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Résumé :

L'apprentissage continu, c'est-a-dire la ca-
pacité d'acquérir de nouveaux souvenirs ou
compétences tout en préservant des informa-
tions cruciales déja apprises, constitue une fa-
culté fondamentale du cerveau. Pourtant, cette
capacité demeure difficile a reproduire dans
les réseaux de neurones artificiels, car ceux-ci
souffrent d'oubli catastrophique, c'est-a-dire de
la perte soudaine de connaissances antérieure-
ment acquises lors de I'apprentissage de nou-
velles données.

Cette thése porte sur les mécanismes de
I'apprentissage continu et les causes de l'ou-
bli catastrophique dans les réseaux a meé-
moire associative (RMA), des modeéles propo-
sés comme analogues aux circuits hippocam-
piques en raison de leur architecture récur-
rente et de leur dynamique d'attracteurs. Plus
précisément, 'apprentissage continu est étudié
dans le cadre de la mémorisation séquentielle
de souvenirs fortement corrélés. Ces souvenirs
reposent sur des représentations neuronales
qui se recouvrent, c'est-a-dire que les mémes
groupes de neurones participent a 'encodage
de multiples souvenirs. Ce recouvrement est
considéré comme un principe organisationnel
clé du cerveau : il permet la généralisation et
la mise en évidence de régularités entre ex-
périences. Toutefois, dans les RMA, la mémo-
risation séquentielle de représentations neu-
ronales qui se recouvrent induit généralement
des phénomenes d'interférence entre souve-
nirs, pouvant conduire a l'oubli catastrophique.

Nous introduisons un mécanisme qui atté-

nue l'oubli catastrophique dans les RMA en per-
mettant la réactivation autonome des souve-
nirs. En intégrant un mécanisme de plasticité
auto-inhibitrice dans des réseaux de Hopfield
continus, nous montrons que le réseau peut
explorer spontanément son paysage d'attrac-
teurs, revisitant séquentiellement I'ensemble
des souvenirs précédemment appris, sans in-
tervention externe. Lorsqu'il est couplé a un
algorithme de descente de gradient, ce méca-
nisme de réactivation permet la construction
de configurations synaptiques capables de sou-
tenir simultanément anciens et nouveaux sou-
venirs. En limitant les phénomeénes d'interfé-
rence entre souvenirs, ce mécanisme prévient
I'oubli catastrophique lors de lincorporation
séquentielle de données corrélées.

Notre approche respecte des contraintes
biologiques essentielles : toutes les regles d'ap-
prentissage sont locales, ne s'appuyant que sur
I'information disponible a chaque synapse, et
le systeme fonctionne de maniére autonome,
sans nécessiter I'accés externe a un catalogue
de souvenirs déja mémoriseés.

Ces contributions visent a enrichir a la fois
le domaine des neurosciences et celui de I'in-
telligence artificielle. Le mécanisme proposé a
pour objectif d'améliorer notre compréhension
des dynamiques de consolidation mnésique
présentes dans le cerveau, tout en guidant
le développement de systémes d'apprentis-
sage artificiel plus robustes, notamment dans
le contexte des implémentations neuromor-
phiques ou la localité des dynamiques est es-
sentielle.
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Abstract :

Continuous learning, the ability to acquire
new memories and skills while preserving pre-
viously learned information, is a fundamental
capability of the brain. However, replicating this
capability in artificial neural networks remains
problematic, as they typically suffer from ca-
tastrophic forgetting (CF), the abrupt and un-
controlled loss of previously stored information
when learning new data.

This thesis investigates continuous learning
and catastrophic forgetting dynamics in asso-
ciative memory networks (AMNs), computatio-
nal models proposed as analogues of hippo-
campal circuits due to their recurrent archi-
tecture and attractor dynamics. Specifically, we
study continuous learning in the challenging
scenario of sequential storage of highly corre-
lated memory patterns. These patterns rely on
overlapping neural representations, where the
same groups of neurons participate in enco-
ding multiple memories. Such overlapping re-
presentation is considered a fundamental or-
ganizational principle of the brain, enabling ge-
neralization and the extraction of regularities
across experiences. However, in AMNSs, the se-
guential storage of overlapping memory repre-
sentations typically induces interferences bet-
ween stored memories, ultimately resulting in
catastrophic forgetting.

We introduce a novel mechanism that mi-
tigates catastrophic forgetting in AMNs by en-
abling autonomous rehearsal of stored pat-

terns. By incorporating biologically inspired
plastic self-inhibition into continuous Hopfield
networks, we demonstrate that the network
can spontaneously explore its attractor land-
scape, sequentially retrieving all previously
stored memories without external interven-
tion. Using a gradient descent algorithm, the
rehearsal mechanism allows the network to
construct synaptic configurations that simulta-
neously support both old and new memories.
By limiting interferences between stored me-
mories, this mechanism prevents catastrophic
forgetting during the sequential incorporation
of new correlated patterns.

Our approach satisfies key biological
constraints : all learning rules are local, re-
lying only on information available at indivi-
dual synapses, and the system operates auto-
nomously without requiring an external cata-
log of previously stored patterns. The resulting
framework scales effectively with network size
and successfully handles patterns with varying
degrees of correlation.

This work aims to contribute to both neu-
roscience and artificial intelligence by propo-
sing a biologically plausible mechanism for
continuous learning that could inform our un-
derstanding of memory consolidation in the
brain and guide the development of more
robust artificial learning systems, particularly
for neuromorphic implementations where lo-
cal computation is essential.
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1 - Introduction

Humans demonstrate a remarkable capacity for lifelong learning. An in-
dividual's memory corpus is continually updated and refined to support its
adaptation to the new challenges arising throughout its entire life. Impor-
tantly, despite this continuous adaptation to new contexts, certain skills are
maintained without being actively recruited over extended periods of time.

The subjective experience of suddenly recalling long-dormant memories
or effortlessly performing skills unused for years can catch us by surprise.
Consider someone who learned to ride a bicycle as a child, but has not cy-
cled for decades. Upon mounting a bike again, after a short period of ad-
justment, they may find themselves pedaling with remarkable stability and
control, their body automatically maintaining balance and coordinating mo-
vements despite years without practice. This unexpected preservation and
retrieval of motor coordination can be genuinely startling. This phenomenon
extends beyond motor skills. Over the years, numerous experiences shape a
person’s repertoire of skills and memories. Countless pieces of information
are forgotten due to lack of conscious rehearsal, and most daily cognition is
related to current preoccupations. However, certain memories, such as the
face of a relative not seen for decades, the scent of a childhood bedroom,
or the route from an old home to the nearest subway station, appear to be
preserved against the erosion of time.

This ability, observed in humans, to acquire new knowledge over time
while retaining crucial information previously learned is known as continuous
learning (CL). From an evolutionary perspective, being able to perform CL re-
presented a survival advantage for our ancestors. The ability to adapt to new
environmental challenges without forgetting vital long-term memories, such
as the locations of reliable water sources, safe shelter sites, and the skills re-
quired to hunt particular prey, would have directly influenced survival rates
and reproductive success. Consequently, natural selection has shaped and re-
fined the mechanisms that enable CL across diverse environments and tasks.

In mammals, such remarkable behavioral adaptability is considered to be
a function of the nervous system and, more specifically, the brain. This organ
allows us to acquire complex skills and retain information. In humans, the
brain represents a significant metabolic investment, consuming approxima-
tely 20% of the body's energy despite only accounting for about 2% of total
body mass. This disproportionate allocation of energy, along with the exten-
ded developmental period required for the human brain to reach maturity,
suggests the critical importance of the learning and processing capabilities it
provides.
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The ability of humans to perform CL is even more impressive when we
consider that current state-of-the-art machine learning algorithms based on
artificial neural networks (ANNs) typically struggle with CL tasks. ANNs invol-
ved in large language models for text generation and diffusion models for
image or video synthesis are typically trained in a single large-scale training
run (batch training) on all available data and then deployed with minimal fur-
ther updating. Attempts to continuously adapt their skill set through the lear-
ning of new data induce a phenomenon called catastrophic forgetting (CF),
in which previously learned knowledge is forgotten, causing severe perfor-
mance degradation.

Consequently, a substantial body of artificial intelligence (Al) research is
devoted to solving the problem of CF. The focus of this thesis is a class of so-
lutions to CF inspired by the phenomenon of memory replay (MR) observed
in the brain. MRs are well-documented events during which the brain revisits
previously encoded memories during spontaneous activity. While MRs occur
primarily during sleep, they also occur during quiet waking periods, such as
when someone is resting on a couch. Numerous theoretical frameworks pro-
pose that MRs protect crucial knowledge from degradation induced by new
learning. This protection is thought to arise from the unconscious rehearsal
of important information. To illustrate this concept, we can return to our ear-
lier example of bicycle riding. The theory proposes that cycling skills persist
despite extended periods without practice because memories related to bi-
cycling are periodically reactivated during sleep. Just as conscious rehearsal
helps us remember material before an exam, unconscious rehearsal induced
by MRs may underlie the maintenance of our long-term memories.

Although there is substantial empirical evidence that MR can facilitate lear-
ning and mitigate CF in ANNSs, relatively few studies investigate how ANNs
might generate replays through their own dynamics. From a computational
neuroscience perspective, this question is central, as the brain has to produce
replays via its intrinsic activity (e.g., autonomously during sleep and quiet wa-
kefulness). To address this gap, this thesis proposes a model that enables
autonomous MR in associative memory networks (AMNs), a class of ANN.
The proposed model demonstrates how replay experiences can be genera-
ted using only the network’s internal dynamics, addressing the fundamental
constraint that the brain faces. In the proposed model, spontaneous MRs ge-
nerated by the intrinsic dynamics of the network enable memory rehearsal,
thus mitigating CF.

