inhibitory contribution maintains network balance. As
a consequence, the system consists of N excitatory units with
positive mutual couplings, and global inhibition preserves
equilibrium [33].

The dynamics of the network are simulated considering a
leaky integrate-and-fire model of neurons, where the mem-

brane potential follows the equation

dVj

dt
= −Vj (t )

τm
+

∑
t̂ j<t̂i<t

Ji j exp −(t − t̂i )/τs + Iext
j (t ), (4)

where the sum on t̂i runs on all the spikes in input to the neuron
j after the last spike of neuron j, Iext

j (t ) is the external input,
Ji j is the result of learning process in Eq. (1), the membrane
time constant is τm = 10 ms, the synapse time constant is
τs = 5 ms [51,52]. When the potential reaches the threshold
� (conventionally set to � = 1), the neuron fires and the
potential is reset to the resting value Vj = 0. Note that, among
the parameters I0, E0, and �, only two are independent. We
have chosen to set � = 1, but one could as well set E0 = 1, for
example, and study the dependence of the model with respect
to I0 and firing threshold �.

Each pattern xμ
η (t ), serving as a teaching signal for cortical

plasticity, is a periodic sequence of spikes involving only
G < S modules, and only K < Z neurons inside each active
module. For each pattern, an ordered sequence of G active
modules

[C1,μ, ..,CG,μ] (5)

is randomly selected, while the remaining modules remain
silent. In the following, the number of modules is set to S =
66 with Z = 200 neurons per module. The number of active
neurons per pattern, GK , is fixed at SZ/4. The same mod-
ule can participate in different patterns and appear multiple
times within the same pattern. We consider two configura-
tions satisfying this condition: (i) G = S/2 = 33 and K =
Z/2 = 100, representing a wave spanning half of the mod-
ules; and (ii) G = S = 66 and K = Z/4 = 50, representing
a wave spanning all modules. The choice of the parameters
G and K is guided by empirical observations and theoretical
considerations. Analysis of source-reconstructed resting-state
MEG data from humans [24] shows that long-lasting neuronal
avalanches typically involve about half of the cortical regions
defined by the Desikan-Killiany-Tourville atlas, correspond-
ing to approximately 33 out 66 active modules. Accordingly,
we explore values of G in this range, including G = 66 as a
limiting case of full-pattern propagation. The number of active
neurons per module K was chosen so each pattern recruits
about 25% of the total network units, in line with theoretical
results showing that maximal information capacity is achieved
when only a fraction of neurons participates in each stored
pattern [33]. The degree of temporal overlap between activa-
tions of different modules is controlled by the parameter η.
Each active neuron in pattern μ is assigned a phase of spike
φ

μ
η,i in the interval [0, 2π ] that depends on index η and on

the module to which neuron i belongs. Let us denote by Ci

the module to which neuron i belongs, and by Ck,μ the kth
module in the cyclic sequence defining pattern μ. Then the
P spatiotemporal patterns xμ,η(t ) = xμ,η

1 (t ), . . . , xμ,η
N (t ), with

μ = 1, . . . , P, are defined as

xμ,η
j (t ) =

G∑
k=1

δ(Cj,Ck,μ) ξ
μ
j

∑
n

δ
(
t − t̂η,μ

j + nT μ
)
, (6)
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where
(1) δ(Cj,Ck,μ) is the Kronecker delta, equal to 1 if neuron

j belongs to the kth active module in pattern μ, and 0 other-
wise;

(2) ξ
μ
j ∈ {0, 1} is set to 1 only for K randomly chosen

neurons in active modules and 0 otherwise;
(3) T μ is the period of the stored pattern; we use T μ =

125 ms ∀μ, corresponding to an 8 Hz alpha rhythm. Given
the shape (i.e., temporal width) of the STDP kernel used in the
model, a 125 ms period ensures that STDP remains sensitive
to phase differences within a single oscillatory cycle. This is
usefull for the type of dynamics we aim to capture: even rela-
tively small variations in spike phase lead to distinct synaptic
modifications, and the chosen period allows the model to
reliably reflect these differences.

(4) t̂η,μ
j = φ

η,μ
j T μ

2π
is the spike timing of neuron j in pattern

μ, where φ
η,μ
j denotes the phase of firing of neuron j, which

depends on its module Cj and on the module coactivation
index η as detailed below.

Therefore, from Eqs. (1) and (6), we get the microscopic
structured connectivity matrix Ji j among the N = ZM neu-
rons:

Ji j = −I0 + E0 gη
i, j,

gη
i, j =

P∑
μ=1

gη,μ
i, j =

P∑
μ=1

G∑
k=1

δ(Cj,Ck,μ)
G∑

k′=1

δ(Ci,Ck′,μ)ξμ
j ξ

μ
i

×
∑

n

A
(
t̂ η,μ
i − t̂ η,μ

j + nT μ
)
. (7)

The phase of firing φ
η,μ
j , and therefore the spiking time

t̂η,μ
j , in pattern μ of neuron j belonging to module Cj , is

sampled from a probability distribution that allows tuning the
extent of temporal overlap across modules in the wave through
the index η. Specifically, η controls the extent to which spikes
within each module are temporally spread across neighboring
modules. A module distance is defined as 2π/G in phase
space or, equivalently, T μ/G in the temporal domain, where
G is the number of active modules in the pattern and T μ its
period. More precisely, for each module involved in a given
pattern, the K spikes are drawn from a Gaussian distribution
centered at the center phase of the module. The standard
deviation of this distribution is set to η times half a module,
i.e.,

σ = η
π

G
,

thus controlling the degree of temporal overlap between con-
secutive modules.

