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Abstract
The modular and hierarchical organization of the brain is believed to support the coex-
istence of segregated (specialization) and integrated (binding) information processes.
A relevant question is yet to understand how such architecture naturally emerges and is
sustained over time, given the plastic nature of the brain’s wiring. Following evidences
that the sensory cortices organize into assemblies under selective stimuli, it has been
shown that stable neuronal assemblies can emerge due to targeted stimulation, embed-
ding various forms of synaptic plasticity in presence of homeostatic and/or control mech-
anisms. Here, we show that simple spike-timing-dependent plasticity (STDP) rules,
based only on pre- and post-synaptic spike times, can also lead to the stable encoding
of memories in the absence of any control mechanism. We develop a model of spik-
ing neurons, trained by stimuli targeting different sub-populations. The model satisfies
some biologically plausible features: (i) it contains excitatory and inhibitory neurons
with Hebbian and anti-Hebbian STDP; (ii) neither the neuronal activity nor the synap-
tic weights are frozen after the learning phase. Instead, the neurons are allowed to fire
spontaneously while synaptic plasticity remains active. We find that only the combination
of two inhibitory STDP sub-populations allows for the formation of stable modules in the
network, with each sub-population playing a distinctive role. The Hebbian sub-population
controls for the firing activity, while the anti-Hebbian neurons promote pattern selectivity.
After the learning phase, the network settles into an asynchronous irregular resting-state.
This post-learning activity is associated with spontaneous memory recalls which turn out
to be fundamental for the long-term consolidation of the learned memories. Due to its
simplicity, the introduced model can represent a test-bed for further investigations on the
role played by STDP on memory storing and maintenance.
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Author summary
One of the most remarkable qualities of the brain is its capacity to learn and adapt. How
the learning process imprints and maintains memories, by shaping the architecture of
connectivity among neurons in a constantly changing and dynamic environment, is a
major question of neuroscience. Here, we explore the idea that the segregation of inputs
received by a neural network, with inputs targeting distinct populations, is a key fac-
tor for shaping the architecture of the network. We find that the presence of inhibitory
neurons is necessary for the emergence and the long-term maintenance of modular-
ity in spiking neural networks with plasticity. In particular, we show that two different
inhibitory sub-populations, one subject to Hebbian and the other to anti-Hebbian plas-
ticity, are required to promote the formation of feedback and feed-forward inhibition
circuits controlling memory consolidation. On one side, these inhibitory circuits favour
long-term memory consolidation by inducing spontaneous memory recalls in the asyn-
chronous irregular resting phase. On another side, the number of inhibitory neurons
controls the maximal memory capacity of the considered model.
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Introduction
The brain’s connectivity follows a modular and a hierarchical organization at different spa-
tial and functional scales [1–6]. From an operative point of view, this type of architecture is
suggested to facilitate the coexistence of segregation and integration of information [7–9]:
neuronal circuits or brain regions associated to a specific function are densely connected with
each other [10–12], while long-range connections and network hubs allow for the integration
(or binding) of different information [9,13,14]. A crucial open question in brain connectiv-
ity is to understand how such modular and hierarchical organization naturally emerges as a
consequence of the functional needs of the nervous system.

This question has been addressed from various standpoints. On the one hand, it has
been shown that spontaneous neural activity might be sufficient to shape network struc-
ture [15–18]. The underlying idea is that neural dynamics split brain connectivity into dif-
ferent populations via Hebbian-like adaptation mechanisms that reinforce links between
partially synchronised neurons. Such mechanisms may take place, for example, during early
development when cortical areas become organized in the absence of sensory stimuli [19].
The resulting complex connectivity—in turn—supports a combination of time-scales and this
facilitates the onset of self-sustained metastable neural activity [15,20], e.g., the spontaneous
switching of activity across neural populations [21,22].

On the other hand, the relation between learning and network organization is inherently
associated with the notions of semantic memory and input selectivity. Working memory
is characterised by synaptic changes leading to groups of neurons (assemblies or engrams)
to sustain higher frequencies for a few seconds after stimulus presentation [23,24]. These
changes also facilitate recognition if the stimulus is presented again shortly after. Sensory
cortices contain neurons selectively firing for different features of the inputs, forming dif-
ferentiated groups of neurons (assemblies) related to receptive fields [25]. Following these
observations, computational models of spiking neurons have been proposed to inves-
tigate how memories could be imprinted into the neuronal architecture [17,21,26–38].
Starting from a random connectivity, their goal is to reproduce the formation of neuronal
assemblies in response to various external stimuli (or memories), mediated by synaptic
plasticity.
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This process comes with several challenges and questions:

(i) the correct formation of neural assemblies (modules) in the network architecture that
are consistent with the learned stimuli,

(ii) the long-term stability of these structures when the entrainment is finished, and
(iii) the stability of the resulting network dynamics.

The mechanism for long-term memory maintenance and consolidation has been related
to spontaneous memory recalls (or retrievals). During wake, short and random events of
partial synchronous activation of neural sub-networks are related both to the spontaneous
recalls [39] and to the consolidation [40–42] of learned memories. Another important aspect
is then to clarify how the typical cortical dynamics, that is asynchronous and irregular, can
coexist with these spontaneous recalls [43,44].

A crucial aspect for the success of the proposed neural networks is the selection of a model
for the plasticity. The exact mechanisms underlying synaptic plasticity have been long debated
but the pioneering experiments by Bi & Poo [45,46] on the hippocampus revealed that the
plastic changes are driven by a temporally asymmetric form of Hebbian learning, induced by
tight temporal correlations between the spikes of pre- and postsynaptic neurons. This phe-
nomenon has been termed as spike-timing-dependent plasticity (STDP) [47–49]. However,
previous attempts to model the storage of memory items via stimulations of selected neu-
rons in random balanced networks have led to unstable behaviours impeding the formation
of stimulus induced structures [29]. To avoid these pathological behaviours other models
have been proposed which, instead, combine different types of voltage- and rate-dependent
STDP, often in presence of homeostatic or other control mechanisms to prevent instabilities.
In particular, in [31,38] neuronal assemblies were successfully formed which reflected the
stored memory items, and their long-term maintenance was mediated by spontaneous recalls
of the stored patterns. The main difference among these two studies is how the STDP rules
were implemented. In Litwin-Kumar and Doiron [31] a voltage-based STDP rule [30] for
the excitatory-excitatory synapses was employed to achieve a stable evolution, together with
additional homeostatic mechanisms based on inhibitory plasticity and on non-local renor-
malization of the excitatory-excitatory synaptic weights. In Yang & La Camera [38] plastic
synapses were considered only among excitatory neurons and no further homeostatic mech-
anisms. The STDP rule is similar to the one in Ref. [31] where a voltage-sensitive variable—
depending on the post-synaptic membrane potential—is compared to a threshold in order to
determine whether the synapse enters a long-term potentiation or depression state. The main
difference is that the thresholds in Yang & La Camera [38] evolve dynamically as in the BCM
rule [50], adapting to the single neuron post-synaptic activity in order to avoid instabilities in
the dynamics.

In the present paper, we consider simpler STDP mechanisms based only on the local infor-
mation associated with pre- and post-synaptic spike times analogous to the one discovered by
Bi and Poo [45,46]. Contrary to the results in Morrison et al. [29] our network model success-
fully encodes and sustains stimulus-driven assemblies in the absence of any additional control
mechanism. This is achieved by accounting for inhibitory STDP mechanisms alongside the
excitatory one. Recent empirical studies have underlined the variety of functional roles played
by different classes of interneurons with, for example, parvalbumin-expressing (PV) interneu-
rons in the mouse being subject to symmetric Hebbian STDP and somatostatin-expressing
(SOM) ones following asymmetric Hebbian STDP [42,51,52]. Accordingly, our model con-
siders two inhibitory neuronal sub-populations which self-organise during the training phase
into two differential functional roles: one sub-population subjected to Hebbian STDP (which
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controls the firing activity) and another population following anti-Hebbian STDP (which
mediates for memory selectivity).

After the learning phase the model settles into an asynchronous irregular state, as typically
observed during in-vivo recordings of the brain activity at rest [53]. This post-learning activ-
ity is characterized by the occurrence of transient events of partial synchrony, associated to
the learned items as in [31–33,38]. These spontaneous memory recalls are crucial for the long-
term consolidation of the stored memories by promoting the reinforcement of the underlying
connectivity. Given that inhibitory plasticity takes an active role in the model, the memory
capacity of the network is controlled by the number of inhibitory neurons. Finally, we also
demonstrate the emergence of hub neurons displaying mixed selectivity, by training the net-
work to overlapping memory items [17,34,36–38]. These excitatory hub neurons represent the
seeds for hierarchical organization and integration.