The work presented here serves a dual purpose. First, we develop concrete
solutions for generating and leveraging MR in ANNs to tackle the pervasive
challenges of CL. Second, by constraining our approach to biologically plau-
sible dynamics, we propose a mechanistic hypothesis for how the brain gene-
rates memory replay during periods of spontaneous activity.

12



1.1. Thesis organization

The primary contribution of this PhD is presented in Chapter 4, which in-
troduces an AMN model capable of generating MRs through its internal dyna-
mics. This work demonstrates that MRs effectively mitigate CFin such models.
We particularly focus on enabling the storage and replay of strongly correla-
ted memories for two key reasons :

+ Both the brain and ANNSs rely on correlated memory representations to
perform core functions such as knowledge generalization and feature
detection.

* The storage of such correlated memories typically induces stronger CF
dynamics than the storage of uncorrelated representations.

Throughout this work, we have also prioritized the locality of neuronal dy-
namics, including synaptic plasticity. Respecting this constraint not only en-
hances the biological plausibility of our model, but also increases its potential
for implementation in neuromorphic hardware.

To provide the necessary context for this contribution, Chapter 2 reviews
the theoretical and empirical background essential for understanding Chap-
ter 4. The chapter begins with Section 2.1, which examines the architecture,
dynamics, and functions of the nervous system and explores how they relate
to the ANN models considered in this work. Building on this biological founda-
tion, Subsection 2.2.3 discusses the locality constraint and its importance for
biological plausibility, while Subsection 2.2.4 examines how these principles
translate to neuromorphic hardware implementations and their advantages
over traditional hardware.

Section 2.3 then presents AMNs, which is the class of ANNs that forms the
core object of this thesis. Their computational properties and advantages over
traditional memory storage solutions are explored in detail through Subsec-
tion 2.3.1and Subsection 2.3.2, respectively. Subsection 2.3.3 further examines
how AMNSs relate to neural circuits present in the brain, while Subsection 2.3.4
introduces the paradigmatic model of AMNSs that constitutes the main subject
of study in this thesis : Hopfield networks.

Section 2.4 reviews how memory rehearsal methods mitigate CF to enable
CLin ANNs, with a focus on biologically plausible models. Section 2.5 broadens
the discussion to other types of bio-plausible approaches to CL.

Having established both the biological and theoretical foundations, Chap-
ter 3 addresses the intertwined challenges of storing correlated memories
and allowing CL in AMNSs. This analysis sets the stage for understanding the
specific problems that our model in Chapter 4 aims to solve.

Finally, the Conclusion reflects on the limitations of this work and outlines
promising avenues for future improvement and development.
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2 - Biological and Computational Foundations

This chapter reviews the theoretical and empirical background underpin-
ning the work presented in this thesis.

In Sec. 2.1, we begin by examining the structure, basic dynamics, and func-
tions of the nervous system, which provides the inspirational basis for the
architecture of associative memory networks (AMN).

In Sec. 2.2, we explore the core computational paradigm of neural circuits.
This paradigm can be decomposed into distinct principles such as distributi-
vity, overlapping memory representation, and the locality of processing dyna-
mics. These principles define the design constraints for biologically plausible
learning algorithms. They have guided our design choices and conditioned
the models we present throughout this thesis.

In Sec. 2.3, We properly introduce AMN, with particular emphasis on Hop-
field networks that serve as the primary model investigated in this work. These
networks exemplify how biological principles translate into computational ar-
chitectures capable of content-addressable memory.

In Sec. 2.4, We continue with the examination of memory replays and re-
hearsal dynamics observed in biological systems and their implementation
in artificial networks, establishing the conceptual framework for the autono-
mous rehearsal approach developed in Chap. 4.

In Sec. 2.5, the chapter concludes with a review of other methods than
rehearsal used to achieve bio-inspired continuous learning (CL) in neural net-
work models. These methods lie slightly outside the scope of this thesis, but
constitute other serious candidates to explain how the brain could perform CL
and should therefore be mentioned. They do not necessarily constitute com-
peting theories, but can also be interpreted as complementary mechanisms
that the brain could use in synergy with memory replays.
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2.1. The Nervous System

2.1.1. Structure and Function

Presynaptic neuron A
/

Synapse

Postsynaptic neuron B

Figure 2.1 - Two neurons making synapse. The red arrows indicate the direc-
tion in which the signal (action potential) is transmitted. We can write A — B
to make explicit that it is neuron A which modulates the activity of neuron B. A
zoom is made on the synaptic site showing the release of neurotransmitters
(red dots) that relay the signal from neuron A to neuron B.

The nervous system is a functional collection of cells, tissues, and organs
that regulates the body’s responses to internal and external stimuli. The cells
of the nervous system can be divided into two main categories : neuronal
cells (neurons) and support cells called glial cells. This discussion will focus
exclusively on neurons that are specialized in the generation and conduction
of electrical and chemical signals. Neurons exhibit a characteristic branching
morphology. The dendritic tree serves as the input structure, receiving signals
from other neurons through specialized connections called synapses, with a
single neuron potentially contacted by up to 100,000 synapses ( ,

). These incoming signals converge to the soma (cell body) of the neuron,
where they are integrated and transformed into output signals. The output
signal is then transmitted through the axon, where it is carried to further sy-
napses which influence the dendritic trees from other neurons (Fig. 2.1).

This signal propagates as an action potential (AP), a rapid change in elec-
trical potential that travels from the soma along the axon. When the action
potential reaches the axon terminal, the synapse transmits the signal through
neurotransmitter release (Fig. 2.1). These neurotransmitters influence the elec-
trical potential of the contacted dendrite, effectively relaying the signal from
the presynaptic neuron (the signal-sending neuron) to the postsynaptic neu-
ron (the signal-receiving neuron).

16



The key takeaway is that neurons can transmit signals through their axons
and dendrites, sometimes across considerable distances throughout the brain
and body. This allows them to influence the activity of other neurons across
the entire nervous system.
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Figure 2.2 - The nervous system as a directed graph. (left) Drawing from
Santiago Ramény Cajal's second lecture at Clark University, 1899. The drawing
illustrates neurons in layers 4, 5, and 6 of the visual cortex of a human infant.
(right) A directed graph as the chosen abstraction to model the functional
interactions between neurons in a network such as the one depicted by Cajal.
The two networks do not map onto each other, their representation side by
side is only for illustrative purposes.

Neurons are often considered to function as computational nodes that in-
tegrate signals from the numerous inputs received through synapses. In this
view, synaptic connections establish the edges that connect these computa-
tional nodes throughout the system. Rather than following a clear hierarchical
arrangement, the nervous system exhibits a complex distributed connectivity
pattern that motivates its modeling as a network or a graph (Fig. 2.2). As sy-
napses conduct the signal only in one direction, from the presynaptic cell to
the postsynaptic cell, this graph is therefore directed.

The nervous system performs an extraordinarily broad range of functions,
from coordinating voluntary and involuntary movements, regulating physio-
logical processes through hormonal signaling and autonomic control, to sup-
porting higher cognitive functions such as emotional processing, executive
planning, problem solving, language comprehension, and conscious aware-
ness. This remarkable functional diversity is often considered to emerge from
the coordinated activity of billions of interconnected neurons working in pa-
rallel and hierarchical processing streams ( , ; ,

; ' ).
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In this thesis, we will focus specifically on the formation and maintenance
of memories, a fundamental phenomenon that underlies learning and adap-
tive behavior.

Memory can be defined as the faculty by which the nervous system en-
codes, stores, and retrieves information, a process that fundamentally re-
presents the persistence of learning over time. From a computational pers-
pective, memory is an abstraction that encompasses various mechanisms
through which past experiences modify future behavior and cognition. This
includes not only conscious recollections (declarative memory) but also un-
conscious changes in performance (procedural memory), emotional associa-
tions, and perceptual priming effects ( , ).

The formation and maintenance of appropriate memories is crucial for
survival, as it enables organisms to learn from past experiences, recognize
patterns in their environment, anticipate future events, and adapt their beha-
vior accordingly. Without memory, an organism would be trapped in a per-
petual present, unable to benefit from learning derived from previous en-
counters with predators, food sources, or environmental hazards. Memory
systems allow for the accumulation of knowledge across timescales, from ra-
pid single-trial learning of dangerous situations to gradual skill acquisition
through repeated practice. This adaptive value has driven the evolution of
sophisticated memory systems across species, from simple habituation in in-
vertebrates to the complex episodic and semantic memory systems found in
humans ( , ; , ). The formation of
memories, along with learning dynamics in general, is considered to be pri-
marily supported by synaptic plasticity, as will be discussed in the next section.

AMNSs, which are the models discussed in this thesis (Sec. 2.3), omit most
of the biophysical details of neural dynamics. Mechanisms such as action po-
tential generation, their propagation through the axon, the release of neuro-
transmitters and receptor binding, and the molecular cascades underlying si-
gnal transmission are not taken into account. Instead, these models preserve
what can be considered the core constituents of the nervous system’s struc-
ture and behavior : the network topology and the ability of nodes (neurons)
to influence the state of other nodes through their connecting directed edges
(synapses). This abstraction provides a tractable framework for investigating
how network topology and dynamics give rise to memory formation and re-
trieval, without requiring detailed simulation of every biophysical process.