As an example, when η = 0, the spikes within each module
are perfectly synchronous, and perfectly phase-shifted relative
to the next module by 2π/G, forming a strictly sequential
activation pattern, as in synfire chains. As η increases, spike
times become increasingly dispersed around the center of
each module. For values of η large compared to G/2, the
activation profiles of all G modules in Eq. (5) become very
broad, resulting in flattened and overlapping coactivations
across all the active modules. As a consequence, the original
sequential structure of the pattern is no longer recognizable.

This effect is clearly visible in Figs. 2(a) and 2(b), which
show an example of a stored pattern for four increasing values
of η, and it also persists in the emergent dynamics during
cue-induced retrieval of patterns as shown in Fig. 4 (Fig. 1 of
the Supplemental Material [53] shows the encoding of another
modular spatiotemporal pattern during learning). Each panel
in Fig. 4(a) shows a raster plot of neuron spiking activity
over time. At η = 0, neurons within each module are highly
synchronized, firing almost simultaneously, and the activity
of each module is well separated. As η increases, neurons
belonging to a given module begin to fire before the activity
of the preceding module has fully ceased, leading to increas-
ing overlap between the activity of different modules. This
behavior is also evident in the firing rate of each module
[panels in Fig. 4(b)]. At low values of η, module activation is
oscillatory and temporally well-separated, highlighting a clear
sequential structure among modules. As η increases, module
activities increasingly overlap, and their firing rates become
less temporally distinct.

After the learning stage, the dynamics of the network
started by a short cue are studied. A partial cue consisting of
H spikes is presented, i.e., a short train of spikes is externally
imposed on a small subset of neurons (H � N), following the
order φh, with h = 1, . . . , H , as defined by one of the stored
patterns φ

η,μ

h , and using a period denoted by T cue. In the fol-
lowing, the period of the stored patterns is T μ = 125 ms ∀μ,
H = 75, and T cue = 83 ms. Specifically, the cue’s duration is
less than or equal to (HT cue)/(GK ), and much less than one
period.

The cue-induced emerging collective dynamics are ana-
lyzed as a function of the number of stored patterns P and the
module co-activation index η, to assess whether the network
can reliably and persistently reproduce the pattern associated
with the cue.

III. RESULTS

We first characterize the connectivity structure produced by
the STDP-inspired learning rule, as described in the previous
section, and then the resulting recall dynamics, clarifying how
the dynamic activity patterns, defined in terms of precise
spike timing at the microscopic level and partially overlap-
ping sequences of module activations at the mesoscopic level,
are represented in the network. Thus, the dynamic activity
patterns depend on the modular structure of the patterns,
parameterized by η, which in turn shapes the modular orga-
nization of the learned connectivity.

The learning procedure in Eqs. (7) generates a connectiv-
ity matrix that remains fixed during network dynamics. The
number of patterns P and parameter η play a crucial role in
shaping the network topology. As η increases, the network
gradually changes from a strongly modular architecture to a
more homogeneous structure.

The network connectivity at two values of η is shown in
Fig. 3 for two different configurations (G = 33, K = 100)
(top panels) and (G = 66, K = 50) (bottom panels).

To measure the degree of modularity of the microscopic
connectivity gη

i j with respect to the partition into M modules,
we check whether neurons within the same module exhibit
stronger excitatory connections among themselves compared
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FIG. 2. Encoding of modular spatiotemporal pattern during learning. Each stored periodic pattern is an ordered sequence of G � S active
modules, with overlap between modules regulated by η, and precise spike timing for the K � Z nonsilent neurons. Activity at increasing η

values (0,4,12,66) is shown with G = 33, K = 100 for one specific pattern. Each panel in (a) shows a raster plot of the first 7000 neurons
(while others are silent), with neurons sorted according to the pattern phase inside each module. At η = 0, neurons within each module are
highly synchronized, firing almost simultaneously, while each module is engaged sequentially. As η increases, spike timing between groups
becomes less distinct. In other words, neurons belonging to a given module begin to fire before the activity of the preceding module has entirely
ceased, leading to increasing overlap between the activity of different modules. For high η, firing becomes broadly distributed with substantial
temporal overlap between neuronal modules, reflecting a more homogeneous activation across the network. This behavior is also visible in
panels (b), showing the firing rate of each module, computed using 1 ms bins and expressed in Hz per neuron.

to their connections with neurons in other modules. We there-
fore define a modularity measure, following [24], as

M = X − Y

X + Y
, (8)

where X represents the average strength of internal positive
connections within modules, while Y denotes the average
strength of positive connections to neurons external to the
module:

X = 1

M

∑
C

ĝη(C,C), Y = 1

M(M − 1)

∑
C �=C′

ĝη(C,C′), (9)

where the effective mesoscopic connectivity matrix between
modules ĝη(C,C′), is obtained summing excitatory connec-
tions over neurons belonging to modules C and C′, i.e.,

ĝη(C,C′) =
∑

i j

gη
i jδ(Ci,C)δ(Cj,C′)�(gi j .