Results
We consider networks of excitatory and inhibitory Quadratic Integrate-and-Fire (QIF) [54]
neurons, pulse coupled via exponentially decaying post-synaptic potentials and in the pres-
ence of STDP. The connections involving pre-synaptic excitatory neurons are subject to
Hebbian STDP, while those involving pre-synaptic inhibitory neurons can be subject to two
types of STDP: either Hebbian or anti-Hebbian.

Firstly, we will investigate the necessary conditions for the emergence of modular assem-
blies induced by learning selective stimuli. For this purpose, we will analyze the role played by
Hebbian and anti-Hebbian plasticity applied to inhibitory neurons in a network subject to two
external stimuli. Secondly, we will investigate the role of spontaneous recalls in order to con-
solidate and maintain both the learned memory items and the underlying modular connectiv-
ity. To clarify this aspect we will perturb the synaptic connectivity matrix and we will exam-
ine to which extent spontaneous recalls are able to regenerate the original structure induced
by the training. The robustness of this scenario will be validated by considering larger system
sizes and random networks. Finally, we will generalize the model to account for an increasing
number of stored memories and in the presence of overlapping assemblies, thus showing that
more complex architectures can develop and be maintained over time.

Emergence of modular connectivity driven by learning selective stimuli
We begin by investigating the necessary conditions for the emergence of modular structure as
induced by training with external stimuli. As a general set-up, we consider heterogenous glob-
ally coupled networks composed of N = 100 QIF neurons, each neuron receiving weak and
independent Gaussian noise. The neurons with labels in the interval i∈ [0 ∶ 79] are excitatory
and those labelled i∈ [80 ∶ 99] are inhibitory. We consider the neurons to be non-identical
with their excitabilities normally distributed, leading to spontaneous firing frequencies in
the range [0,8] Hz. Synaptic weights wij from the j-th pre-synaptic neuron to the i-th post-
synaptic one are subject to STDP, with weights bounded in the interval wij ∈ [0, 1] for exci-
tatory pre-synaptic neurons and in the interval wij ∈ [–1, 0] for inhibitory ones. See Methods
for more details.

The stimulation protocol consists of three stages, as illustrated in Fig 1A : an initial resting
phase followed by a learning period and a final consolidation phase. The simulations are per-
formed by ensuring the model respects some biologically realistic conditions: (i) the networks
are allowed to continue their spontaneous activity after the learning phase; (ii) the adaptation
of the synaptic weights is always active throughout the whole simulation, i.e., before, during
and after the learning.
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Fig 1. Emergence of modular connectivity by learning two selective stimuli in spiking networks. (A) Experimental proto-
col consists of the stimulation of two non-overlapping neuronal populations of QIF neurons with plastic synapses. Networks
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are made of 80% of excitatory and 20% of inhibitory neurons. Stimuli are presented in temporal alternation. Results of the
performed numerical experiments are reported for a network with all anti-Hebbian inhibitory neurons (B); with all Hebbian
inhibitory neurons (C); with 50% anti-Hebbian and 50% Hebbian inhibitory neurons (D). Raster plots display the firing times
of excitatory (red dots) and inhibitory (blue dots) neurons during the simulations. Matrices represent the temporal evolution
of the connection weights at different times: t = 0s (random initialization of the weights), t = 20s (middle of the learning
phase) and t = 40s (end of the learning phase). The color denotes if the connection is excitatory (red), inhibitory (blue) or
absent (white) and the color gradation the strength of the synaptic weight. The final configuration of the connection weights
is shown schematically on the right in each case.

https://doi.org/10.1371/journal.pcbi.1012973.g001

Initially, despite the network being globally coupled the weights are randomly assigned
with small positive (negative) values for excitatory (inhibitory) synapses. The system is left
to relax for five seconds in the absence of external stimuli. During this stage the network
stabilizes into an asynchronous state with the neurons firing irregularly at low frequencies,
as shown in the raster plots corresponding to the time interval [0 ∶ 5] seconds in Fig 1. The
emergence of the asynchronous irregular dynamics in our globally coupled model is due
to the heterogenous distribution of the excitabilities and of the weights, and the external
noise. However, a similar dynamics can be observed in networks of identical neurons (same
excitabilities) with random connectivity, as shown in S6 Text and in [31,38,44].

During the learning phase two independent stimuli are applied, each targeting a different
(non-overlapping) neuronal population, as shown in Fig 1A. This is done in order to mimic
the segregation of (sensory) information being projected to nearby but separate neuronal
populations, and to study the role of this segregation for the emergence of modular neuronal
architectures. In particular, one stimulus targets population P1 consisting of the first half
of excitatory and inhibitory neurons labelled as E1 ∶= {i∈ [0 ∶ 39]} and I1 ∶= {i∈ [80 ∶ 89]}.
The second stimulus targets population P2 consisting of the second half of excitatory and
inhibitory neurons, E2 ∶= {i∈ [40 ∶ 79]} and I2 ∶= {i∈ [90 ∶ 99]}.

The two stimuli are applied for a time duration of one second, randomly alternating
between the two populations P1 and P2. During each stimulation period, a constant exter-
nal positive current is applied to the selected population for 800 ms. The stimulus triggers the
target neurons to fire at about 50 Hz. After 800 ms the external current is turned off and the
network is left to relax for other 200 ms in order to prevent temporal correlations when alter-
nating between stimulated populations. This protocol is repeated 35 times for a total of 35
seconds. Once the training phase is finished, the network is allowed to evolve freely for 20 sec-
onds in the absence of stimuli. During this phase, however, the synaptic adaptation remains
active thus affecting the stabilization of the learned patterns.

Role of Hebbian and anti-Hebbian learning for the emergence of modular connectivity
To explore the role played by the inhibitory neurons in the learning process, we study three
different scenarios: (a) all inhibitory neurons follow anti-Hebbian STDP, (b) all inhibitory
neurons follow Hebbian learning, and (c) a mixed situation where 50% are Hebbian and 50%
anti-Hebbian.

(a) Anti-Hebbian inhibition. In the case with only anti-Hebbian inhibitory plasticity, the
network develops into a winner-takes-all architecture promoting the competition of the
two sub-populations P1 or P2 on the other one, as shown in Fig 1B. In order to describe
the mechanism leading to this architecture, imagine that population P1 is stimulated,
consequently all its neurons become active and fire with high frequency. Therefore
all the connections E1→{E1, I1} are reinforced due to the Hebbian nature of the pre-
synaptic excitatory neurons. At the same time, all the inhibitory synapses I1→{E1, I1}
are weakened because they are anti-Hebbian. During the stimulation of P1, the neurons
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in populations P1 and P2 are far from being mutually synchronized, therefore the con-
nections E1→{E2, I2} are weakened while I1→{E2, I2} reinforce. The random alterna-
tion of the stimuli to populations P1 and P2 induces a gradual emergence of a modular
structure, as visible in the connectivity (weight) matrices at times t = 20 sec and t = 40
sec in Fig 1B.

The resulting architecture promotes the competition between the two excitatory
populations E1 and E2 and the alternating prevalence of one of them. For example,
stimulation to E2 would activate the companion inhibitory neurons through the feed-
forward connections (E2→ I2) which, in turn, would shut down all neurons in P1 via
the strong I2→{E1, I1} connections. This is visible in the raster plot in Fig 1B : as the
training progresses (t = 5 – 40 sec), the neurons of the stimulated population fire at high
frequency but the neurons of the non-stimulated one are silenced.

(b) Hebbian inhibition. In the presence of only Hebbian inhibitory neurons the network
also develops a modular organization, however in this case the two populations become
disconnected from each other, Fig 1C. Analogously to the previous case, the stimula-
tion of one population (e.g., P1) results in the strengthening of the intra excitatory con-
nections (increase of E1→{E1, I1} synaptic weights) and the weakening of the inter
excitatory connections across different populations (decrease of E1→{E2, I2} weights).
However, the Hebbian inhibitory plasticity now induces the strengthening of the inter-
nal inhibitory connections I1→{E1, I1} and the weakening of the inhibitory synapses
across populations. The disconnection of the two populations happens gradually during
the learning phase. As shown in the raster plot in Fig 1C, during the initial stimulation
epochs, the stimulated population shuts down the activity of the non-stimulated popu-
lation. But as the training proceeds, the two populations detach one from the other and
the non-stimulated population begins to display a low firing resting-state activity.

(c) Mixed inhibition. In the last case with mixed anti-Hebbian and Hebbian inhibitory neu-
rons, the network also develops two modules, but, as shown in Fig 1D, the resulting
connectivity is a combination of the two configurations observed in the previous cases.
The Hebbian neurons form self E–I loops within each population (i.e. E1 – IH1 and E2

– IH2 ). This internal feedback inhibition avoids that the excitatory neurons fire at too
large rates. Meanwhile, the anti-Hebbian inhibitory neurons form lateral, feed-forward
connections which shut down the firing of the other population, in other terms the
sub-population IA1 (IA2 ) inhibits all neurons in P2 (P1).