18



Inhibition and excitation

Neurons in the nervous system are broadly divided into two categories
based on their effect on postsynaptic targets : excitatory neurons and inhi-
bitory neurons. When an excitatory neuron is activated, it releases excita-
tory neurotransmitters into the synaptic cleft. These neurotransmitters bind
to postsynaptic receptors and increase the probability that the postsynap-
tic neuron emits action potentials. Conversely, when an inhibitory neuron is
activated, it releases inhibitory neurotransmitters into the synaptic cleft, de-
creasing the probability that the postsynaptic neuron emits action potentials.
These two categories therefore appear to have a complementary role, excita-
tion up-regulates activity, and inhibition down-regulates it.

In the mammalian cortex, excitatory neurons constitute approximately
70-80% of the neuronal population ( , ). They participate
in both local circuit computations and long-range signal transmission. Projec-
tions connecting distant cortical areas and those extending to subcortical and
peripheral targets are predominantly excitatory ( , ).

Inhibitory neurons, which represent a smaller fraction of cortical neurons
(on the order of 10-20%), predominantly project locally toward surrounding
neurons and are therefore commonly referred to as interneurons (

, ; , ). Although long-range inhibitory projections
of cortical origin have been identified, they remain a mlnorlty compared to ex-
citatory long-range pathways ( , ; , ).

Inhibitory neurons play a central regulatory role in cortical and hippocam-
pal circuits, maintaining the balance between excitation and inhibition neces-
sary for stable network operation ( , ;

, ). Disruptions of this balance can lead to pathological states
such as epileptic seizures, in which unchecked excitatory activity propagates
uncontrollably through neural circuits ( , ). Beyond ho-
meostatic regulation, inhibitory neurons also shape the selectivity and tem-
poral precision of excitatory responses, gate information flow between brain
areas, and generate neural oscillations that coordinate distributed compu-
tations ( , ; ' ; '

). They have further been shown to participate in memory-related pro-
cesses such as the formation of engrams and the regulation of engram size
( » 2021, ' ; ' ; '

; , ). Distributed computations, engrams, and memory re-
presentations, which are mentioned here for context, are formally introduced
in Sec.2.2 and Sec.2.1.2.

In AMNs (Sec. 2.3), the main class of models considered in this thesis, the
strict distinction between excitation and inhibition is abstracted away. In these
networks, neurons are not defined as exclusively excitatory or inhibitory; ra-
ther, a single neuron can influence its targets through both inhibitory and
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excitatory synapses. Consequently, we say that these models do not respect
Dale’s law. This principle, attributed to Henry Hallett Dale, states that a neu-
ron releases the same set of transmitters at all its synapses, which in many
circuits implies that it acts predominantly as either excitatory or inhibitory

This modeling freedom is often justified by a disynaptic (auxiliary-interneuron)
interpretation : a circuit in which a single unit can have both excitatory and in-
hibitory effects can be implemented by a functionally equivalent, albeit more
complex, circuit that respects Dale’s law. In this framework, an effective inhi-
bitory influence originating from an excitatory unit is treated as a modeling
shorthand for an indirect pathway, where the excitatory neuron recruits an
intermediate inhibitory interneuron that in turn suppresses the target (

, ; , ). However, it is important to ack-
nowledge counterarguments emphasizing that imposing Dale’s law (i.e., sign-
constrained connectivity) can substantially affect recurrent network dynamics
and should therefore be treated as a priority when biological faithfulness is
sought ( , ).

2.1.2. Plasticity and learning

Plasticity refers to the ability of the nervous system to modify its struc-
ture and behavior in response to experience and homeostatic needs (

, ). The structural changes considered as forms of plasticity
are diverse and occur at multiple levels of organization. At the synaptic level,
changes include alterations in the number and sensitivity of neurotransmit-
ter receptors, modifications of the postsynaptic density that anchors these
receptors, and changes in the probability of neurotransmitter release from
presynaptic terminals ( , ; , ;

, ). Beyond individual synapses, plasticity is manifested through sy-
naptogenesis (formation of new connections between neurons), synaptic pru-
ning (elimination of existing ones), morphological changes in dendritic spines,
and neurogenesis in specific brain regions ( , ; , ).
These mechanisms operate on timescales from milliseconds to years, working
in concert to shape neural circuits.

Plasticity serves multiple roles : It underlies developmental processes that
refine neural circuits based on sensory experience, supports homeostatic re-
gulation that maintains stable network activity despite perturbations, enables
recovery and compensation following neural injury, and allows continuous
adaptation of behavior to changing environmental demands ( , ;

, ; , ; , ). In this work, we
will focus on framing synaptic plasticity as the primary mechanism allowing
the formation of memories.

In most cases, synaptic plasticity is considered to involve modulating the
strength of connections between neurons, that is, adjusting how effectively
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a presynaptic neuron can influence the activity of its postsynaptic partner. A
strong synapse allows the presynaptic neuron to exert substantial influence
on the postsynaptic neuron’s activity (its output signal), potentially driving si-
gnificant changes in its firing rate, the frequency at which it produces action
potentials. Conversely, a weak synapse produces only modest effects on post-
synaptic activity, contributing less to variations in the target neuron’s output.
The relative strength of a synapse is sometimes referred to as its weight, with a
large weight corresponding to strong synapses and a small weight correspon-
ding to weak ones. The strengthening of synapses is also called potentiation,
and the weakening of synapses, depression ( , )-

Through experience-dependent potentiation and depression, neural cir-
cuits can encode information and adapt their computational properties (

, ). Synaptic plasticity is considered to be the main mechanism
underlying the formation and refinement of memories ( ,
).

An engram refers to the enduring modifications in neural circuits that
constitute the physical substrate of a memory. When Richard Semon first in-
troduced the concept in 1904, the physical basis of such memory traces was
entirely speculative, with little understanding of the biological mechanisms
that could support the storage and retrieval of information in neural tissue
( , ). Subsequent research has shown that engrams are supported
by distributed patterns of synaptic changes across neural networks, although
additional processes such as intrinsic neuronal plasticity and synaptic pruning
are also likely to contribute ( , ; , ). These modifi-
cations allow for the selective reactivation of neuronal ensembles when the
organism encounters appropriate retrieval cues, thus resulting in the pheno-
menon of memory recall ( , ).

Memory recall (or retrieval) therefore represents the process by which the
engram is translated back into active neural patterns. When retrieval cues
match aspects of the original encoding context, they trigger the reactivation
of the modified synaptic pathways, reconstructing a pattern of neural activity
that resembles the original experience. This reconstruction allows stored in-
formation to influence current behavior and cognition ( , ).

For instance, the taste of a madeleine dipped in tea may serve as a power-
ful retrieval cue, reactivating engrams formed during childhood. The taste of
the madeleine can reactivate neural circuits linked to the sensory qualities
of a grandmother’s kitchen, the feeling of Sunday mornings, or the atmos-
phere of a childhood home. This phenomenon demonstrates how a simple
sensory cue can trigger the reconstruction of rich, multifaceted memories
( , 1913).

Compelling evidence has emerged for the link between synaptic plasticity
and memory storage, as studies have shown that artificially manipulating the
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strength of synapses can directly modulate memory expression.

( ) demonstrated this causal relationship using optogenetic protocols to
directly strengthen or weaken synapses in the amygdala. After establishing a
fear memory through conditioning, the researchers applied optical stimula-
tion which induced depression in the previously potentiated synapses, cau-
sing the animals to lose their fear response, effectively erasing the memory.
Remarkably, a subsequent protocol that re-potentiated the same synapses
restored the fear memory, causing the animals to again display freezing be-
havior. Recent technological advances have allowed researchers to identify
and manipulate specific engram cells, demonstrating that memories are en-
coded in distributed populations of neurons whose connectivity is modified
by experience ( , ; , ). In the following section, we
will discuss Hebbian plasticity, a major mechanism through which experience
shapes connectivity in neural circuits leading to engram formation.

Hebbian plasticity and associativity

Donald Hebb's postulate, formulated in 1949, describes one of several me-
chanisms governing synaptic plasticity in neural networks and is often sum-
marized as “cells that fire together, wire together” ( , ). Hebbian plas-
ticity represents a specific form of activity-dependent modification in which
the temporal correlation between presynaptic and postsynaptic activity de-
termines changes in synaptic strength.

Hebbian plasticity can take several forms and can be broadly characteri-
zed as follows : when two neurons increase their activity in close temporal
proximity, the synaptic connection between them tends to potentiate. In cer-
tain cases, it is the firing rates (the frequency of action potentials events) that
must be jointly elevated in both neurons; in other cases, a single, precisely ti-
med pair of action potentials from the presynaptic and postsynaptic neurons
is sufficient to elicit potentiation. A wide variety of experimental observations
support both views ( , ; , ).

Hebbian mechanisms are thought to underlie associative memory, the
ability to link distinct stimuli or experiences that occur together in time and/or
space ( , ; , ). Associative memory al-
lows organisms to predict relationships between events and forms the basis
for conditioning. The canonical example is Pavlovian conditioning, where a
neutral stimulus (such as a bell) becomes associated with a biologically signi-
ficant stimulus (such as food) through repeated pairing. In Pavlov's original
experiments, a dog is presented with food which naturally induces salivation.
Pavlov then repeatedly rang a bell just before presenting food to the dog.
Initially, the bell alone did not produce a salivation response. However, after
multiple pairings of the bell sound followed by food presentation, the dog
began to salivate upon hearing the bell alone, even when no food was pre-
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sented. The previously neutral stimulus (the bell) had become a conditioned
stimulus capable of eliciting a conditioned response (salivation), demonstra-
ting that the nervous system had formed an associative link between the two
stimuli.