The value of M can range in [−1, 1]: it is positive if
the strength of the internal connections is greater than the
expected value for a random network, and negative otherwise.
In a random network, M equals zero on average; conversely,

in a network with completely disconnected modules, it equals
1. Here, with P = 100 patterns stored we observe M4 =
0.8686 and M66 = 0.1766, respectively, for η = 4, 66, at
G = 33, K = 100 and M4 = 0.8314 and M66 = −0.006 at
G = 66, K = 50 shown in Fig. 3.

At low values of η (η = 4), the connectivity matrix gi j

exhibits a pronounced modular structure that reflects the ten-
dency of neurons within the same module to fire in close
temporal proximity, leading to strong intramodule connec-
tions through STDP. This modularity is also evident on the
mesoscale, as seen in the coarse-grained excitatory matrix
between modules ĝη(C,C′) in Figs. 3(a) and 3(c) on the right,
which show a clear diagonal structure indicative of strong
intramodule connectivity. Positive connections also appear
off the diagonal (even at η = 0, see Fig. 2 of Supplemental
Material [53]), since the LTP window of STDP rule and the
structure of patterns are such that connections between dif-
ferent modules are potentiated. Indeed, the time lag between
spikes of consecutive modules (time lag dt = T μ/G at η = 0)
lies well within the LTP window of our STDP rule Fig. 1.
Conversely, if G is reduced and T μ is increased excessively,
the distance between spikes of consecutive modules may fall
outside the STDP range, and the learning of the pattern would
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FIG. 3. Effect of η on the network connectivity for two different configurations of the network. Panels (a) and (b) correspond to the
network configuration with (G = 33, K = 100), shown for η = 4 and η = 66, respectively, and the network was forced to learn P = 400
patterns. Panels (c) and (d) display the configuration with (G = 66, K = 50) for the same values of η. Each panel shows the full connectivity
matrix (gη

i j) between individual neurons (left), with only the first 1200 neurons (corresponding to the first six modules) shown for readability,
and the coarse-grained excitatory connectivity matrix [ĝη(C,C′)] between modules (right), where only six of the 66 modules are displayed.
At low η (η = 4), the network exhibits strong modular organization: positive synaptic weights (blue in gη

i j) are concentrated within modules,
reflecting the temporal clustering of neuronal activity due to STDP. This structure is preserved at the mesoscale in ĝη(C,C′), where the diagonal
dominance indicates strong intramodule connections. As η increases (η = 66), the connectivity becomes more homogeneous: synaptic weights
are more evenly distributed across the network, and the diagonal structure in both gη

i j and ĝη(C,C′) is reduced, indicating a loss of modularity
and the emergence of long-range connections. In the (G = 33, K = 100) case, where only a subset of modules participates in the pattern [(b)],
a residual modular structure persists even at high η, in opposition to when all modules participate in the pattern [(d)].

fail at low η. This does not occur at larger η since overlapping
module activity brings spikes of different modules within
the STDP window, allowing intermodule connections to be
strengthened. As η increases (η = 66), the network becomes
significantly more homogeneous. This is reflected in the
diminished diagonal structure in both the full connectivity ma-
trix and the coarse-grained one, signaling a near-complete loss
of modularity and the emergence of widespread, long-range
connections. Notably, the effect of high η differs depending
on the network configuration. When only a subset of modules
is involved in the pattern ([Fig. 3(b)], G � S), a residual
modular structure persists: the modules participating in the
pattern form intramodule connections between them, but not
with modules not active in the pattern. In contrast, when all
modules are active and η reaches the size of the network [Fig.
3(d)], the connectivity matrix becomes almost homogeneous
on the scale of the whole network. In this case, synaptic
weights are uniformly distributed across the network, and no
modular organization remains.

A. Analysis of cue-induced dynamics

To investigate the storage capacity of the network
as a function of the module coactivation index η, we

examine the cue-induced emerging collective dynamics after
applying a brief cue stimulus to evaluate whether the network
can selectively and persistently reproduce the pattern associ-
ated with the cue. To quantify the accuracy of these replays,
following [33], we define an order parameter qμ that measures
the similarity between the emergent spiking activity and the
stored pattern μ associated with the cue:

qμ([t0, t1]) = max
Tw

∣∣∣∣ 1

Ns

N∑
j=1

G∑
k=1

δ(Cj,Ck,μ)ξμ
j

×
∑

t0�t∗
j �t1

e2π it∗
j /Tw e−2π it̂ η,μ

j /T μ

∣∣∣∣, (10)

where the sum is taken over spikes t∗ emitted during a specific
time window [t0, t1], 200 ms long, and factor δ(Cj,Ck,μ)ξμ

j
in the sum ensures that only neurons actively belonging to
pattern μ contribute to the sum, while the wrong firings of
other neurons affect the measure through the normalization by
the total number of emitted spikes Ns. When only the correct
neurons belonging to the correct modules fire, and there exists
a replay window Tw for which their phases closely match
the encoded ones, the exponential terms approach 1, causing
qμ([t0, t1]) to approach 1. The probe time window Tw is the
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duration of the interval used to assess whether the collective
dynamics match one of the stored patterns, as described in
[54]. While the stored patterns are periodic with an intrinsic
period T μ, during cue-induced dynamics, the network may
replay them at compressed or dilated timescales. Therefore,
the effective replay period is a priori unknown. The order
parameter, defined as the maximum of the overlap across
the tested windows Tw, captures whether any segment of the
spike train exhibits the correct phase ordering, effectively
estimating the timescale of the replayed pattern. Therefore,
measuring the order parameter also provides an estimate of
the recall period T̂ μ.