Resting-state network dynamics after learning So far, we have shown that selective stim-
ulation to distinct populations consistently gives rise to modular networks and that the result-
ing configuration depends on the type of plasticity affecting the inhibitory neurons. However,
the relevance or plausibility of a learning model should also require that the network exhibits
a biologically meaningful dynamical behaviour after training [27,28,31–34,38].

(a) Anti-Hebbian inhibition. In the simulations with anti-Hebbian inhibitory STDP, the
neuronal activity in the post-learning stage (t>40 sec) is dominated by one of the two
populations. In Fig 1B, P2 is active and P1 is silent. But this randomly changes over real-
izations. In general, once the training stage is finished, all neurons start to fire sponta-
neously driven by the background Gaussian noise. The excitatory sub-population that
attains a larger level of internal activity earlier is the one that wins. Due to the lack of
internal feedback inhibition (I1 ↛ E1 or I2 ↛ E2) the winning excitatory sub-population
fires rapidly and the companion inhibitory neurons (strongly stimulated) suppress the
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activity of the other population: e.g. if the neurons in E2 fire faster than those in E1 the
sub-population I2 inhibits both E1 and I1.

(b) Hebbian inhibition. In the case with Hebbian inhibitory neurons, we found that the
two populations P1 and P2 become independent, each forming a feedback E–I loop. The
presence of the internal feedback inhibition allows the two populations to settle into a
resting-state behaviour after training that is characterized by a low firing frequency of
approximately 1.0 Hz, as visible in the raster plot of Fig 1C, for t>40 sec. Interestingly,
brief events of internal partial synchrony of the two populations are also observed.
While in the case with only anti-Hebbian inhibition such a synchronized event would
trigger the excitatory neurons to permanently increase their firing, here the presence of
the internal feedback inhibition (I1→ E1 and I2→ E2) avoids the constant synchroniza-
tion of excitatory neurons, while it keeps their activity at low frequency.

(c) Mixed inhibition.The post-learning behaviour in the mixed scenario is very similar to
the Hebbian case, as shown in Fig 1D. However, in this case populations P1 and P2 are
not independent but they inhibit each other. As a consequence, an event of partial syn-
chrony occurring in one of the two modules temporarily shuts down the other module,
avoiding their mutual synchrony. Given that the plasticity remains active during this
post-learning spontaneous activity, the connection weights continue to be updated. As
we will discuss in the following, the occurrence of these spontaneous synchronization
events plays a relevant role in the maintenance of the learned memories.

In summary, despite modular organization of the connectivity was found to emerge in the
three considered scenarios, only the combination of anti-Hebbian and Hebbian inhibitory
neurons resulted in a network satisfying all the desired biologically plausible properties. Anti-
Hebbian inhibition alone led to a network with unrealistic post-learning dynamics. Hebbian
inhibition alone gives rise to a biologically meaningful resting-state behaviour but at the cost
of splitting the network into two disconnected populations. Therefore, in the following we will
limit to consider the mixed scenario, with both anti-Hebbian and Hebbian inhibition.

The numerical experiments presented so far were repeated for a variety of special cases
in order to validate the robustness of the results and the model: namely, (i) some of the neu-
rons are not trained by stimuli (see S1 Text), (ii) at every stimulation epoch random subsets
of neurons are targeted (see S2 Text), (iii) the intensity of the stimulation current is randomly
fluctuating (see S3 Text), (iv) the network is composed of a large number of neurons, and (v)
the neurons are randomly connected with an Erdös-Reniy distribution of the directed links
(see S6 Text).

Spontaneous recalls support consolidation and long-termmaintenance
of memories
Given that in our model plasticity is not frozen after training—but it is left active afterwards—
we now investigate the potential role of the spontaneous events observed during the post-
learning resting-state for the consolidation and maintenance of the memories. We will refer
to these events asmemory recalls. First, we will show that the recalls facilitate the completion
of imperfectly learned memories and, second, we will study their role for the regeneration of
memories that have been partially lost.

Memory consolidation In order to mimic a hypothetical scenario in which the train-
ing stage would stop before completion, we prepared an initial weight matrix representing an
imperfectly learned connectivity structure. An example of this weight matrix is shown at t = 0
in Fig 2A. Specifically, the intra-modular synaptic weights are set to wE = 0.7 for excitatory
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Fig 2. Consolidation of imperfectly learned memories. (A) Temporal evolution of the connectivity matrix during spontaneous activity in the absence of
stimulation. Initial connectivity with two unfinished modules at t = 0 is reinforced over time. The excitatory (inhibitory) connections are marked as in Fig 1.
(B) Evolution of the distribution of link weights (probability density functions, PDFs, in a linear-logarithmic scale) in the connectivity matrices at t = 0s (light
green), t = 400s (cyan) and t = 4000s (magenta). (C-J) Evolution of the network activity and various metrics in absence of stimulation for a sample of 30 seconds.
Some spontaneous recalls are highlighted, for population P1 (green shade) and P2 (orange shade). Pink shadow marks an epoch of asynchronous irregular firing
activity without recalls. (C) Raster plot with excitatory (inhibitory) neurons marked in red (blue). (D) PDFs of the coefficient of variations CVi for all the neurons
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during the entire simulation (grey) and for a homogeneous Poisson process (yellow). (E) Instantaneous Kuramoto order parameters R for the networks (gray) and
for neurons in population P1 (green) and P2 (orange), and their corresponding PDFs over the entire simulation (F). (G) Temporal evolution of the mean firing
rates for populations P1 and P2, and (H) their corresponding frequency distributions (in linear-logarithmic scale) showing a peak at 2 Hz and long time tail. (I)
Instantaneous change rates of synaptic weights in both populations P1 and P2 over time and their PDF (in linear-logarithmic scale) (J) over the entire simulation
time, showing the prevalence of positive weight changes (reinforcement) with respect to negative ones (depression).

https://doi.org/10.1371/journal.pcbi.1012973.g002

and to wI = –0.7 for inhibitory connections. The inter-modular excitatory (inhibitory) connec-
tions are chosen randomly from a Gaussian distribution with mean 0 and standard deviation
0.15 restricted to positive (negative) values.

Once fixed the initial weight matrix, the activity of the network is then left evolve sponta-
neously, driven only by the background Gaussian noise. However, we observe that the mod-
ular organization of the network is reinforced: the intra-modular synaptic weights of the two
populations are strengthened and the inter-modular synapses are weakened, as shown by the
weight matrices displayed in Fig 2A and the corresponding weight distributions in Fig 2B at
t = 400 sec and t = 4000 sec.

The mechanism allowing for the completion of the connectivity pattern is summarized in
Figs 2C-J. Panel C shows a 30 seconds sample of activity of the network. This is characterized
by an asynchronous irregular evolution with low firing spontaneous activity joined to occa-
sional spontaneous recalls occurring at random times. This observation is confirmed by the
fact that the background activity is characterized by a distribution of the coefficient of varia-
tions CVi of the neurons in the interval [0.8 ∶ 1.0] (panel D, grey distribution) lying close to
a Poisson process (in yellow), thus resembling the irregular activity observed in the cortex in
vivo [55]. The synchronization order parameter of the network R fluctuates in time with val-
ues around 0.2 (panel F, gray distribution), meaning that the network is far from being syn-
chronized. As a matter of fact, for an asynchronous network of N = 100 neurons, due to finite
size fluctuations the expected value of the order parameter will be not far from the one here
measured, namely R≃ 1/

√
N = 0.1. Finally, the distribution of firing rates displays a main

peak around 2 Hz and an exponential tail reaching at most 20 Hz (panels G and H).
During spontaneous recalls, the transient increase in synchrony and firing rates of a sub-

set of the neurons (in one of the two clusters) triggers the activation of their synaptic adap-
tation (panel I), reshaping the synaptic weights and completing the formation of the mod-
ular patterns. The specific neurons participating in a recall changes from event to event but
they tend to involve a majority of neurons of either population P1 or P2; see for example the
events highlighted by green and orange shadows. The recalls coincide with transient peaks of
the order parameter and of the mean firing rates of the populations involved (panels E and
G, green lines). Consequently, P1 and P2 are internally more synchronized than the network
average, with their order parameters fluctuating around 0.4 (panel F), and a broad distribu-
tion of firing rates (panel H). The similarity between the PDFs for populations P1 and P2 evi-
dences that recalls occur—on average—with the same probability in both populations. Over
time, the net effect of recalls is that the intra-modular synapses between neurons of the same
population become reinforced while the inter-modular connections are weakened.

At this point, we remind that our model incorporates a natural, slow tendency to forget
the value of the synaptic weights. Therefore, the question arises of how often should spon-
taneous recalls happen—and how strong should they be—in order to avoid the forgetting of
the learned memories. In the example considered here, the weights between the neurons of a
population undergo a natural depression during epochs of the resting-activity without recalls
(pink shadow in Fig 2C). For the used parameters, a forgetting term of f = 0.1 and an average
spontaneous firing rate of 2 Hz, we estimate that a period of ≃ 11 seconds of asynchronous
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firing would be required to forget the contribution of a single recall event (for more details on
the calculus see S9 Text). The dominance of the reinforcement during recalls with respect to
depression during the asynchronous irregular epochs is confirmed by the asymmetry in the
distribution of positive weight change rates over negative ones, Fig 2J.