Atthe physiological level, associative learning is considered to occur through
Hebbian potentiation of synapses that connect neurons or groups of neu-
rons that represent the paired stimuli. Specifically, neurons that encode the
bell sound and neurons that encode the salivation response become active
in close temporal succession during each pairing. According to Hebbian prin-
ciples, this repeated coactivation strengthens the synaptic connections bet-
ween these neural populations. As a result, after sufficient repetitions, activa-
tion of the 'bell’ neurons alone becomes sufficient to modulate the activity of
the 'salivation’ neurons through the potentiated synaptic pathways, thereby
triggering the salivation response even in the absence of actual food.

These principles of plasticity, associative learning, and engram formation
have inspired computational approaches aiming to understand and replicate
intelligent behavior. AMNs models discussed in Sec. 2.3 draw direct inspira-
tion from these biological principles of associative memory induced by plasti-
city dynamics. Sec. 2.3.4 discusses how Hebbian plasticity is implemented in
discrete Hopfield networks (DHN), a class of AMN. In computational models
such as these, Hebbian plasticity is often abstracted as any type of plasticity
that relies on the product of pre and postsynaptic activity.

In the next section, we show that these plasticity principles apply to both
excitatory and inhibitory synapses, and that their functional outcomes can
differ depending on the synaptic type.
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Inhibitory plasticity and adaptation

In AMNSs, inhibitory connections play a constitutive role in memory sto-
rage. Both excitatory and inhibitory synaptic weights shape the engrams such
that silencing of specific units is an integral part of the stored memory. In the
nervous system, a growing body of evidence supports a comparable role for
inhibition : inhibitory engrams, formed through plasticity on GABAergic sy-
napses, have been shown to complement excitatory engrams across several
brain regions ( , ; . ; . ).

Returning to the Pavlovian conditioning example, the conditioned response
to the bell may involve not only excitatory potentiation but also the learned in-
hibition of specific neuronal populations and therefore a diminishing of their
activity. Inhibitory plasticity is therefore a core component of the associative
memory function discussed in the preceding section.

The model presented in this thesis (Chap.4) also relies on a second form of
inhibition that serves a distinct function. Rather than participating in the enco-
ding of individual engrams, this inhibition enables the network to sequentially
explore its stored memories.

More specifically, the exploration of stored memories is induced by plastic
self-inhibition, whereby a neuron or a group of neurons suppresses its own
responsiveness in proportion to its recent activity. As a consequence, the net-
work dynamics are redirected away from recently visited attractors and to-
ward other stored memories upon subsequent memory retrieval attempts.
Successive cycles of retrieval and self-inhibition therefore allow the network
to explore its full memory repertoire.

From a biological standpoint, this self-inhibition can be interpreted either
as Hebbian plasticity on inhibitory synapses, or as spike frequency adaptation
(SFA), a widespread property of neurons in the mammalian central nervous
system ( , ).

Under sustained stimulation, a neuron that exhibits SFA progressively re-
duces its firing rate, typically through the accumulation of slow hyperpolari-
zing currents such as calcium-activated potassium currents ( ,

). The use of adaptation to promote the sequential exploration of attrac-
tors has several precedents in the computational literature ( , ;
. ).

The formalization of this mechanism and its application to continuous

learning are the subject of Chap.4.
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2.1.3. Conclusion

In summary, the core constituents of the nervous system are neurons
connected through plastic synapses, forming complex networks that can be
abstracted as directed graphs. Synaptic plasticity is considered to be the pri-
mary mechanism underlying engram formation. The formation of engrams
in the nervous system enables organisms to learn from experience, that is, to
form new memories.

As will be seen in Sec.2.3, this graph-based abstraction enables the de-
velopment of models that capture the remarkable capacity of the nervous
system to encode, store, and retrieve information.

As shown in Chap.4, additional mechanisms such as various forms of in-
hibitory plasticity or neuronal adaptation can be incorporated into these mo-
dels to expand their computational repertoire and capture additional proper-
ties of the nervous system.

In the following section, we examine in greater detail how computation is
organized across the neural substrate, focusing on the principles that shape
information processing and storage throughout these networks.
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2.2 . Nervous system computational paradigm

This section describes some of the core principles of how neural circuits
organize and perform computation. These include distributivity, overlapping
representations, and locality constraints. Understanding these organizational
features shapes our view of both biological information processing and the
development of artificial systems that emulate neural computations.

The effort to faithfully embrace the core organizational principles of the
nervous system has also driven the creation of neuromorphic technologies
that implement these principles in specialized hardware architectures. Dis-
cussion of neuromorphic implementations is relevant here, as the principal
work presented in Chap. 4 focuses on developing solutions compatible with
neuromorphic implementations.

2.2.1. Distributivity of Neural Computations

The nervous system exhibits extensive distributed processing. Cognitive
tasks, behavioral manifestations, and conscious experiences depend on pat-
terns of activity distributed throughout the entire brain ( , ;

, ). Critically, no well-defined subnetwork or localized area
can be isolated as the single locus responsible for the computations under-
lying complex tasks such as recognizing a face, thinking of an abstract concept,
or even bicycling ( , ; , ; ,

).

This extensive distributivity supports what can be characterized as a de-
centralized computational paradigm, in which populations of neurons and
their synaptic connections operate as computational units. These subnetworks
perform specific computations in parallel and communicate their outputs to
other regions, ultimately giving rise to coherent behavioral and cognitive mo-
dalities. This decentralized dynamic can be illustrated through an analogy
with collective decision-making processes. Each neuron, neuronal population,
or subnetwork (depending on the scale of analysis) functions analogously to
an individual participant casting a vote based on the information available
through its inputs. Once a voting unit has determined its decision (manifested
as achange in neural activity), it conveys this information to other participants,
influencing their subsequent decisions. The resulting behavioral or cognitive
output therefore represents a concerted choice rather than the isolated ex-
pression of a single specialized subgroup. This phenomenon is enabled by the
fact that each subnetwork encodes, within its synaptic weights and connecti-
vity patterns, partial information necessary for the global computations that
drive adaptive behavior.

Consider a dog that has learned to avoid a specific type of plant after ex-
periencing its bitter taste and rough texture. When the dog encounters this
plant again : visual information in occipital regions processes the distinctive
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leaf shape and color; olfactory processing detects the particular scent of the
plant; somatosensory areas may process the texture as the dog's nose briefly
touches it. These converging sensory inputs induce an activity pattern sup-
ported by the engram formed during the original aversive experience. This
engram corresponds therefore to the synaptic modifications that associated
these specific sensory features with the unpleasant taste. This distributed pat-
tern of activity triggers, through memory recall, the appropriate behavior :
avoidance. All the computations taking place in the different subcircuits are
potentially done in parallel and all individually weigh on the behavioral out-
come.

The pattern of neural activity associated with memory recall, together with
the engram that supports it, constitutes what is termed a memory representa-
tion. A memory representation can therefore be understood as the complete
functional unit underlying a memory. One primary characteristic of these me-
mory representations in the brain is that they overlap extensively. Overlap in
this context means that individual neurons or subnetworks involved in one
memory representation typically participate in numerous other representa-
tions corresponding to distinct experiences. The role of these overlapping re-
presentations is discussed in the following section.

2.2.2. Overlapping memory representation

Overlapping memory representations constitute a fundamental organiza-
tional principle in neural systems. In the brain, an overlapping memory repre-
sentation occurs when different memories are encoded using partially shared
populations of neurons and synapses. Rather than dedicating separate neu-
ral circuits for each memory, the brain reuses subnetworks to part|C|pate in
representing multiple memories ( , ; , ;

' ).

This feature is not incidental but is considered to serve important compu-
tational functions. Overlapping representations allow for generalization bet-
ween related experiences, thus supporting the extraction and consolidation
of features and abstract concepts from specific episodic events (

' ; ' ; , ; , ). This
ability to generalize across similar experiences is critical for adaptive behavior,
as it enables organisms to apply past learning to new, yet related, situations
( ' ).

A compelling illustration of this principle comes from studies of face pro-
cessing in the human brain. Research using high-dimensional face represen-
tations has demonstrated how face-selective regions encode different faces
through overlapping neural patterns ( , ; ,

; , ). In these studies, researchers found that individual
neurons in face-selective areas increase their firing rate for multiple faces that
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share similar features. For instance, the same neurons might show elevated
activity for different faces that have similar eye shapes or nose structures. This
means that the neural representation of one face partially overlaps with re-
presentations of other faces sharing those features, the greater the similarity
between faces, the more neurons they share in their representation.

In this thesis, Chap. 3 and 4 focus on studying neural networks that store
highly overlapping memory representations, consistent with observations in
the nervous system.

2.2.3. Locality

An aspect of neural computation that has been implicit in our discussion
thus far, but deserves to be made explicit, is the fundamental constraint of lo-
cality in neural processing ( , )- Unlike distributivity and overlapping
representations, which can be understood as organizational strategies, loca-
lity is an inescapable physical constraint that shapes how biological neural
networks must operate.

Locality implies that the information required for neural or synaptic up-
dates is accessible through local modulatory signals. In biological networks,
local events such as changes in calcium concentration in both the axon termi-
nal and the dendrite are considered the primary factors modulating synap-
tic strength ( , ; , ). Therefore, when a

synapse undergoes modification during learning, it relies predominantly on
neural activity patterns that can trigger these local events, such as presynap-
tic activity (the activity of the signal-sending neuron) and postsynaptic activity
(the activity of the signal-receiving neuron). As will be introduced in Sec. 3.1.2,
additional information is considered physically available at the synaptlc site
through local homeostatic regulatory mechanisms ( , ;
' ).