Figures 4(a) and 4(b) examine the cue-evoked dynamics
when the connectivity matrix is constructed with η = 0, P =
2 and η = 132, P = 4 (at G = 33 and K = 100). Figure 4(a)
shows the response of the network to a brief initial cue in the
case of η = 0. A short pulse of H = 75 spikes, with the order
corresponding to the first encoded pattern, is delivered to the
network, leading to a self-sustained spatiotemporal activity.
This activity corresponds to the specific pattern associated
with the cue, as confirmed by the middle figure of Fig. 4(a),
where the overlap qμ is plotted over time and qμ=1 (corre-
sponding to the first stored pattern) reaches and maintains a
maximum value, indicating successful retrieval. The figure to
the right shows the average firing rate for each module, high-
lighting perfectly sequential activations. Figure 4(b) shows a
similar example for η = 132. While retrieval is still perfect in
terms of precise spiking times, as also indicated by the high
order parameter qμ=1, we observe that the dynamics no longer
follow a well-defined sequential activation of the modules;
instead, module activations begin to overlap. This suggests
that, although the information is preserved at the microscopic
level, as indicated by the high order parameter, it is lost at the
mesoscopic level, since it is no longer possible to delineate
the sequence of regions involved in the pattern (see the firing
rate for each region). In Fig. 3 of the Supplemental Material
[53], the effect of noise on cue-evoked replay is investigated.
Recall is initiated by providing a small cue (as in Fig. 4),
while different noise intensities are applied throughout the
simulations to assess the robustness of pattern retrieval. We
find that low levels of noise do not impair replay, whereas
excessive noise disrupts it.

We then systematically repeat the cue stimulation using the
first pattern (since all patterns are equivalent) across a range
of network parameters to investigate how the ability to retrieve
patterns depends on network excitability (E0) and global inhi-
bition (I0), as well as on η [see Eq. (12)]. Figure 4(c) shows
the case of a single encoded pattern (P = 1) with η = 0, while
Fig. 4(d) explores the case of P = 10 encoded patterns for
η = 4, 20, and 132. At P = 10, the case η = 0 is not shown
since there are no values of (I0, E0) with successfull retrieval
at η = 0, P = 10, G = 33, K = 100. Figures 4(c) and 4(d)
display four key metrics used to characterize the system’s
behavior, arranged by rows. In the first row, the network firing
rate of the cue-induced collective dynamics is shown. At a low
value of E0 and a large I0, the firing rate drops to zero because
the cue fails to trigger any activity. During replay, neurons do
not necessarily emit a single spike per period: depending on
the excitation–inhibition balance, multiple spikes per neuron
can occur within each replay cycle, so the mean firing rate

is not uniquely determined by the replay period (see Fig. 4
of the Supplemental Material [53]). The second row shows
the average order parameter over time, and we observe that
for small P or large η, a broad region in the parameter space
(E0, I0) exhibits qμ ≈ 1, indicating successful retrieval. At
fixed P, as η increases, this region expands and then stabilizes,
showing no small changes between the last two shown values
of η. The third row displays the period of the replayed pattern.
Notably, the period of the replayed pattern can be tuned by
changing E0 and I0, and is in general different from the period
of the patterns used in the learning procedure. Generally, it
increases by increasing the global inhibition I0, or increasing
E0. In the fourth row, to better characterize the consistency
of the temporal coordination between different regions of the
network, we compute the phase locking value (PLV) [55],
which captures the differences in spatial organization of the
recalled dynamics. To this end, we computed the firing rate
of the modules in 10 ms time bins. The pairwise phase rela-
tion between the activity of two given modules C and C′ is
defined as

PLV(C,C′) =
∣∣∣∣ 1

N

∑
t

e i(
C (t )−
C′ (t ))

∣∣∣∣, (11)

where 
C (t ) is the instantaneous phase extracted using the
Hilbert transform [56] of z-scored rate signal of the module
C. The average over all module pairs is then computed and
denoted as the PLV. As η increases, despite the high order
parameter values, the PLV drops significantly, indicating de-
graded phase-locked synchronization across modules. This
suggests that, although the information is preserved at the
microscopic level, it is lost at the mesoscopic level, where
the spatial sequence of activation can no longer be clearly
delineated.

B. The storage capacity of the network

Here, we investigate how the structural organization,
shaped by η, translates into the ability to store and selectively
retrieve many spatiotemporal patterns, as opposed to the pre-
vious section, where the behavior of the system was addressed
for a fixed number of stored patterns. By systematically stim-
ulating the network with brief cues, we evaluate the network’s
storage capacity, denoted as Pmax, for both network config-
urations, i.e., (G = 33, K = 100) and (G = 66, K = 50), as
shown in Fig. 5. Pmax is the maximum number of patterns that
can be stored and successfully retrieved for a given value of
η. In particular, we investigate the network’s storage capacity
when a stimulus of H = 75 spikes, arranged in the order
corresponding to pattern μ and with period Tcue, is applied.
Successful retrieval is defined as an overlap qμ above 0.95,
averaged over the last 400 ms of the simulation. It is evaluated
for different values of η, numbers of stored patterns P, and
parameters (E0, I0).