In summary, we can conclude that, in our model, spontaneous recalls happening during
resting-state activity allow for the consolidation of imperfectly learned memories as well as for
their long-term maintenance against natural forgetting [31,38].

Regeneration of damaged excitatory and inhibitory connectivity Empirical observa-
tions have shown that excitatory synapses are more volatile than inhibitory ones [56,57], lead-
ing to the hypothesis that reorganization of excitatory connections might be associated with
short-term plasticity while inhibitory adaptation might support the long-term maintenance of
those memories [58–61]. We now test the plausibility of this idea in our model.

We consider a first case where the weights of the excitatory synapses (wEE and wIE) are ini-
tially randomized between 0 and 1, but the values of the weights of the inhibitory synapses
coincide with those obtained as after the training stage. See the weight matrix for t = 0 in
Fig 3A. The network is then let to evolve spontaneously for 24 hours, driven only by the back-
ground Gaussian noise. After one hour of simulated time, the excitatory connections have
partially recovered the original modular pattern (see the weight matrix for t = 1h in Fig 3A).
This recovery is clearly mediated by the spontaneous recalls as illustrated in the raster plot in
Fig 3A. Whenever a sufficiently large group of excitatory neurons (associated to one of the
previously learned memories) fire in a short time window, this event activates the inhibitory
neurons associated to the corresponding memory items and triggers a partial recall via the
feedback and feed-forward mechanism previously explained. Consequently, the excitatory
synapses involved in the recalled memory are partially reinforced while all other connections
are weakened. The structure of the inhibitory weights appears to be deteriorating due to the
more disordered activity observed in the network. As a result, in the long-term (t = 12h and
t = 24h), the modular connectivity structure encoding the stimuli is completely lost. There-
fore, the maintenance of the inhibitory weight structure is sufficient for the (partial) recovery
of the memory items over an intermediate time scale only.

The experiment was repeated but randomizing only the inhibitory weights (wEI and wII,
the corresponding weight matrix is shown at t = 0 in Fig 3B), the memorized pattern is fully
recovered and maintained at all times. The main reason for this difference is related to the fact
that when the excitatory synapses are preserved, the network displays a more sparse activity
than with initially randomized excitatory connections. In the latter case, there are more inter-
actions among excitatory neurons and this gives rise to a background activity involving most
of the excitatory neurons. Therefore, one finally obtains a weight matrix with a more disor-
dered structure (see in Fig 3A weight matrix at t = 1h), which becomes unstable after several
hours of spontaneous activity. Another reason of this difference is related to the asymmet-
ric 80–20% E/I ratio, leading to notably different spontaneous firing frequencies—and recall
probabilities—when either the excitatory or the inhibitory synapses are randomized.

Finally, the experiment is repeated by randomizing all weights except the excitatory to
excitatory connections (wEE), in Fig 3C. In the initial moments of the simulation, again we
observe the spontaneous recall of excitatory neurons, but the inhibitory neurons due to the
random distribution of the E→ I connections are now randomly associated to one of the two
clusters. This leads to a slightly different organization in the connectivity matrix than before,
but with a similar architecture.

These results show that the conservation of the excitatory to excitatory E→ E connections
is indeed sufficient to maintain and reconsolidate the structure. Furthermore, our analysis
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Fig 3. Recovery of damaged modular structure by spontaneous recalls. A Recovery experiment starting from randomized excitatory
(A), inhibitory (B), or inhibitory plus excitatory-inhibitory (C) synaptic connections. In all the three cases, we study the partial recovery
of the original modular organization of the synaptic weights over time. This recovery is mediated in all the cases by the emergence of
spontaneous recalls, —transient events of partial synchronization between neurons associated with one of the two originally stored
memories, highlighted in green for cluster 1 and orange for cluster 2.

https://doi.org/10.1371/journal.pcbi.1012973.g003
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suggests that memory items can be encoded in different types of connections with different
effects on the intermediate or long-term storage and on the efficiency of recovering, which
may echo the different types of memories present in the brain.

Generalization of the model to more complex situations
So far, we have illustrated the results for networks trained with two stimuli, applied at separate
neuronal sub-populations. We will now show that the model can be generalized. Firstly, the
model is trained to an increasing number of memories in order to estimate its memory capac-
ity. Secondly, the stability of the model is validated for larger network sizes and more stim-
uli, and lastly, we demonstrate the emergence of hub neurons by training the network with
overlapping memory items.

Memory capacity of the model We begin by repeating the protocol in Fig 1D but now
training the network toM = 4 non-overlapping stimuli, as shown in Fig 4A. We observe the
same qualitative results as in the case with 2 stimuli, the only difference is that now four mod-
ules emerge in the connectivity matrix. Also in the present situation, the four neuronal assem-
blies display spontaneous recalls during the post-learning resting-state phase. A minor dif-
ference is that now the 20 inhibitory neurons split into 8 sub-populations, each made of 2 – 3
anti-Hebbian and Hebbian neurons. This opens the question of the memory capacity of the
network, which seems limited by the number of inhibitory neurons.

In order to estimate the memory capacity of our model, we examine the ability of the net-
work to store and recall an increasing number of memory items while varying the ratio of
excitatory to inhibitory neurons. Specifically, connectivity matrices were initialized contain-
ing an arbitrary numberM of memory items (modules), fromM = 0 toM = 100, and by vary-
ing the number of inhibitory neurons from NI = 0 to NI = 100. Since the size of the network is
maintained constant to N = 100, the number of excitatory neurons is varied consequently as
NE = 100 – NI. A network storingM memory items is considered stable if (i) it displays asyn-
chronous irregular firing and (ii) all the memory modules exhibit independent spontaneous
recalls. A network withM memories is considered unstable if at least one of the modules does
not exhibit recalls and therefore disappears in the long-term.

The results are summarized in the stability diagram in Fig 4B. The red line separating the
stable and the unstable regimes evidences that at least 2M inhibitory neurons are needed to
holdM memories. This result implies that the network can learn and stabilize a maximum
ofM⋆ =N / 3 = 33 memories (marked by a cyan star in Fig 4B). In particular, this maximal
capacity corresponds to the case with NI = 66 inhibitory neurons, 33 of them anti-Hebbian
and 33 Hebbian, and NE = 33 excitatory neurons. A simulation for this limit case is shown in
S7 Text. Therefore, we conclude that in our model, the minimal condition for a memory to
be robustly encoded and recalled is that the memory is associated to a triplet, made of at least
one excitatory neuron, one Hebbian and one anti-Hebbian inhibitory neuron. For example, to
storeM = 20 memories (magenta dashed line in Fig 4B) the network needs to contain at least
20 excitatory neurons and 40 inhibitory neurons (20 Hebbian and 20 anti-Hebbian).

In sub-optimal scenarios, we find that for a given number of memory itemsM <M⋆, dif-
ferent E/I ratios can guarantee the long-term maintenance of the memories (connectivity
patterns). All the possible E / I ratios respecting these constraints can give rise to configu-
rations in which theM = 20 memories are robustly stored. This amounts to have the excita-
tory to inhibitory ratio ranging from NE /NI = 20 / 80 = 0.25 up to 60 / 40 = 1.5, where the
total number of neurons is maintained equal to N = 100. For a case withM = 10 memories
(green dashed line), the interval of acceptable ratios widens from NE /NI = 10 / 90 = 0.111
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Fig 4. Memory capacity of the model. (A) Training the network withM = 4 non-overlapping stimuli. The green, orange, pink and cyan
brackets represent clusters 1, 2, 3 and 4. Results are qualitatively the same as for the example with two memory items. (B) Stability diagram
of the model for a network of N = 100 neurons. The red lineM =NI/2 separating the stability (orange) and instability (purple) regions,
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represents an upper limit for the number of inhibitory neurons (NI = 2M) needed to maintainM independent memory items. The num-
ber of excitatory neurons in each realization is NE = 100 – NI delimiting the non-accessible areas (white region) of the diagram. The star
symbol marks the maximal memory capacity of the network, corresponding toM⋆ = 33 items with N⋆

I = 66 inhibitory neurons (cyan lines,
33 anti-Hebbian and 33 Hebbian). Magenta and light-green lines highlight the ranges of number of inhibitory neurons (and therefore of
the NI/NE =NI/(100 – NI) ratios) that allow the stabilization ofM = 20 andM = 10 memory items, respectively. (C) Table comparing the
number of neurons and E/I ratios of different parts of the human [62–74] and mouse [75–77] brain and their hypothetical memory capacity
obtained by extrapolating the results of our model.

https://doi.org/10.1371/journal.pcbi.1012973.g004

to 80 / 20 = 4. In summary, given that each memory requires a triplet of neurons, the mem-
ory capacity of our model is limited by the size of the smaller population of neurons, i.e.
min [NE,NA

I ,NH
I ]. For a network with the typical E to I ratio of 80/20, it implies that its mem-

ory capacity is controlled by the number of inhibitory neurons instead of the number of exci-
tatory neurons.