Other modulating factors also play an important role, notably volume-
transmitted neuromodulators that convey information about broader net-
work states ( , ; , ). These signals are critical for
setting network states, modulating broad patterns of activity, and setting plas-
ticity windows. However, the fine-grained specificity required to encode de-
tailed information, such as memories of specific smells or faces, is generally
considered to rely predominantly on the precise dynamics of individual sy-
napses shaped by local act|V|ty dependent and homeostatic processes (

, ; , ). However, this view has
been nuanced by work showing that neuromodulatory signaling can exhibit
more spatial specificity than traditionally assumed, with, for instance, dopa-
minergic projections gating plasticity for targeted synaptic populations in a
projection-specific manner ( , ; , ).

This locality constraint has profound implications on the way biological
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neural networks learn and adapt. It implies that learning rules depend pri-
marily on locally available information, which is consistent with plasticity me-
chanisms such as Hebbian learning, where connections strengthen between
neurons that fire together. In recognition of this fundamental constraint, the
principal work presented in this thesis (Chap. 4) has been designed with most
of the dynamics respecting locality, ensuring biological plausibility.

In the next section, we will introduce neuromorphic technologies, which
take inspiration from the architecture and dynamics of the nervous system to
perform their computations.

2.2.4 . Neuromorphic implementation

The computational principles embodied by the nervous system discussed
above serve as design directives for neuromorphic technologies. Although de-
tailed discussion of neuromorphic systems lies beyond the scope of this the-
sis, understanding their fundamental characteristics is essential, as the main
work presented here (Chap. 4) emphasizes solutions compatible with neuro-
morphic implementations.

Neuromorphic technologies are specialized hardware architectures that
emulate the computational principles, structure and dynamics of the nervous
system ( , : , ; , ). Most of these
systems implement distributed processing through arrays of artificial neu-
rons and synapses, support parallel computation across multiple processing
elements, and encode information in ways inspired by b|olog|cal neural com-
munication ( , ; , ; s ;

, ). By directly instantiating neural dynamics in silicon, neuromorphic
chips inherently respect the computational paradigm of biological neural net-
works, including distributed computation and overlapping representations.

Crucially, certain neuromorphic architectures typically enforce locality constraints,
as no central processing unit (CPU), orchestrates computations across the net-
work. Each computational element operates based primarily on locally avai-
lable information from its directly connected neighbors, reflectlng biological
constraints ( , ; , ; ' :

, ). Although certain hybrid architectures permit limited nonlocal
operations for practical purposes ( , ; , ), pure neu-
romorphic designs maintain strict locality to preserve biological fidelity and
enable massively parallel processing. By ensuring that the model developed
in this thesis relies exclusively on local dynamics, we therefore enhance not
only its biological plausibility but also its potential for neuromorphic hardware
implementation.

These technologies promise to better leverage bio-inspired network archi-
tectures by directly embeddlng computatlonal constraints and modalities into
hardware ( , ; , ; , ). Forins-
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tance, neuromorphic chips are expected to consume significantly less energy
and operate faster than traditional computers when running neural network
algorithms, as they avoid emulating neural dynamics on classical CPU-based
architectures. A primary source of these performance advantages is the po-
tential to circumvent the von Neumann bottleneck discussed in Sec. 2.3.2,
where data movement between memory and processing units creates com-
putational inefficiencies.

2.2.5. Conclusion

This section has examined some of the core principles of how neural cir-
cuits organize and perform computation : distributivity, which enables paral-
lel processing across decentralized populations of neurons; overlapping me-
mory representations, which allow efficient storage and generalization; and
locality, which constrains neural and synaptic computations to rely primarily
on locally available information. Together, these principles define a computa-
tional paradigm in which complex behaviors and cognitive functions emerge
from the collective activity of interconnected neural populations operating un-
der physical constraints.

These properties are not unique to biological systems but also charac-
terize many models of artificial neural networks, including deep neural net-
works (DNNs) and AMNs. However, the degree to which artificial systems im-
plement these principles varies considerably. Although distributivity and de-
centralization are embodied in virtually all neural network models, forming
the foundation of their computational architecture, the locality constraint is
respected only by certain models that prioritize biological plausibility or com-
patibility with neuromorphic implementations.

The following section introduces AMNSs, which represent a class of mo-
dels that effectively implements all these principles to perform associative
memory, enabling the storage and retrieval of memories from partial cues
while maintaining both biological plausibility and compatibility with neuro-
morphic hardware.
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2.3 . Associative memory networks

t=784

Figure 2.3 - Recovery dynamics of a discrete Hopfield network (DHN).
Each pixel represents the state of a neuron in the network, with pixel color
indicating the corresponding neuron’s state. The network stores a memory
pattern representing the digit "3". Starting from a noisy, partial cue of the
stored pattern, the dynamics evolve over time steps ¢, where each step cor-
responds to a network state update. The network successfully recovers the
complete stored pattern once the dynamics converge. DHNs are discussed in

detail in Sec. 2.3.4.
\@\
|-

Figure 2.4 - Typical architecture of an AMN. Illustration of a Hopfield net-
work (HN) architecture with multiple neurons interconnected through recur-
rent synapses (shown in color). Each neuron has an activity state x;.

Having examined the structure of the nervous system and its computa-
tional paradigm, we now turn to associative memory networks (AMNs). AMNs
are at the core of this thesis and provide an illustrative example of how dra-
wing inspiration from the nervous system enables the development of func-
tional models. AMNSs constitute a class of recurrent neural network models
in which memories correspond to activity patterns stored as attractor states
within the network dynamics.

When presented with a partial or corrupted version of a stored memory
(also called a query), they generate a trajectory in state space that converges
toward the complete, uncorrupted version of the stored memory. It is this
convergence dynamic that characterizes the stored states as attractors. We
can say that the network state is "attracted" toward the stored pattern. This
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process is known as pattern completion. However, this attraction does not
operate from every possible initial state. The set of initial states from which
the network dynamics converge to a given attractor is called its basin of at-
traction. Pattern completion occurs when the query falls within the basin of
attraction of the target pattern. The wider the basin, the more degraded or
incomplete a cue can be, while still leading to successful recovery.

Fig. 2.3 illustrates the typical recovery dynamics of an AMN, in this case, a
discrete Hopfield network (DHN). The stored memory corresponds to the bi-
narized image of the digit "3" from the MNIST dataset ( , ). The
network is initialized with a noisy cue that provides only partial information
about the stored pattern. As the network state is iteratively updated, it pro-
gressively converges toward the stored representation of the digit "3". This
cue therefore lies within the attraction basin of the stored pattern. DHNs are
presented in detail in Sec. 2.3.4.

For most of the models presented in this thesis, memories are stored
through modifications of synaptic connection strengths between neurons.
The connectivity scheme is typically highly recurrent, as illustrated in Fig. 2.4.
We say that a network is recurrent when neurons that send synapses to other
groups of neurons, potentially influencing their activity state, can also receive
synapses from these same neurons. Recurrence creates feedback loops that
influence the network’s dynamics over time and is, in the case of most AMNSs,
the cause of attractor states. This recurrent synaptic structure is therefore
crucial for the storage and retrieval properties of the network ( , ).

Having the storage and retrieval of patterns (memories) supported by mo-
difications of synaptic weights aligns with the concept of engrams as physical
substrates for memory in the nervous system. This mapping between synap-
tic changes and stored content is supported by extensive engram literature
demonstrating that reactivation of specific neuronal groups is both sufficient
and often necessary for memory recall ( , ; , ).

2.3.1. Content-Addressable Memory

One of the defining strengths of AMNSs lies in their ability to serve as content-
addressable memory (CAM). As shown in Fig. 2.3, the network is able to re-
trieve the memory using only partial information about the content of the
memory itself. This property, also called pattern matching or associative me-
mory, aligns well with how animals routinely recognize objects, situations, or
other animals despite occlusion, varying lighting conditions, or other sources
of noise.

A prototypical example is a prey spotting a predator in a bush : some in-
formation about the color or outlines of the predator is available, but most of
the information must be reconstructed due to occlusion in the visual scene.
The result of this reconstruction is a complete representation of the predator,
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which can then be directly used for classification (identifying it as a predator),
decision-making (initiating flight), or other behaviorally relevant tasks. CAMs
have indeed been applied to such tasks; for example, AMNs have been used
to improve image classification performance in DNNs ( , ).

To understand why this characteristic is remarkable, it is useful to com-
pare CAM with the way conventional computer memory operates. Conventio-
nal computers use Random Access Memory (RAM), which relies on location-
based addressing : information is stored at specific numerical addresses that
must be known exactly for retrieval. This means that each fragment of data (or
memory) is isolated in a specific location within the overall memory system.
Stored in this way, the memory cannot be queried based on its content. In the
previous example, providing only a partial cue, such as a noisy picture of a '3,
would not elicit the retrieval of the complete matching piece of information
(the full '3’ picture), since there are no inherent associative properties in this
storage scheme. In such architectures, another component external to the
memory system, such as the central processing unit (CPU) in a conventional
computer, must handle any form of comparison between stored items. To
achieve pattern matching, the CPU would first need to know the addresses
of all candidate memories, retrieve them one by one, and then run an ex-
plicit algorithm to compare them with the query. This process is sequential,
time-consuming, and entirely dependent on external control ( , )
in stark contrast to CAM systems, where associative matching is an inherent
property of the memory itself that occurs through its dynamics.