Figure 5(a), corresponding to the case (G = 33, K = 100),
shows the maximum capacity over all the values of (E0, I0),
and for each given value of η. Two distinct regions emerge.
A large dark-blue area, which expands with increasing η,
corresponding to the zone where the network successfully
works as an associative memory. In this regime, a cue triggers
the correct replay of the corresponding pattern. A light-blue
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FIG. 4. Cue-induced dynamics reveal the effect of η on pattern retrieval and spatiotemporal organization for the network composed by G =
33 modules and K = 100 neurons inside each module. (a), (b) Examples of cue-induced self-sustained spatiotemporal activity for networks
whose connectivity matrices were constructed with (η = 0, P = 2) and (η = 132, P = 4), respectively. On the left of each panel, a raster plot
displays spiking activity following a brief external cue (in red) composed of 75 spikes mimicking the first stored pattern (μ = 1). T̂ 1 is the
period of the replay of pattern 1. In the center, the order parameter dynamics are shown: the overlap q1 reaches and maintains a value near
1, while the overlaps with other patterns remain low. On the right, the firing rate of each module computed using 1ms bins is shown. While
retrieval is perfect in both cases, only for low η does the network preserve a clear sequential activation of modules. For high η, activations
become increasingly overlapped, indicating a loss of structured dynamics at the mesoscopic level. (c), (d) Systematic exploration of network
emerging collective dynamics, after the cue presentation, as a function of global inhibition I0 and structured connection parameter E0. Panel
(c) corresponds to the case with (η = 0, P = 1), while (d) displays results for P = 10 stored patterns with η = 4, 20, 132 (columns). Each
row shows a different metric: (1) firing rate (expressed in Hz per neuron); (2) average order parameter qμ to measure the quality of selective
replay of cued pattern μ. The region of successful retrieval, at fixed P, becomes larger with η; (3) period of the replay (expressed in ms); and
(4) phase locking value (PLV) computed as the average of the pairwise phase-locking values across all module pairs, which drops sharply as η

increases, indicating reduced temporal coordination across modules despite successful microscopic pattern retrieval.
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FIG. 5. Effect of the module coactivation index η on the storage capacity of the network for two configurations. Panels (a)–(c) refer to the
configuration (G = 33, K = 100), and panels (d)–(f) to (G = 66, K = 50). After storing P patterns, cue-induced dynamics is tested using a
train of H = 75 spikes arranged according to pattern μ with period Tcue. Successful retrieval is defined as an overlap qμ > 0.95 with the cued
pattern. (a) Region in the (P, η) parameter space where there exists at least one combination of (E0, I0) for which the network can successfully
and selectively replay the patterns (dark-blue region). (b), (c) Maximum number of patterns Pmax as a function of the parameters (E0, I0) at
η = 4 and η = 66, respectively. Successful replay occurs in a parameter region that shrinks with increasing P when compared at fixed η, while,
in general, higher values of P are attained at large η. (d)–(f) Same analysis for the (G = 66, K = 50) configuration.

region, where the order parameter is close to zero, indicates
that the network fails to produce activities related to the cued
pattern. We observe that the successful replay region reaches
the maximum P around η ∼ 20, with P = 700 stored patterns.
The storage capacity is smallest at η = 0. When η = 0, in-
formation about the temporal order of neuronal spikes within
each module is lost, and only the identity of the active neurons
and the order of module activations are preserved. This loss
of intramodule temporal structure increases interference be-
tween patterns that engage the same module, thereby reducing
storage capacity.

In Figs. 5(b) and 5(c), we focus on two specific values of
η to explore how the maximum number of perfectly recalled
patterns depends on global inhibition I0 and the structured
term strength E0. In Fig. 5(b) (η = 4), the maximum number
of patterns that can be stored and successfully retrieved is
limited to about P = 20. However, this value is not uniform
across the (E0, I0) parameter space: the region where P = 20
patterns can be successfully retrieved is narrow, while large
areas correspond to lower capacities. In Fig. 5(c) (η = 66),
consistent with earlier results, the maximum storable number
of patterns increases to about P = 700, achieved within a
limited region of the parameter space. Nonetheless, lower
numbers of stored patterns correspond to larger regions of
(E0, I0). Figures 5(d)–5(f) repeat the same analysis for the net-
work configuration (G = 66, K = 50). The storage capacity
increases with η as in the previous case and then stabilizes;
however, the plateau of the maximum number of patterns that
can be stored and correctly recalled is reached at a higher η

value. Figures 5(e) and 5(f) illustrate the maximum number
of retrievable patterns as a function of (E0, I0) for η = 4 and
η = 66, respectively. As in the case (G = 33, K = 100), for
(G = 66, K = 50) successful replay also occurs in a param-
eter region that broadens with increasing η when compared
at fixed P, and, overall, higher values of P are achievable at
η = 66 than at η = 4. In Fig. 5 of the Supplemental Material
[53], the maximum number of patterns Pmax is shown as a
function of (E0, I0) at η = 20 for (G = 33, K = 100) and at
η = 28 for (G = 66, K = 50), corresponding to the smallest
η at which each network reaches the plateau of its maximum
storage capacity.