The analysis of a few test cases reported in S4 Text forM = 4 memory items confirms the
validity of the upper limitM = 2NI. In particular, in S4 Text we studied the following situa-
tion: (i) each memory pattern is associated to one Hebbian and one anti-Hebbian inhibitory
neuron, (ii) one memory pattern is missing an anti-Hebbian inhibitory neuron, and (iii) one
memory item is missing one Hebbian inhibitory neuron.

The flexible relation between memory capacity and E/I ratios found in our model invites to
question why would nature favour the specific E/I ratios observed in the mammalian brains,
and whether these ratios might be related to their memory storage. To explore this question
we computed the hypothetical memory capacities of the human and mouse brains, extrapolat-
ing the predictions from our model. Moreover, given that different parts of the brain are made
of distinct number of neurons and E/I ratios, we extended the calculations to distinguish the
cortex, the cerebellum and a few subcortical regions. The results are shown in Fig 4C. The
80/20 excitatory to inhibitory ratio—which is mostly representative for the cerebral and cere-
bellar cortices—implies a hypothetical memory capacity ofM = 0.1N, well below the theoret-
ical maximal capacity ofM⋆ = 0.33N. Still, given that the cortex and the cerebellum contain
most of the neurons in the brain, in absolute terms this would imply that the human cortex
and cerebellum have memory capacities ofMctx ≈ 1.6 × 109 andMcer ≈ 7.0 × 109 respectively,
andMctx ≈ 2.2 × 106 andMcer ≈ 10.5 × 106 in mice. Rather surprisingly, we find the lowest
memory capacity in the Hippocampus, withM = 0.050N andM = 0.025N in humans and mice
due to a reduced fraction of inhibitory neurons. The amygdala lies among the regions with
largest memory capacity,M = 0.15N andM = 0.2N for humans and mice. This particularity
of the amygdala could be related to the fact that this area is involved in the formation of emo-
tional memories [78]. Nevertheless, the amygdala contains few neurons as compared to other
regions, hence its absolute capacity would be definitely smaller.

Robustness of the model for larger network sizes trained with multiple stimuli The
stability of a neuronal network can be compromised by the network size and the number of
memories stored. Hence, to validate the robustness of our model we considered a network of
1000 neurons trained with 10 stimuli, Fig 5A. After training, the network was left to evolve
spontaneously for a period of 4 hours. In Fig 5B, we observe the formation of 10 modules
among the excitatory connections, each one associated with one group of Hebbian and one
group of anti-Hebbian inhibitory neurons. The weight matrices remain practically unaltered
over time up to 4 hours. This is additionally evidenced by the stability of the mean inter- and
intra-cluster weights, see Fig 5C.
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Fig 5. Stability of a network of N = 1000 neurons trained with M = 10 stimuli. (A) Post-learning raster plots of the neuronal activity at times: t=0h, t=2h and
t=4h. In each plot, the spike count, normalized to the total number of neurons N and estimated over time bins of 0.2 sec, is displayed below the time axis. Selected
spontaneous recalls are highlighted by colored shadows while a peak of global activity is highlighted by a grey shadow. Some of these events are zoomed on the
right side of the panels. (B) Post-learning weights matrices at times: t=0h, t=2h and t=4h. (C) Post-learning evolution of mean intra- (solid lines) and inter-
(dashed line) clusters weights for excitatory to excitatory (E-E dark red), excitatory to inhibitory (E-I red), anti-Hebbian inhibitory to excitatory (A-E dark blue),
anti-Hebbian inhibitory to inhibitory (A-I cyan), Hebbian inhibitory to excitatory (H-E blue) and Hebbian inhibitory to inhibitory (H-I steel blue) connections.

https://doi.org/10.1371/journal.pcbi.1012973.g005
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The stability of the learned patterns depends on a few ingredients. On the one hand, the
modules remain stable without merging or drifting [17]. This is possible because the anti-
Hebbian inhibitory neurons ensure that recalls only occur one module at a time, depress-
ing the other modules. If two modules were to undergo a recall simultaneously, their mutual
synapses would become reinforced, causing their merging over repeated simultaneous events.
Indeed, the spike counts remain below 5% of the network size, meaning that more memories
are never fully recalled at the same time and that the network is far from being fully synchro-
nized. This despite the occurrence of sporadic peaks of activity spread over the whole net-
work, which however appear to be quite sparse (see the zoom of the grey shadowed interval in
Fig 5A). A closer look at various recall events (see the enlargements of the coloured intervals
in Fig 5A) shows that, usually, only the neurons of a given memory fire within a time window
of 0.2 seconds.

On the other hand, for the modules to be maintained, a sufficient frequency of recalls is
necessary. As just mentioned, only one module at a time can display a recall. Thus, the more
memories are stored, the less frequently each module will be recalled. In consequence, the
long-term maintenance of the modules is possible as long as the forgetting term f is suffi-
ciently small, and inversely proportional to the number of modulesM, (see S9 Text for a more
detailed discussion). This experiment has also been repeated for different network sizes and
number of stimuli, see S8 Text.

Formation of hubs by training to overlapping memories We finish the investigation of
the model by considering the case in which two stimuli entrain an overlapping set of excita-
tory neurons and explore the possibility that these could encode for more than one stimu-
lus [17,34,36–38]. This would correspond to a “mixed selectivity” scenario as it is often found
in neurons of the prefrontal cortex [79,80]. During the training stage, populations P1 and P2

are now allowed to share eight excitatory neurons, see Fig 6A. Furthermore, stimulation to P1

and P2 is strictly alternated in order to facilitate the formation of the connections, instead of
selecting randomly between P1 and P2, as done in the previous simulations.

The results in Fig 6B are similar to the ones before only that besides the formation of two
clusters, now a set of structural hub neurons emerge in the connectivity matrix. These exci-
tatory hubs are strongly connected to both modules. They are weakly affected by the feed-
forward anti-Hebbian inhibition (since they belong to both populations), but are notably
affected by the feedback Hebbian inhibition of the two populations. Fig 6C shows a schematic
diagram of the initial and of the resulting connectivity.

Regarding the post-learning resting phase, see raster plot of Fig 6B, the network displays
again a stable low-frequency asynchronous firing activity but with richer spatio-temporal pat-
terns than in the previous examples. The spontaneous recalls are more varied now with events
displaying: (i) synchronous spiking of one population including the hubs (event shaded in
green), (ii) synchronous spiking of the population without the hubs (event shaded in orange),
and (iii) synchronous spiking of the hub neurons alone (event shaded in pink). S5 Text shows
similar results for a network trained withM = 4 overlapping stimuli.

In conclusion, the introduced model can be generalized to account for neurons that admit
persistent mixed selectivity. This shows that, besides modular organization, the model can
also incorporate centralized hierarchical organization which is a necessary ingredient for inte-
gration [1,3,8,9]. In a previous study, based on phase oscillator models coupled via gap junc-
tions and in presence of phase-difference-dependent plasticity (PDDP), the mixed selectivity
was only a transient phenomenon. Indeed in Ref. [36], the PDDP tends to merge the hubs to
one of the shared memories in the long-term, while in the spiking network with STDP here
considered, the hubs are stable features of the connectivity structure.
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Fig 6. Training the network with overlapping stimuli. (A) Experimental protocol for a network of N = 100 neurons trained withM = 2 stimuli that share
8 excitatory neurons. (B) Simulation and learning results. Connectivity matrices show the evolution of the synaptic weights leading to the emergence of
two modules which overlap over 8 hub neurons. The raster plot shows the simulated neuronal activity of the network during the initial resting phase, the
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learning stage and the post-learning period. The activity during the post-learning phase is characterized by a variety of spontaneous recall events involving
P1 neurons and the hubs (green shadow), P2 neurons without the hubs (orange shadow) and the hubs alone (pink shadow). (C) Schematic diagrams repre-
senting the formation of the synaptic connectivity with two stable populations of neurons and overlapping hubs. Each population is composed at least of a
population of excitatory neurons Ex and a population of hub neurons H (in red), one population of Hebbian inhibitory neurons IHx and one population of
anti-Hebbian inhibitory neurons IAx (in blue) (x = 1, 2). Dashed circles identify groups of neurons admitting synchronization events (memory recalls).

https://doi.org/10.1371/journal.pcbi.1012973.g006

Summary and discussion
The architecture of brain’s connectivity, the dynamics of neural populations and the learning
capacities of neural networks are three fundamental topics of computational neuroscience.
However, these topics are too often investigated separately one from another. In line with the
research presented in [31–33,38], our aim here was to develop a learning model that exhibits
the emergence of relevant architectural features but which remains alive in all phases. Mean-
ing that neither the dynamical activity nor the plasticity evolution were frozen once the train-
ing is finalized. This is also referred as continuous learning. The model displays realistic firing
patterns after the learning phase while the synaptic plasticity remains active—as it is the case
in the brain in-vivo.