In summary, CAMs integrate within their architecture both the capacity
to store memories for later retrieval and the computational ability to match
patterns, allowing the stored information to be directly epr0|ted for recogni-
tion, classification, or decision-making tasks ( , ;

. ; ' ).

2.3.2. Von Neumann bottleneck

AMN are not only robust to noise and capable of content-based retrieval,
they are also, at least in theory, superior to traditional computer architectures
in that they offer a potential way to bypass a limitation known as the von
Neumann bottleneck ( , ).

This bottleneck arises from the fundamental design of the von Neumann
architecture, in which memory and computation are physically separated. In
such systems, as mentioned previously, the central processing unit (CPU) must
continuously fetch data from memory, perform the necessary operations, and
then write the results back ( , ; , ). For pattern mat-
ching, this requires retrieving each candidate memory one by one, transfer-
ring it to the CPU, and explicitly comparing it to the query. Because all these
operations require data switching back and forth along the same connection
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between the processor and memory, this link quickly becomes a bottleneck,
allowing only part of the data needed for the computation to transit at any
given moment, which in turn slows down the overall computation time (

, ). This architectural constraint, known as the von Neumann bottle-
neck, is particularly detrimental for tasks that require rapid associative retrie-
val ( , ).

By implementing AMNs on a neuromorphic substrate whose hardware di-
rectly mirrored the network’s dynamlcs (Sec. 2.2.4), this bottleneck could be
avoided ( , ; , )- In such an implemen-
tation, storage and computation would share the same physical substrate :
neurons and their connecting synapses would each be realized as dedica-
ted circuits, simultaneously holding the information that encodes the memo-
ries and performing the computations required for retrieval ( ,

). Presenting a partial cue would automatically drive the network toward
the matching memory through its own dynamics, without the need for an
external control loop or repeated data transfers. Because these operations
would occur in parallel across all neurons and synapses, each acting as a small
computational unit, the process would inherently distribute both data trans-
fer and computation over the entire network. This avoids the constant back-
and-forth of information between separate memory and processing units that
slows conventional von Neumann systems and therefore allows fast, efficient
associative matching ( , ; , ).
We will not delve further into this topic as it lies outside the scope of this the-
sis, but being aware of the von Neumann bottleneck helps explain the strong
interest surrounding AMN.

The strict reliance on implementation modalities, specifically the need for
neuromorphic hardware to fully exploit the advantages of AMN, is a key consi-
deration in this thesis. For this reason, we focus on learning rules and network
dynamics that are local and simple, ensuring compatibility with neuromorphic
implementation.

2.3.3. A model for the hippocampus

AMNs have long been considered as potential models for hippocampal
architecture and function, reflecting the central role of this brain structure in
memory formation and retrieval ( , ; , ). The hippo-
campus, particularly the CA3 region with its extensive recurrent connections,
exhibits architectural characteristics that are remarkably similar to those as-
sumed in AMN models ( , ; , ). The dense intercon-
nectivity, synaptic plasticity mechanisms, and pattern completion capabilities
observed in hippocampal circuits provide biological groundlng for the compu-
tational and structural features of AMNSs ( , ; ,

; , ).
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Recent experimental evidence has shown that hippocampal neurons form
distinct groups or assemblies that represent specific memories. Retrieval of
a given memory has been associated with the reactivation of its distinct hip-
pocampal assembly ( , ; , ). The phenome-
non of pattern completion in the hippocampus, where partial sensory cues
can trigger the recall of complete memory representations, directly parallels
the fundamental operation of AMNs ( , ).

Understanding AMNSs thus provides a valuable framework for investiga-
ting how biological neural circuits implement memory functions. By establi-
shing models that capture the essential features of hippocampal computa-
tion, we can generate testable predictions about memory storage capacity,
retrieval dynamics, and the conditions under which blologlcal memory sys-
tems fail or exhibit pathological behavior ( , ; ,

).

In the following sections, we examine the architecture of discrete Hopfield
networks (DHNs), which serve as a paradigmatic model of AMNs. We will be-
gin by introducing the McCulloch-Pitts neuron, the basic computational unit
of DHNSs, before describing in detail their architecture, memory storage me-
chanisms, and memory retrieval dynamics.
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2.3.4 . Discrete Hopfield Networks
McCulloch and Pitts model : the abstracted neuron

For the AMNSs presented here using binary units, such as DHNSs, the foun-
dational neuron model is the McCulloch and Pitts neuron (M-P neuron). War-
ren S. McCulloch and Walter Pitts introduced one of the earliest minimalist
models for a neuron in their seminal paper, "A Logical Calculus of the Ideas
Immanent in Nervous Activity" ( , ). By simplifying bio-
logical neurons to logical processing units, McCulloch and Pitts showed how
neural activity could be interpreted in terms of propositional logic, helping to
bridge the gap between neuroscience and computational sciences. The M-P

XN@\@)_,_,Y
) /@/ :

Figure 2.5 - Schematic of a McCulloch-Pitts neuron ( ,
) showing binary inputs, synaptic weights, summation, thresholding, and
binary output. Source : Wikipedia.

neuron (Fig. 2.5) is defined as :
y=H(h)

with 4 the neuronal drive
N
h= ZW,'X,' -0
i=1

and H(x) the Heaviside function

1 ifx>0
H(x) = .
0 ifx<O

Therefore, M-P neurons are characterized by the following elements :

* Inputs {x;} : A set of binary inputs x; € {0,1} with i € {1,...,N} where
N is the number of inputs. They correspond to variations in membrane
potential at the soma or dendritic tree induced by signals from other
neurons carried by synapses.

+ Weights {w;} : Each input x; is associated with a weight w;. In the ori-
ginal M-P model, the weights were often restricted to 1 or —1, which
correspond, respectively, to excitatory and inhibitory connections. Mo-
dern variants allow for real-valued weights. The weight corresponds to

36



the variable intensity of the depolarization induced by presynaptic acti-
vity. The larger the weight, the more the associated input will influence
the state of the neuron.

* Threshold 0 : A constant that determines whether the sum of weighted
inputs is sufficient to "activate" the neuron.

+ Drive i: Corresponds to the netinputintegrated by the neuron with 7 =
Y iwix;. This net input "drives" the activity of the neuron toward activated
(1) or inactivated (0) states.

« Output y: A binary outputy € {0,1} such that:

1 ifh>0,
y=H(h)= ,
0 otherwise.

Neurons are not the only components of the nervous system that exhibit the
general characteristics of the M-P neuron. The dendritic tree of cortical pyra-
midal neurons can perform nonlinear integration of presynaptic S|gnals and,
therefore, may be modeled using M-P neurons ( , ;

, ). In addition, entire populations of neurons can be considered
as functional units, integrating signals from various sources and generating
nonlinear outputs. Therefore, computational nodes from the network models
considered in this thesis could correspond to any of these biological consti-
tuents. However, we will still refer to them as neurons for readability throu-
ghout the remainder of this work.

In the next section, we discuss DHNSs, for which the fundamental compu-
tational units are M-P neurons.

Discrete Hopfield networks (DHNs) constitute one of the most influen-
tial AMN models. Introduced by John Hopfield in 1982 ( , ), DHNs
are recurrent neural networks designed to store and retrieve memory states
through their dynamics. The network consists of a fully connected population
of neurons that update their states according to a deterministic rule. Fully
connected means that every one of the neurons sends a synapse to every
other neuron, as shown in Fig. 2.4.

As discussed in Sec. 2.3, a key feature of Hopfield networks (HNs) is their
ability to perform pattern completion. For pattern completion to occur, the
network is initialized with a partial or noisy version of a stored pattern (the
query). The network dynamics are then simulated until convergence. Conver-
gence corresponds to the state at which, despite further simulating the dy-
namics of the network, the state of the network does not change anymore.
If the convergence is successful, the state of the network corresponds preci-
sely to the stored pattern. If the input query (the initial state) corresponds to
a noisy version of the stored pattern, the final state of the network is there-
fore a "denoised" version of the query. The whole procedure is visualized in
Fig. 2.3.
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These dynamics arise from the fact that, following the storage procedure,
the network states corresponding to the stored patterns constitute attractors
toward which the network state evolves when updated. Although originally
formulated for binary neurons, the model has been extended to continuous
variables and has found applications in optimization problems and pattern
recognition, serving as a foundational framework for understanding memory
storage in neural systems ( , ; , ). The main
work of this thesis presented in Chap. 4 uses continuous Hopfield networks
(CHNSs), which, rather than using binary M-P neurons, use continuously valued
units. Despite being a different model, all the properties highlighted in this
section hold for CHNs.

Since DHNs serve as a key example for understanding the challenges of
storing correlated patterns in AMNs (Chap. 3), the next section discusses their
architecture and update scheme.
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Structure and dynamics of DHNs

DHNs are composed of many M-P neurons interconnected by real-valued
synapses. For N binary units, we define the state vector s = (s,...,sy) €
{—1,1}" and the weight matrix W € R¥*¥  with W;; the weight of the connec-
tion from unit j toward unit i, such that :

hi(r) = Y Wijs (1) 21)

J

where 4; is the net input (or drive) of unit i. In the standard asynchronous up-
date scheme, a randomly chosen unit i is updated according to the following
rule:

1 ifh(r) >0,
si(t+1) = (2.2)
—1 otherwise,
where 0 is the activity threshold. The update dynamics are detailed in Sec. 2.3.4.