C. Trade-off between storage capacity
and modularity of the network

Figure 6 illustrates the link between the topological recon-
figuration of the network as a function of the parameter η and
its ability to work as an associative memory. The first row
characterizes the network for the configuration (G = 33, K =
100). Figures 6(a) and 6(b) show the average strength X of
internal positive connections within modules and the average
strength Y of positive connections to neurons external to the
module [see Eqs. (9)] as a function of η. As η increases,
intramodule weight X decreases, especially when the network
is initialized with a larger number of patterns (each line color
corresponds to a different number of stored patterns, P). At the
same time, the average strength Y of long-range (intermodule)
connections increases, which in turn affects the network topol-
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FIG. 6. Role of module co-activation index η in structure and function: trade-off between wiring cost and storage capacity. (a)–(f) Results
for network configuration (G = 33, K = 100). (a) The total strength of intramodule positive connections (X ), which decreases with increasing
η, especially for larger numbers of stored patterns P. Each color line refers to a particular number of patterns used to build the connectivity
matrix. (b) The corresponding increase in intermodule (long-range) connection strength (Y ), while (c) illustrates how the mean path length
L decreases with η. (d) Modularity M, computed as in Eq. (8), which declines with increasing η, reaching a plateau around η ≈ 30. (g)
Same analysis for the network configuration (G = 66, K = 50). When all modules are engaged in the pattern, modularity approaches zero at
high η, indicating the loss of excess intramodule connectivity relative to intermodule connections. (e) and (h), corresponding to network
configurations (G = 33, K = 100) and (G = 66, K = 50) respectively, show that normalized capacity (purple) increases with η, and the
concurrent decline in modularity (green). Since long-range connections are costly, to quantify this trade-off between wiring cost and storage
capacity; (f) reports a fitness index �, defined as the product between capacity and modularity, which peaks at intermediate η values. (i), which
refers to the (G = 66, K = 50) configuration, shows a similar trend. However, the peak of the fitness curve occurs at a slightly higher value of
η, consistent with the fact that the storage capacity in this configuration also reaches its maximum at a higher η compared to the first network
configuration.

ogy. For example, the mean path length L, computed using
Dijkstra’s algorithm to obtain the distance matrix from the
weighted network structure, tends to decrease for high values
of η, indicating that the network becomes more interconnected
across modules. It is worth noting that in Fig. 6(c), curves for
low values of P are missing, as the corresponding networks
are too sparse to compute meaningful path lengths. To further
explore the relationship, the modularity M, defined in Eq. (8),
is computed and shown in Fig. 6(d) as a function of η. Higher

values of M indicate a stronger community structure, while
values near zero reflect a loss of modular organization. Mod-
ularity reaches its maximum at η = 0 and gradually decreases
as η increases, eventually stabilising at a low asymptotic
value. For the configuration (G = 33, K = 100), the point
at which modularity becomes stationary is around η ≈ 30,
which is close to the value at which the network’s memory
capacity also plateaus, as observed in earlier analyses. This
suggests a close relationship between structural modularity
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and functional memory performance. Notably, even for high
values of η, the network retains a residual modular structure
at (G = 33, K = 100) when only a subset of modules is in-
volved in the pattern: STDP strengthens connections only
between modules that are systematically coactivated within
the same patterns, while modules not involved in those pat-
terns do not develop strong intermodule connections, even for
large values of η. In contrast, when all modules participate
in the patterns [(G = 66, K = 50) in Fig. 6(g)], modularity
approaches zero at very large η. This occurs because, when
only a subset of modules is involved in the stored patterns, a
distinction with silent modules remains, allowing the active
modules to form well-defined communities with denser intra-
community than intercommunity connections. In both cases,
the observed decrease of M with increasing η indicates a redis-
tribution of synaptic resources that favours global integration
over local cohesion.

Crucially, this reorganization entails computational costs:
long-range connections require the establishment of links
between spatially distant units, which are energetically and
structurally expensive. In the brain, such connections are
sparse. Their sparsity underscores their selective impor-
tance in supporting efficient interareal communication while
minimizing wiring cost. Figures 6(e) and 6(h), correspond-
ing to network configurations (G = 33, K = 100) and (G =
66, K = 50), respectively, show an increase in the normalised
capacity (purple curve) with η, accompanied by a decline
in modularity (green curve). The trade-off between wiring
cost and storage capacity is captured by a fitness index �,
obtained as the product of capacity and modularity, shown in
Figs. 6(f) and 6(i). This index peaks at intermediate values of
η, indicating the existence of an optimal regime that preserves
some modular structure while maintaining high memory per-
formance. This finding suggests an optimal point with some
degree of long-range connectivity sufficient to support global
integration, yet limited enough to maintain the underlying
modular architecture.