To achieve these objectives, we have introduced a network of excitatory and inhibitory
QIF neurons with plastic synapses following simple STDP rules based only on local infor-
mation, i.e. the pre- and post-synaptic spike times [45]. By targeting stimuli to distinct sub-
populations—mimicking the segregated projections of different features into early sensory
layers—the network developed a stable modular connectivity. Moreover, by allowing the stim-
uli to target also neurons in overlapping sub-populations, we observed the emergence of hub-
like neurons displaying mixed selectivity. Furthermore, the learned connectivity patterns were
robust against catastrophic forgetting over time despite plasticity remained active after the
learning phase, and in the absence of any homeostatic or control mechanisms, in contrast
to previous analyses [31–33,38]. As a matter of fact, we found that the key factor to guaran-
tee the reinforcement and the long-term maintenance of the memories was the spontaneous
occurrence of transient memory recalls in the post-learning neural dynamics. These events
occurred at random times on top of an otherwise asynchronous and irregular background
neuronal activity. In particular, the recalls acted as short, punctuated boosts to the synaptic
adaptation which allowed the memory patterns to persist against natural forgetting.

The role of feedback and feed-forward inhibition
Inhibition has often been considered to play a mere control function by avoiding patho-
logical situations characterized by extremely high firing activity [81,82]. In our model,
instead, inhibition also plays an active role in the formation and stabilization of the memo-
ries. Consequently, the memory capacity of the model not only depends on the number of
excitatory neurons, but also on the number of inhibitory ones. Although inhibitory neurons
account for only around 20% of neural cells in the human brain, GABAergic interneurons
represent the majority of sub-classes present in the brain [83]. There is substantial evidence
that inhibitory cells are regulated by different types of synaptic plasticity [84,85] promoting,
for example, the creation of feed-forward [51,86] and feedback inhibitory circuits [52,86].
However, whether a direct relation exists between the type of plasticity and the various func-
tionalities of inhibitory neurons is yet largely to be clarified [87]. Accordingly, we opted for
exploring the behaviour of the model under Hebbian and anti-Hebbian inhibition.

During the training, the Hebbian inhibitory neurons formed internal feedback loops
(with the excitatory neurons targetted by the same stimulus, Figs 1C and 1D) while the
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anti-Hebbian neurons formed lateral feed-forward connections (across the populations that
were targetted by different stimuli, Figs 1B and 1D). As a consequence, the Hebbian feed-
back inhibition turned responsible for controlling the firing rate of the populations, which
is crucial for the stabilization of the network activity into a realistic asynchronous irregular
dynamics [40,88] and to prevent abnormal behaviour, e.g., the pathological high frequency
firing observed in Fig 1B. Meanwhile, the anti-Hebbian feed-forward inhibition mediates the
competition and selective activation across populations by, e.g., allowing the stimulated pop-
ulation (the stored memory item) to silence the activity of the other populations, representing
other memory items.

These results resonate with recent empirical and modeling observations. Lagzi, et al. [42]
showed via in-vitro experiments that parvalbumin-expressing (PV) and somatostatin-
expressing (SOM) interneurons of the mouse frontal cortex follow symmetric and asymmetric
Hebbian STDP respectively. Subsequent modeling suggested PV neurons to mediate home-
ostasis in excitatory activity, while SOM neurons build lateral inhibitory connections pro-
viding competition between excitatory assemblies. Guy et al. [87] performed in-vivomea-
surements of the responses of PV, SOM and vasoactive intestinal peptide-expressing (VIP)
interneurons at the mouse barrel cortex and found differentiated angular selectivity func-
tionality for each neuron type. In particular, whisker stimulation evoked direction-selective
inhibition in a majority of SOM interneurons.

Previous models have compared the function of Hebbian and anti-Hebbian plasticities
but these were investigated either separately [40,89–91] or assuming that one inhibitory
neuron can be susceptible for both plasticity types [32]. Here, we considered two popula-
tions of inhibitory neurons—one population subject to Hebbian plasticity and the other to
anti-Hebbian—and thus, we studied their joint impact on the adaptation and the dynami-
cal behaviour of a neuronal network, allowing us to naturally associate both types of plas-
ticity with given functions. In our model the feedback and feed-forward inhibitory circuits
emerged spontaneously—through adaptation—and were not imposed a priori. In the light of
our results, we conclude that the coexistence of Hebbian and anti-Hebbian inhibition is deci-
sive for the formation of stable memory-related structural modules (assemblies) and for the
onset of spontaneous memory recalls in the neuronal activity.

The relevance of spontaneous recalls
The consolidation and long-term preservation of memories involve neurochemical changes
that are modulated by the dynamical activity of the neurons and their neighbours [92–94].
Cortical and hippocampal activity during REM and non-REM sleep is characterized by low
and high frequency firing events [95,96] that are relevant for the consolidation of daytime
experiences [97–103]. The cortical activity during resting awake is typically characterised by
asynchronous irregular dynamics, facilitating the integration of various sensory inputs and
the formation of new associations between different information sources [104,105]. Addi-
tionally, short and random events of partial synchronous activation—occurring on top of the
irregular firing background—are associated to spontaneous memory recalls (or retrieval) [39]
and to the consolidation [40–42] of learned memories.

Once the learning phase has finalized, the dynamical behaviour of our model resembles
that of awake resting-state in-vivo (Figs 2C-J). It shows both a persistent asynchronous irreg-
ular activity with low firing (≈ 0.0 – 5 Hz) and punctuated events of transient synchrony
of higher rates (≈ 8 – 15 Hz). The STDP rules are effective models of the relation between
the dynamical activity of neurons and the underlying biochemical processes leading to
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synaptic plasticity [47]. STDP stresses that these biochemical changes—either for depres-
sion or potentiation—take effect primarily when neurons fire concurrently within short time
windows. In consequence, if the activity of a group of neurons is uncorrelated over time, the
memories they form tend to be slowly forgotten. In our model, this slow forgetting is com-
pensated by the occurrence of spontaneous (partial or complete) recalls of the previously
learned memories, happening at random times. These recalls act as short boosts reinforc-
ing the patterns of synaptic connectivity formed during the learning, and thus constitute
an autonomous mechanism for memory consolidation during rest. These results emphasize
the importance of considering dynamical models of learning which remain alive after train-
ing [31–33,38]—instead of freezing their activity and plasticity—in order to understand the
processes leading to memory consolidation and long-term maintenance.

It shall also be stressed that the coexistence of asynchronous irregular firing and mem-
ory recalls is an emergent dynamical property of our model, instead of being an enforced
behaviour by the addition of internal mechanisms for frequency adaptation or by the appli-
cation of external modulation. The asynchronous irregular activity emerges in our globally
coupled model thanks to the three following: presence of non-identical neurons mimicking
different neural properties, distributed synaptic weights, and external noise. However, anal-
ogous results can be obtained in randomly connected deterministic networks due to internal
self-generated fluctuations as shown in S6 Text, as well as in previous analyses [31,32,38]. In
a previous study with phase oscillators [36], the post-learning activity at rest showed a par-
tially synchronous state similar to a limit cycle. Here the network remains stable in its asyn-
chronous regime while the recalls spontaneously pop out at random times and order, allowing
more numerous and complex information to be encoded and maintained. This behaviour nat-
urally results from the interplay between the underlying structural organization—shaped by
the learning process—and the background activity eliciting the transitions, somehow simi-
lar to the noise-driven state switching found in neural activity [106]. These results evidence
the benefit of studying connectivity, dynamics and learning simultaneously, as they represent
different faces of interdependent phenomena.