Classic DHNs enforces the symmetry of the weight matrix, which means
that Vi,j W;; = Wj;. Under these circumstances, the dynamics are guaran-
teed to converge to a fixed point, which therefore constitutes an attractor
( , ). Some implementations also remove synapses that connect a
neuron to itself (autapses) by setting the diagonal terms W; = 0. This facilitates
certain analytical studies of the network’s properties and slightly improves
storage performance ( , ). In our case, we will consider that these
synapses can have non-zero values, as this facilitates some of the analytical
approaches used in Chap. 3.

Moreover, classic DHNs operate with bipolar neuron states (—1,+1), in
contrast to the original M-P neurons that use binary states (0, 1). At first glance,
this choice appears to be less biologically plausible, since real neurons cannot
exhibit negative firing rates. However, simple transformations, such as affine
rescaling of the activation function or an appropriate offset in the synaptic
input, can reconcile this discrepancy ( , ). These adjustments
preserve the fundamental convergence properties of the model while allo-
wing it to operate with binary (0/1) neuron states, thus improving its biological
interpretability without sacrificing mathematical tractability.
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Plasticity as a Memory Storage Mechanism

For DHNs to serve as models for associative memory, a mechanism is
needed to allow the storage of memories for subsequent retrieval. The me-
chanisms considered in this thesis are mainly based on modifying synaptic
weights W to establish the state of the network associated with stored me-
mories as attractors in network dynamics, with the exception of the modern
Hopfield networks that are quickly discussed in Chap. 3.

A'memory’ here corresponds to the information encoded in the network
by an explicit storage process such as the modification of the connection
weights. When using neural networks (NNs) as associative memories, it is ty-
pically the information the user wants to recover from partial queries. The
terms 'stored pattern’, 'memory’ and ‘memory state’ will be used interchan-
geably throughout this work.

The first mechanism used to allow the storage of memories in DHNSs, intro-
duced by Hopfield in his seminal paper, is a form of Hebbian learning (

, ). Hebbian learning refers to a class of plasticity rules where the
change in synaptic strength between two neurons is proportional to the pro-
duct of their activities as introduced in Sec. 2.1.2. Given a set of M patterns
{x*}M to be stored as memories, the weight matrix is constructed as :

1 M
Wij =5 25 (2.:3)
u=1

where N is the network size. N serves as a normalization factor that does not
affect the dynamics of the network, but facilitates the subsequent analytical
treatment.

Eq. 2.3 can be viewed as a sum of independent plastic events, where each
pattern p contributes to the weight matrix through :

AW, = %xflx‘;
Each stored pattern thus modifies the same set of synaptic weights. A parallel
can be drawn between these plastic events and engram formation as discus-
sed in Sec. 2.1.2. Each plastic event can be seen as the formation of a new
engram underlying a new memory.

It is important to note that this plasticity occurs only during the storage
phase, when patterns are encoded into the network weights. During retrieval,
when the network dynamics induces pattern completion from partial que-
ries, the weights remain fixed, and only the neuron states evolve according
to Eq. 2.2 for an asynchronous scheme (more details on the different update
schemes are given in the next section).

The storage capacity of DHNs is limited. When the number of stored pat-
terns exceeds approximately 0.14N (where N is the network size), the network
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enters a spin glass phase characterized by many strange attractors that do not
correspond to any stored pattern ( , )- In this regime, retrieval
becomes unreliable as the network may converge to spurious states rather
than to the stored memories. Spurious states are discussed in Sec. 3.1.1.

The apparition of a spin glass phase is a form of catastrophic forgetting
(CF) for which the network’s ability to retrieve previously stored patterns de-
grades quickly as new patterns are added above the capacity limit. This capacity-
induced forgetting differs from the correlation-induced forgetting that arises
when storing strongly overlapping patterns, which will be the primary focus
of Chap. 3.

Once patterns are stored, the network dynamics must be simulated to
enable retrieval from partial cues. The next section describes the two main
strategies used to simulate the retrieval dynamics.

Retrieval dynamics

A typical retrieval procedure begins by initializing the network with a par-
tial query associated to a stored pattern s(0) = (x*)’, with (x*)’ the partial
query associated to the stored pattern x*. (x*)’ can be a noisy version of the
stored pattern, as shown in Fig. 2.3.

After this initialization, an update scheme is applied to simulate the dyna-
mics of the network until convergence.

Two main update schemes are used to simulate DHN dynamics : asynchro-
nous and synchronous updates. Each has distinct computational properties
and convergence behaviors.

For asynchronous updates (Alg. 1), only one randomly selected neuron
changes its state per time step. This guarantees convergence to a fixed point
for symmetric networks ( , ).

Synchronous updates (Alg. 2) change all neurons’ states simultaneously
according to the current state of the network. Synchronous updates can be
computationally less demanding, as convergence is usually achieved in few
updates (such as 4), but may lead to oscillatory behavior rather than success-
ful convergence to a fixed point ( , ).

Successful retrieval occurs when the state after convergence corresponds
to the stored state x* associated to the query (x*)'.

The simulation shown in Fig. 2.3 is based on the asynchronous update
scheme.
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Algorithm 1 Asynchronous Update

=

Initialize the network with partial query s(0) = (x*)’
t<0
while not converged do
Select random uniti € {1,...,N} with equal probability
h; < ZjVViij(l)
si(t+1) < sign(h;)
tt+1
end while
return s(r)

O XN U R WN

Algorithm 2 Synchronous Update

=

. Initialize the network with partial query s(0) = (x*)’
t<0
while not converged do
fori=1toNdo
hi <Y, ;Wijsj(t)
si(t+1) < sign(h;)
end for
t—t+1
end while
return s(t)

Y N oo A WN

-
e

2.3.5. Conclusion

AMNs exemplify how some of the core aspects of neural architecture can
lead to functional models : distributed processing, parallel operation, and
emerging functionalities arising from local interactions. Through their recur-
rent dynamics, these networks achieve information storage and retrieval in a
manner that is considered to mirror biological memory systems.

Rather than localizing the information specific to a single memory in an
isolated part of the memory system, AMNs encode memories through distri-
buted synaptic modifications across all neurons in the network. This distri-
buted organization enables the decentralized computational paradigm des-
cribed in Sec. 2.2.1, where each neuron acts like a voter casting its decision
based on local inputs. Pattern completion dynamics emerge from these col-
lective choices.

AMNSs present computational advantages, especially when considering their
implementation in hardware architectures that can leverage parallelization,
such as neuromorphic hardware. Unlike conventional von Neumann systems
that separate memory and computation, these brain-inspired architectures
can exploit the distributed nature of AMNs to achieve efficient, parallel pro-
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cessing for pattern storage and retrieval.

Beyond their computational potential, AMNs are considered to emulate
properties of parts of the nervous system such as the hippocampus, offering
opportunities to deepen our understanding of memory storage and retrieval
mechanisms in the brain.

To provide a concrete example of AMNSs, we presented DHNs. DHNs are
considered the prototypical implementation of AMNs and will be extensively
discussed throughout this thesis. The main contribution of this thesis, presen-
ted in Chap. 4, is based on continuous Hopfield networks (CHNs), which are a
variant of Hopfield networks that exhibit similar fundamental properties.

While AMNs demonstrate capabilities for storing and retrieving patterns,
they face a fundamental challenge when required to continuously learn new
information : the storage of new patterns can interfere with and overwrite
previously stored memories. This phenomenon, known as catastrophic for-
getting (CF), affects not only AMNSs but also most ANN models. The following
section explores how rehearsal techniques mitigate this problem in ANNs and
the parallels that can be drawn between these computational strategies and
the memory replay dynamics observed in the brain.
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2.4 . Memory replay and rehearsal methods

When artificial neural networks (ANNs) learn new information, they tend
to forget previous learning in an uncontrolled manner. This phenomenon is
called catastrophic forgetting (CF).

Extensive research in machine learning demonstrates that ANNs benefit
from revisiting previously learned data when learning new information. This
process, called rehearsal, helps mitigate CF ( , ; , ;

' ).

In parallel to these computational considerations, it has been found that
the brain revisits activity patterns that correspond to past experiences, mainly
during sleep ( , ; , ; ,

; , ). This phenomenon is called memory replay (MR).

These biological observations, combined with computational considera-
tions, motivate the following hypothesis : the brain could use MR to mitigate
CF, similar to how artificial neural networks benefit from rehearsal.

In this chapter, we examine the phenomenon of MR in the brain and its
functional interpretations through the lens of machine learning approaches.
Understanding MR, its biological basis, and its application in machine learning
techniques provides the essential background necessary to appreciate the
motivations behind the work presented in Chap. 4.

2.4.1 . Memory replay in the brain

A memory replay (MR) is the reactivation of an activity pattern in a popu-
lation of neurons that mirrors the activity pattern originally observed in this
population during a specific experience. This reactivation occurs without re-
exposure to any stimulus that could have initially induced the activity pattern.
We therefore say that this phenomenon is spontaneous.