This optimum corresponds to the regime in which the
structural economy of modular organization is best bal-
anced with the functional requirement of retrieving multiple
patterns. Notably, although high modularity reduces global
retrieval capacity, modular structure may still confer a signifi-
cant functional advantage that is not captured by Pmax. Indeed,
the identity of the retrieved pattern can be reliably decoded
at the module level, without relying on precise spike timing
of individual neurons, when η is not too large, and therefore
modularity is not lost. At intermediate values of η, indeed, the
population activity within each module remains sufficiently
coherent so the identity of the active pattern is visible in
the modules’ activation profile. This functional advantage of
modularity is not visible in Fig. 6, which focuses on the
maximum number of attractor retrievals, but it becomes evi-
dent when examining module-level activity and phase-locking
values (see Fig. 4).

D. Analysis of spontaneous dynamics

To further characterize the network, we study spontaneous
dynamics in the absence of cue stimulation, setting the input

Iext
j (t ) in Eq. (4) equal to Inoise

j (t ), a noise term modeling spon-
taneous neurotransmitter release and other stochastic sources,
defined as:

Inoise
j (t ) =

∑
t̂ jn>t̂ j

Jn exp [−(t − t̂n j )/τs]�(t − t̂n j ) (12)

where Jn are random strengths extracted from a Gaussian
distribution with mean 0 and standard deviation α = 0.5, in-
dependently for each neuron j, τs is the synapse time constant
equal to 5 ms as in Eq. (4). The noise-event times t̂n j are
also independently sampled for each neuron. The interevent
intervals δt follow an exponential distribution:

P(δt ) ∝ exp

[
− δt

Nτnoise

]
,

which is characteristic of a Poisson point process. Here, N is
the number of neurons and τnoise is the characteristic timescale
of the spontaneous activity. The rate of the noise per neuron,
defined as ρ = 1/(Nτnoise), is equal to 1 Hz [57].

Figure 7 shows the characterization of spontaneous dynam-
ics of the network for the first network configuration (G =
33, K = 100). Each row corresponds to a different value of
η (η = 4, 20, 66), with P = 10 stored patterns. Each column
refers to a different dynamic feature used to characterize the
network’s spontaneous behavior.

Here, in the absence of a cue, the order parameter is defined
as the maximum of overlaps qμ between the ongoing sponta-
neous activity and any of the P stored patterns, Q = maxμ qμ.
Order parameter and its fluctuations χQ, defined as the vari-
ance of the order parameter over time, are shown in the first
and second columns, at different values of η. Consistent with
previous findings [24], at the edge of the region exhibiting
spontaneous self-sustained replay (identified by high values
of the order parameter), a region emerges with large fluctu-
ations in the order parameter. Order-parameter fluctuations
provide a macroscopic indicator of the network’s propensity
to transition between stored patterns, with larger fluctua-
tions corresponding to increased dynamical flexibility, i.e.,
a greater number of distinct, transiently reactivated patterns,
as described in [24]. A peak of the fluctuations, suggesting
a critical regime [24], is clearly visible at intermediate and
large η. Here, consistent with previous results [24], the net-
work transiently and spontaneously alternates short replays
over time, with spontaneous up and down fluctuations [58].
This is in line with the well-supported hypothesis, grounded
in both experimental evidence and computational modeling,
that the resting cortex operates in an extended dynamical
regime, poised at the edge of a dynamical phase transition
and exhibiting critical behavior [59–66] The third column
shows the period of the periodic pattern during the successful
self-sustained replay. For low values of η, spontaneous replay
is limited to a small region of the (E0, I0) space. In contrast,
for higher η, the system spontaneously replays one of the
stored patterns over a larger range of parameters, leading to
a broader range of recall periods that vary as a function of
the global inhibitory parameter I0 and the structural parameter
E0. As in the cue-induced dynamics, increasing η leads to a
decrease in phase locking activity of modules, suggesting that
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FIG. 7. Spontaneous activity dynamics in the presence of noise for a network with (G = 33, K = 100) and P = 10 stored patterns. Each
row corresponds to a different value of η (η = 4, 20, 66), and each column displays a different dynamic measure: order parameter, order
parameter fluctuations, recall period, and phase locking value. The order parameter quantifies the similarity between spontaneous activity and
any stored pattern, revealing regions where attractor states are spontaneously visited. At the edge between the region of successful spontaneous
replay and the region with no replay, there’s a region with large order parameter fluctuations, indicating a critical regime where alternation
between high and low order parameter occurs in time. The recall period increases with η, reflecting the emergence of attractors with varied
frequencies of oscillation as a function of E0, I0. Phase locking decreases with η, showing reduced phase-locked synchrony across modules as
long-range connectivity increases.

higher long-range connectivity allows for more distributed
activity across modules and a less precise sequence of module
activations.

IV. DISCUSSION

Many studies have investigated the role of modularity on
collective dynamics [24,67–70] and a substantial body of
work has explored how STDP can be used to store and retrieve
dynamical collective patterns [38,43,46,71–83]. In our work,
we extend these lines of research by examining the interplay
between modularity and replay, introducing a parameter that
controls the degree of functional modularity of patterns.