Memory capacity
Empirical and theoretical studies have associated inhibitory plasticity with the long-term stor-
age of memories [58–61]. From these indications one could deduce the idea that the (long-
term) memory capacity of the brain might be related to the quantity of inhibitory neurons.
We have shown that the memory capacity of our model depends on the number of both exci-
tatory and inhibitory neurons. The maximal storage capacity of our model isM⋆ = 0.333N
memory items (Fig 4B), where N is the total number of neurons. This represents more than
twice the memory capacity of the classical Hopfield model (≃ 0.14N [107,108]) which does
not respect the Dale’s principle—it allows the connections to take either positive or nega-
tive values, thus ignoring the separation of neurons into excitatory and inhibitory classes. It
should be stressed that the valueM⋆ should be considered as a theoretical limit. It arises from
the fact that, in our model, each memory needs to be associated to at least three neurons: a
triplet formed by one excitatory, one Hebbian inhibitory and one anti-Hebbian inhibitory
neuron. While in correspondence of this limit values the stability of all the memories is guar-
anteed, achieving this capacity might be rather implausible for biological neural networks.
For example, a real brain operating at this limit would be very fragile since the lesion of a sin-
gle neuron would be sufficient to erase a memory. Also, this limit requires the E/I ratio to
be 33/66, while in the human cortex this is known to be 80/20. For this ratio, the maximal
capacity of our model is indeed 0.1N.
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An overview of the known variability of E/I ratios across different parts of the human
brain (Table in Fig 4C) reveals that smaller regions such as the amygdala, thalamus, striatum
and globus pallidus tend to have a higher proportion of inhibitory neurons than the cortex or
the cerebellum. Extrapolating the results for the memory capacity from our model, it allows
us to speculate that regions with fewer resources for memory storage (in terms of total num-
ber of neurons), may compensate by allowing for a more favourable E/I ratio. Similarly, the
mouse admits a more favourable ratio than humans in some areas such as the basal ganglia,
striatum, amygdala or the hippocampus. While this interpretation is at the moment largely
hypothetical, it may reflect a biological strategy for resource optimisation. Furthermore, it
shall be noted that memory capacity is further affected by the complexity of the memories;
with simple ones requiring less neurons to be stored and complex memories each requir-
ing more neurons. Hence, the empirically observed E/I ratios may also reflect a compromise
between the number of memories and the complexity of the information that needs to be
stored.

Real neurons generally respond to—and encode for—multiple inputs and memories [109].
This mixed selectivity plays a crucial role in complex cognitive tasks allowing the brain to
simultaneously represent and integrate multiple sources of information [79,110]. In addi-
tion to retaining segregated memories, our model also exhibits the possibility of learning and
recalling complex memories admitting mixed selectivity, see Fig 6. The neurons supporting
mixed selectivity can be considered as hub neurons [111] connecting between the stored clus-
ters and facilitating the ability to transmit and integrate information [1,112]. The presence of
hub neurons does not increase the memory capacity of a network but instead, they allow for
more complex information to be encoded by establishing associations between memories.

Limitations and outlook
Despite the model was developed to respect several biological constrains and to satisfy some
realistic behavioural aspects, other choices and limitations could be implemented in future
refinements. We omitted possible evolutionary aspects and assumed that only synaptic plas-
ticity to be responsible for shaping the structure of the connectivity. Sensory systems organize
information spatially with neighbouring neurons representing similar response properties and
forming, e.g., retinotopic, tonotopic or somatotopic maps [113–115]. However, in the present
model the neurons form a graph with no spatial embedding. It would be thus a natural step
to extend the model in the future with spatially distributed neurons, following biologically
representative spatial constraints.

The long-range white matter connections between distant cortical regions are mainly
formed by axonal bundles of excitatory pyramidal neurons [116,117], although some
GABAergic cells have also been found to project across different brain regions [111,118].
When our model was trained with stimuli targetting separate neuronal populations, excita-
tory neurons formed local connections and only the anti-Hebbian inhibitory neurons devel-
oped “long-range” projections to other clusters. While this architecture is consistent with the
lateral inhibition found in circuits for selectivity and decision-making [87,119,120], it is not
representative of the excitatory long-range white matter fibers in the cortex. However, in the
model, cross-modular excitatory connections appeared when the stimuli acted on overlapping
populations, leading to the formation of excitatory hubs. While the reasons for the organi-
zation of excitatory and inhibitory cross-modular connectivities requires further investiga-
tion, extensions of the model here presented might be relevant to explore those mechanisms.
In fact, both the organization of micro-/macroscopic connectivities and the development of
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short-/long-term memories, might be governed by distinct rules which could be separately
implemented in the model.

Methods
This section describes the spiking neuronal network model governing the dynamics of the
neurons and the learning rules used for the adaptation of synaptic weights, as well as the
microscopic and macroscopic indicators employed to characterize the network states and
dynamics in the paper.

Spiking neuronal network model
We consider a network of QIF neurons, pulse coupled via exponentially decaying post-
synaptic potentials and in the presence of STDP. Unless otherwise specified, the network
will be composed of 80% (20%) excitatory (inhibitory) neurons as usually observed in the
human cortex [121]. Depending on the plasticity rules controlling the synaptic strengths of
the connections, three neural sub-populations can be identified depending on the nature of
the pre-synaptic neurons:

• excitatory neurons subject to asymmetric Hebbian STDP;
• inhibitory neurons subject to symmetric Hebbian STDP;
• inhibitory neurons subject to symmetric anti-Hebbian STDP.

The evolution of the membrane potential Vi of each neuron (i = 1, ...,N) is described by the
following ordinary differential equation:

𝜏m ̇Vi =V2
i (t) + 𝜂i + geSei (t) + ghiShii (t) + gaiSaii (t) + Ii(t) + 𝜉i(t), (1)

where 𝜏m = 𝜏0 ms (with 𝜏0 = 20) is the membrane time constant; 𝜂i ∼N (0.0, (𝜋𝜏0)2) are the
neuronal excitabilities, chosen to have an average neuronal firing rate at rest of around 1 Hz,
Ii(t) = {0, (50𝜋𝜏0)2} are the external DC currents, leading the neurons to fire around 50 Hz
whenever stimulated and 𝜉i(t)∼N (0.0, (4𝜋𝜏0)2) is a Gaussian white noise term tuned to
induce a firing variability of ≃ 4 Hz. Whenever the membrane potential Vi reaches infinity, a
spike is emitted and Vi is reset to –∞. In the absence of synaptic coupling, external DC cur-
rent and noise, the QIF model displays excitable dynamics for 𝜂i < 0, while for positive 𝜂i, it
behaves as an oscillator with period T(0)i /𝜏m = 𝜋/

√𝜂i [54].
The synaptic dynamics is mediated by the global synaptic strengths: ge = 100, ghi = 400

and gai = 200 for the excitatory, the Hebbian and anti-Hebbian inhibitory neurons, respec-
tively. Finally, the evolution of the excitatory, Hebbian inhibitory and anti-Hebbian inhibitory
synaptic currents Sei (t), Shii (t) and Saii (t) is given by

𝜏ed ̇Sei = –Sei +
𝜏ed
Ne

Ne

∑
j=1
∑
n
wij(t)𝛿(t – t(n)j ), (2)

𝜏id ̇Shii = –Shii +
𝜏id
Nhi

Nhi

∑
j=1
∑
n
wij(t)𝛿(t – t(n)j ), (3)

𝜏id ̇Saii = –Saii +
𝜏id
Nai

Nai

∑
j=1
∑
n
wij(t)𝛿(t – t(n)j ), (4)
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where 𝜏ed = 2 ms (𝜏id = 5 ms) are the exponential time decay for the excitatory (inhibitory)
post-synaptic potentials; wij(t) are the plastic coupling weights from neuron j towards neuron
i, whose dynamics is described in the following and t(n)j is the n-th spike time of the j-th
pre-synaptic neuron, and 𝛿(t) is the Dirac delta function.

We consider a network of N all-to-all connected neurons without self-connections and
N =Ne + Nhi + Nai = 100, where Ne = 80, Nhi = 10 and Nai = 10 are the number of excitatory,
Hebbian inhibitory and anti-Hebbian inhibitory neurons, respectively.

We integrate Eqs. (1), (2), (3) and (4) via a stochastic Euler scheme [122] with time step dt
(see Table 1 for its value). Whenever Vi(t) overcomes a threshold value Vp = 10, we approx-
imate the n-th firing time of neuron i as t(n)i = t +

1
Vi
𝜏m, where 1

Vi
𝜏m corresponds to the time

needed to reach +∞ from the value Vp. Furthermore, the neuron is reset to Vr = –10 and
held to such value for a time interval 2

Vi
𝜏m seconds corresponding to the time needed for the

neuron to reach Vi(t) =∞ from Vp and to return to Vr after being reset to –∞ [82].
The choice of parameters sets the neurons into a low firing state with a relatively large vari-

ability ranging from 0.0 to 8 Hz, analogous to those observed in the cortex at rest. The exter-
nal drives {Ii(t)} turn the neuronal activity into high frequency oscillations in the 𝛾 range of
approximately 50 Hz, typical of high-order perceptual activity [123,124].

STDP rules
The time evolution of the synaptic weights wij(t) is controlled by STDP rules which depend
on the time difference Δt = ti – tj between the last spikes of the post-synaptic neuron i and the
pre-synaptic neuron j [45,47–49].

The potentiation of the synapses is controlled by the plasticity function

Λ+(Δt) =
⎧⎪⎪⎨⎪⎪⎩

Λ(Δt), if Λ(Δt) ≥ 0,
0, if Λ(Δt) < 0,

(5)

while their depression is controlled by

Λ–(Δt) =
⎧⎪⎪⎨⎪⎪⎩

0, if Λ(Δt) ≥ 0,
Λ(Δt), if Λ(Δt) < 0,

(6)

where Λ(Δt) entering in Eqs. (5) and (6) depends on the nature of the pre-synaptic neuron.
For the pre-synaptic excitatory neurons we use an asymmetric Hebbian STDP function

Λe(Δt) [45]. This function affects the evolution of the weights in a causal way: when the pre-
synaptic neuron j emits a spike before (after) the post-synaptic neuron i, the synaptic weight
wij increases (decreases) [125]. The function Λe(Δt) is depicted in Fig 7A, and its explicit
expression reads as

Λe(Δt) =
⎧⎪⎪⎨⎪⎪⎩

A+e–
Δt
𝜏+ –A–e–

4Δt
𝜏+ – f, for Δt ≥ 0,

A+e
4Δt
𝜏– –A–e

Δt
𝜏– – f, for Δt < 0,

(7)

with the time constants 𝜏+ = 0.02 sec and 𝜏– = 0.05 sec, the amplitudes A+ = 5.296 and A– =
2.949.

The term f models a natural slow forgetting of the memories [126,127] by causing a small
but constant depression of the weights. We assume that f is inversely proportional to the
numberM of encoded items: namely, f = f0/M, with f0 = 0.2. This in order to allow all the
stored memory items to be randomly recalled during the post-learning resting phase (for
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more details, see S9 Text). Apart from the term f, all the other parameters are not modified in
the simulations.

For pre-synaptic Hebbian inhibitory neurons, we use a symmetric Hebbian STDP function
Λhi(Δt) [40,51,86,90,91,128], which takes the form of a Ricker wavelet function (or Mexican
hat), potentiating (depressing) weights of neurons spiking in a correlated (uncorrelated) way.
Λhi(Δt) is shown in Fig 7B and it reads as

Λhi(Δt) =A [1 – (
Δt
𝜏 )

2
] e

–Δt2

2𝜏2 – f, (8)

with the time constant 𝜏 = 0.1 sec, the amplitude A = 3 and the forgetting term f = 0.1.
For pre-synaptic anti-Hebbian inhibitory neurons we use a symmetric anti-Hebbian STDP

function Λai(Δt) [52,85,86,89,91,129] which corresponds to a reverse Ricker wavelet func-
tion (or reverse Mexican hat), potentiating (depressing) weights of neurons spiking in a
uncorrelated (correlated) way. The function Λai(Δt) is shown in Fig 7C and it takes the fol-
lowing expression:

Λai(Δt) = –A [1 – (
Δt
𝜏 )

2
] e

–Δt2

2𝜏2 + f, (9)

with the time constant 𝜏 = 0.1 sec and the amplitude A = 3. In this case, the forgetting term
f = 0.1 allows to have a constant small potentiation (the rule being anti-Hebbian) of the
weights whatever the spike timing difference.

Fig 7. Plasticity and soft bound functions. Plasticity functions: (A)Hebbian asymmetric STDPΛe(Δt) (Eq. (7)); (B)Hebbian symmetric STDPΛhi(Δt)
(Eq. (8)); (C) anti-Hebbian symmetric STDPΛai(Δt) (Eq. (9)). Soft bound functions for excitatory (D) and inhibitory (E) neurons. The bounds for potentiation
are shown in red and for depression in blue. The displayed functions refer toM = 2 encoded stimuli, i.e. to f = 0.1.

https://doi.org/10.1371/journal.pcbi.1012973.g007
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Adaptation of the synaptic weights
In this sub-section we explain in details the evolution of the synaptic weights. In particular,
when the pre-synaptic neuron j or the post-synaptic neuron i spikes at time t, the weight wij

is updated according to the following equations:

wij(t+) =wij(t–) + 𝛾lΔwij, (10)

with

Δwij = (–1)aq[tanh(𝜆(wl
q –wij)) ∗Λx(q)

q (Δt) + tanh(𝜆(wij +wu
q)) ∗Λy(q)

q (Δt)], (11)

where q denotes if the pre-synaptic neuron is excitatory q = e or Hebbian (anti-Hebbian)
inhibitory q = hi (q = ai). For excitatory (inhibitory) neurons we set wl

q = 1 (wl
q = 0) and wu

q = 0
(wu

q = 1), thus ensuring that the excitatory (inhibitory) couplings are defined within the inter-
val wij ∈ [0 ∶ 1] (wij ∈ [–1 ∶ 0]). Moreover, ae = 2 and ahi = aai = 1 while x(e) = y(hi) = y(ai) = +
and y(e) = x(hi) = x(ai) = –, thus, for inhibitory synapses, the plasticity functions Λ+(Δt)
and Λ–(Δt) are exchanged and multiplied by –1 since potentiation (depression) of inhibitory
weights makes them converge towards –1 (0). Furthermore, 𝛾l = 0.005 is the dimensionless
learning rate for the adaptation, while the parameter 𝜆 = 100 controls the slope of the soft
bound function tanh(𝜆x).

These non-linear functions, depicted in Figs 7D and 7E, model the saturation of the synap-
tic weights ∣wij∣ between 0 and 1 [130]. The saturation is obtained by allowing for synaptic
depression (potentiation) dominating the potentiation (depression) term for large (small) val-
ues of the weights [47,131]. The steep slope of these functions (controlled by the parameter 𝜆)
guarantees a dynamical evolution of the synaptic weights even for large values of wij [132]. In
this sense, the functions here used are at the limit between a soft and a hard bound.

We note that the firing activity of the neurons directly impacts the adaption rate and that
the synaptic weights are always subject to adaptation, unlike in conventional artificial neural
networks. This differs from the previous study with phase oscillators and PDDP [36], where
two different learning timescales were needed to allow for the storing and maintenance of the
memory items.

All network parameters employed throughout this study are summarized in Table 1.

Microscopic and macroscopic indicators
In this sub-section, we define the indicators employed to characterize the network dynamics
at a microscopic and macroscopic level.

Microscopic Indicators The behaviour of single neurons was quantified by their instanta-
neous firing rates 𝜈j(t) defined as

𝜈j(t) =
nspj (t)
T

. (12)

Here, nspj (t) is the number of spikes emitted by neuron j (i.e. the spike count) in the time
interval [t ∶ t + T], with T = 0.05 sec.

For a population of Np neurons, their instantaneous activity can be characterized as follows

𝜈p(t) =
1
Np

Np

∑
j=1
𝜈j(t). (13)
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Table 1. Parameters for the network of QIF neurons.
Parameters Values
N 100
Ne 80
Nhi 10
Nai 10
ge 100
ghi 200
gai 400
𝜂 N (0.0, (𝜋𝜏0)2)
I(t) {0, (50𝜋𝜏0)2}
𝜉(t) N (0.0, (4𝜋𝜏0)2)
Vp 10
Vr –10
𝜏0 0.02
𝜏m 0.02 sec
𝜏ed 0.002 sec
𝜏id 0.005 sec
𝜏+ 0.02 sec
𝜏– 0.05 sec
𝜏 0.1 sec
dt 0.001 sec
𝛾l 0.005
A+ 5.296
A– 2.949
A 3
f 0.1
𝜆 100

https://doi.org/10.1371/journal.pcbi.1012973.t001

The firing rate variability has been measured in terms of the coefficient of variation CVj =
𝜎j
𝜇j

where 𝜇j is the mean interspike interval (ISIs) of the neuron j and 𝜎j its standard deviation.
For a perfectly periodic firing CVj = 0, while for a Poissonian process CVj = 1.

Macroscopic indicators The degree of synchronization in the network was quantified by
the complex Kuramoto order parameter [133]

Z(t) = R(t)eiΦ(t) = 1
N

N
∑
j=1

ei𝜃j(t), (14)

where R(t) (Φ(t)) represents the modulus (phase) of the macroscopic indicator. The mod-
ulus R is employed to characterize the level of phase synchronization in the network: R>0
(R = 1) for a partially (fully) synchronized network, while R≃O(1/

√
N) for an asynchronous

dynamics due to finite size effects.
To associate a continuous phase 𝜃j(t)∈ [0 ∶ 2𝜋] to the spiking activity of neuron j, we

proceed in the following way:

𝜃j(t) = 2𝜋
(t – t(n)j )

(t(n+1)j – t(n)j )
t(n)j ≤ t≤ t(n+1)j , (15)

with t(n)j the n-th firing time of neuron j.
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Themean rate of variation of the synaptic weights was estimated as

K(t) = 1
N ∗ (N – 1)

N
∑
i=1

N
∑
j≠i

[wij(t +Δt) –wij(t)]
Δt , (16)

where wij(t) and wij(t + Δt) are the synaptic coupling weights from neuron j to i at times t
and t + Δt respectively, Δt = 0.1 sec. The normalization term is N*(N–1) since we consider an
all-to-all connected network without autapses. The parameter K(t) takes positive (negative)
values for an overall increase (decrease) in the weight connectivity.
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