This work builds on the framework introduced in [24],
which explores a recurrent spiking neural network trained
via spike-timing-dependent plasticity to store and sponta-
neously replay multiple spatiotemporal patterns. The network
adopts a modular architecture, with each pattern engaging
only a specific subset of modules. Modules represent meso-

scopic units that can be interpreted anatomically as local
neuronal populations (e.g., cortical regions or subregions)
and functionally as units that play a specific role within a
stored sequence. Extending this model, we incorporate the
module coactivation index η, as a parameter controlling the
degree of temporal overlap between module activities. The
patterns presented as inputs during the learning stage en-
code information with precise temporal relationships at both
the micro- and mesoscale level. Information is represented
jointly by firing phase and firing rate, reproducing the struc-
tured and correlated population code observed experimentally
[84–86]. These patterns consist of segregated modular cyclic
spatiotemporal sequences (with the degree of segregation
quantified by η) mimicking, for example, the segregated pro-
jections of different features into early sensory layers, where
neurons in different modules exhibit distinct but partially
overlapping tuning curves [87]. A sparse pattern-specific re-
cruitment of neuronal subsets within each active module is
assumed as a teaching signal during the learning stage, allow-
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ing us to focus on the consequences of such representations
for learning, storage, and retrieval dynamics. Importantly, the
functional modularity of the stored patterns directly shapes the
structural modularity of the network connectivity emerging
after the learning stage. Hence, η is meant to modulate the
ability of regions to interact over the long range, beyond
local activities. These results speak to the converging evidence
showing that computations might be conceptualized as either
local” occurring primarily within regions, or global, where
genuine interactions occur over the long range (e.g., utilizing
long-range white matter projections), with mesoscale topolog-
ical properties reflecting the balance between segregation and
integration [88–91].

We analyze the effect of the module coactivation degree on
the network storage capacity, defined as the maximum num-
ber of dynamical patterns that can be stored and selectively
retrieved when a short cue is presented to the network. We
show that the effects of temporal overlap extend beyond the
network’s structural organization, influencing its functional
dynamics and storage capacity.

The concept of temporally overlapping activity reflects
the biological nature of neural communication, which is
distributed and temporally dispersed rather than perfectly syn-
chronized. Neurons communicate through spikes that are dis-
tributed in time, and learning mechanisms such as STDP are
sensitive to the precise spiking times. Changes in η not only
modify structural properties, such as synaptic weight density,
modularity, and path structure, but also shape the dynamics
evoked by external cues, thereby affecting storage capacity.

For small η values, modules activate in a temporally
distinct and sequential manner, enabling the detection of
a sequential order across modules, and closely resembling
the feedforward synfire chain architecture [47]. The synfire
chains, characterized by their precise temporal synchrony,
have traditionally been considered a biologically plausible
model for sequence generation [47]. They are especially rele-
vant in systems requiring temporally locked activity, such as
the promotor HVC nucleus in songbirds, where neuron groups
fire in tight sequences to support song production [92]. As η

increases, temporal overlap between module activities grows,
enhancing the network’s ability to store and retrieve a greater
number of distinct spatiotemporal patterns, reaching a plateau.
At very large η, the model approaches the one whose storage
capacity was investigated in [33].

However, when η becomes larger, the sequential struc-
ture of patterns at the mesoscale is lost: module activations
blur together, hindering the ability of the readout structure
to decode pattern identity at the mesoscale level, namely,
through the temporal order of module activations. Moreover,
maximizing the number of retrieved patterns by increasing
η produces a markedly less modular topology, reflecting the
formation of numerous long-range intermodule connections.
In a biologically realistic scenario, however, such connections
are energetically costly, and the brain must balance memory
capacity with metabolic constraints [32].

To quantify this trade-off, we track modularity, which in-
versely reflects the abundance of long-range connections, and
define a fitness index � as the product of capacity and modu-
larity. � peaks at intermediate η, identifying a regime where

long-range connectivity is sufficient to support integration
while preserving modular architecture.

Thence, the less modular neural network, emerging at in-
termediate η, exhibited a significantly greater capacity to store
and recall multiple patterns, compared to the case η = 0,
while still allowing the patterns to be decoded at the mesoscale
based on the order of module activations—a possibility that is
lost at very high values of η. This architecture, characterized
by more distributed and long-range connections (with propor-
tionally fewer intramodule connections), with respect to η =
0, can accommodate a broader variety of dynamical large-
scale patterns. These findings are consistent with theoretical
predictions from associative memory models and attractor
networks, which emphasize the advantages of distributed rep-
resentations and recurrent connectivity for memory capacity
and robustness [93,94]. Unlike the predominantly feedfor-
ward structure modeled by synfire chain networks, indeed
the cortex appears to support more flexible, associative forms
of memory that rely on recurrent interconnectivity and dis-
tributed representations [94]. Such properties are essential
for higher cognitive functions, including learning, abstraction,
and inference.

In conclusion, by introducing the fitness index that com-
bines capacity and modularity, we identify an intermediate
sweet spot in which the network achieves both high mem-
ory performance and an economical topology. This balance
between integration and segregation mirrors a principle of-
ten observed in cortical organization, where the brain must
store a rich repertoire of experiences while respecting ener-
getic constraints. Our results suggest that effective associative
memory systems, whether biological or artificial, can depend
on operating in such a finely tuned regime, enabling the
flexible, robust, and context-dependent retrieval of complex
patterns that underpin higher cognitive functions. Hence, our
findings show that memory performance in recurrent spiking
networks is maximized at an intermediate degree of module
co-activation. This regime reflects a fundamental principle of
cortical organization, enabling the brain to store a rich reper-
toire of experiences while remaining energetically efficient
and flexibly adaptive.
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