A well-studied example occurs in the hippocampus, a brain region crucial
for memory formation ( , ). The first direct evidence came
from recordings in the CA1 region of the hippocampus in rats : groups of neu-
rons that were active during the exploration of an environment tended to be
reactivated during subsequent sleep periods ( , ).
In later work, replay was reported during rapid eye movement (REM) sleep,
a phase during which vivid dreaming occurs and memory processing is often

discussed ( , ; , ). MR has also been repor-
ted in the same region during other phases of sleep, such as slow-wave sleep
( , ). Additional work showed that replay in the hippocampus

can coincide with activity in the primary visual cortex (V1), indicating coordi-
nation between large populations of neurons in the central nervous system

( , ). Replay has also been observed in hippocampal CA1 during
quiet wakefulness, when animals are immobile or pausing between move-
ments ( , ; ' ).
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MRs are especially common during events that organize cortico-hippocampal
communication, notably sleep spindles : brief bursts of rhythmic activity (9-16
Hz) produced by interactions between the thalamus and cortex. These events
are easily visible on an electroencephalogram ( , ;

, ). During spindles, the influence of external inputs, such as sen-
sory modalities, is reduced, and intracortical information flow is favored, thus
priming autonomous replay-like activity (Ngo, )-

Historically, one of the first hypotheses to emerge proposed that replay
events facilitate long-term memory storage by transferring newly formed me-
mories from the hippocampus to the neocortex, where they can be maintai-
ned over long periods ( , ). In support of this view, stu-
dies have documented a progressive shift from hippocampal to neocortical
structures that underlies successful memory recall after offline (sleep-related)
consolidation periods ( , ). This view is entirely focused
on the role of replaying recent experiences for the long-term consolidation
of newly learned information. It is important to mention this hypothesis, as it
represents the first widespread theory on the role of replay during sleep and
already implicates replay in a continuous learning (CL) framework, namely the
ability to store memories long-term to prevent forgetting.

The above view emphasizes the role of revisiting recent experiences for
the consolidation of newly learned information. However, converging evidence
indicates that replay is not limited to recent experiences. Replay can target
previously encountered remote experiences, including trajectories or loca-
tions that are significant but have not been recently experienced (

, ; , ). The replay dynamics therefore appear able
to sample from the archive of past experiences. This observation has motiva-
ted a complementary functional interpretation. In this interpretation, some
replays act as rehearsal and serve to stabilize established memories against
drift and interferences induced by new Iearnlng rather than consolidating
newly acquired information ( , ; , ).

Machine learning and computational neuroscience studies have explored
the advantages offered by implementing a rehearsal mechanism inspired by
MRs for the training of ANNs. The following sections discuss these methods.
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2.4.2 . Rehearsal and continuous learning in artificial networks

Rehearsal is a technique that allows ANNs to mitigate catastrophic forget-
ting (CF). CF occurs when an ANN abruptly and drastically forgets previously
learned information upon learning new data. This phenomenon poses a fun-
damental challenge for CL, in which networks must adapt to new contexts
while preserving potentially important information acquired from past expe-
riences.

By revisiting previously learned data while also training on new data, ANNs
can selectively strengthen the synapses that support the encodlng of both
old and newly acquired information ( , ; , ;

, ). We say that rehearsals allow an ANN to find the joint synaptic
distribution that supports the retention of past and current experiences (

, ). The emergence of such a joint synaptic distribution in ANNs is
illustrated in the next section. This restructuring of synaptic weights can be
interpreted as a form of credit assignment, determining which connections
should be preserved, modified, or strengthened to accommodate old and new
knowledge.

The necessity for rehearsal arises from the fundamental architecture of
neural networks : the same neurons and synapses that encode existing know-
ledge must be recruited to learn new information, as discussed in Sec. 2.2.2.
This overlapping substrate can cause new learning to disrupt previously es-
tablished connections. These disruptions are known as interferences. When
such interferences severely impair the network’s function, the phenomenon
is termed catastrophic interference. Catastrophic interference is the primary
cause of CFin ANNSs ( , ; , ). Without a me-
chanism to compensate for these disruptions, the network’s performance on
earlier tasks degrades severely. As will be seen in Chap. 3, in the case of AMNs,
rehearsal offers the opportunity to reduce interferences, which explains its ef-
ficacy in mitigating CF. For other types of ANNs, such as deep neural networks
(DNNs), it would be overly reductive to claim that rehearsal mitigates CF solely
by reducing interferences, but this issue lies outside the scope of this thesis.
In any case, the goal remains to find a joint synaptic distribution that supports
the retention of past and current experiences, as mentioned above.

In conventional training of DNNs used for state-of-the-art applications,
such as large language models (LLMs) for text generation or diffusion net-
works forimage synthesis, rehearsal is implicitly present during learning. These
networks typically loop through their training datasets multiple times (epochs)
or employ heterogeneous sampling strategies that allow the same informa-
tion to be interleaved repeatedly throughout training, a method called batch
learning ( , ). This continuous re-exposure to diverse data helps
maintain performance across the full range of learned information. Batch
learning is therefore generally considered to fully mitigate CF. Matching its
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performance under incremental learning constraints can thus be seen as a
natural benchmark for continuous learning methods.

When training on new data and without the ability to rehearse examples
from their original training distribution, state-of-the-art architectures expe-
rience strong CF( , ; , ). Inthese large-
scale networks, CF is particularly dramatic, as the network not only forgets
anecdotal information (such as a specific date), but also tends to forget abs-
tract concepts or learned features underlying its ability to perform complex
tasks.

In the context of ANNSs, learning from new data to improve a model’s per-
formance on a specific task that the original dataset does not sufficiently cover
is called fine-tuning. Typically, fine-tuning must be performed without access
to the original dataset for rehearsal, enabling users to specialize their models
on their own data without requiring access to the entire initial training set.
Extensive fine-tuning typically induces CF ( , ;

, ). It is important to note that for large models, a small amount of
fine-tuning does not induce CF initially, but the extensive fine-tuning often ne-
cessary to achieve strong performance on new data does ( ,

; , ). From this perspective, extensive fine-tuning re-
presents a CL scenario in which existing approaches fail to adequately pre-
serve crucial knowledge from the original training dataset when assimilating
new data.

In summary, rehearsal is a method that allows networks to circumvent
CF. However, existing methods require the network to have access to all or
part of the previous training dataset when learning new data. This external
source acts as a teacher that reviews previous material with its students to
prevent forgetting when introducing new information : the network is “given”
the data considered necessary to avoid CF. In that sense, the network is not
autonomous when performing rehearsal.

If we consider the ANN as a learning agent, rather than merely a com-
ponent within a larger system that includes external data storage, this lack of
autonomy poses a fundamental problem for CL. Under this perspective, “true
CL" requires the agent to preserve important information from previously
learned data. If the agent can simply access past data from an external source
whenever needed, there is no genuine requirement to mitigate forgetting, as
it can always retrain on those data after learning new tasks. Thus, continuous
access to past data effectively eliminates the core challenge of CL. Autonomy
in memory management is therefore an essential, though often implicit, re-
quirement for genuine CL that deserves explicit recognition.

From this perspective, the brain provides an instructive example. In es-
sence, the brain is an autonomous agent that cannot rely on an external me-
mory system to rehearse information. In fact, through spontaneous MRs, the

47



brain appears to generate its own rehearsal internally. These observations
motivate the hypothesis that the brain may fine-tune new information during
wakefulness and rehearse past information during sleep to avoid CF.

We can imagine a similar scenario for an ANN. We perform a small amount
of fine-tuning on new data (analogous to awake activity). We then let the net-
work “sleep,” which induces rehearsal on internal memory representations to
prevent forgetting. We then continue fine-tuning during subsequent awake
phases and allow MRs during sleep phases. This interleaving of awake (fine-
tuning) and sleep (rehearsal through MRs) periods would allow CL from an
ongoing stream of data without requiring any portion of the previously en-
countered dataset to be made available at any time.

These considerations motivate the development of new models capable
of autonomously revisiting all or part of previously stored information through
the dynamics of the neural network itself. Such networks would be able to
orchestrate rehearsal autonomously and thus seamlessly integrate new lear-
ning with existing knowledge.

In the next section, we examine two specific studies that demonstrates
how bio-inspired networks can implement autonomous rehearsal by sponta-
neously reactivating previously learned activity patterns.
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2.4.3 . Autonomous rehearsal

In this section, we review two studies that demonstrate how bio-inspired
networks can mitigate CF during CL through internally generated activity.

Both approaches employ a form of pseudorehearsal ( , ) : the
activity patterns produced by the network’s internal dynamics during spon-
taneous activity phases do not necessarily correspond exactly to any specific
stored memory. As discussed in the previous section, rehearsal on the exact
stored data is generally considered to fully mitigate CF. Therefore, we can hy-
pothesize that the partial efficacy of these methods is due to the fact that
training on pseudo-replays does not allow the network to fully recover infor-
mation lost during CL.

In contrast, the mechanism proposed in the main work of this thesis (Chap. 4)
enables, with high probability and under favorable conditions, the retrieval of
exactly the stored patterns and no other. We refer to this property as perfect
retrieval. When all stored patterns are recovered during spontaneous activity,
the learning algorithm has access to the complete set of stored patterns for
training, as in batch learning, thus completely preventing CF.

Despite this difference between pseudo-reharsal and proper rehearsal,
the method presented here shares many common points with the main work
of this thesis and therefore deserves proper review.
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Catastrophic Forgetting and the Pseudorehearsal Solution in Hopfield-
type Networks

The thesis by Simon McCallum ( , ), titled Catastrophic For-
getting and the Pseudorehearsal Solution in Hopfield-type Networks, is the closest
precursor to the work presented in Chap. 4. McCallum mitigates CF in discrete
Hopfield networks (DHNSs) by training the network not only on new patterns
to be stored, but also on states recovered during spontaneous activity phases
analogous to sleep.

McCallum employs the following protocol each time a new pattern is ad-
ded to the network :

1. Before storing a new pattern, the network is probed with a large number
of random input states, each relaxed to convergence under the network
dynamics (Sec. 2.3.4).

2. This variety of recovered states is then combined with the new pattern
to form the complete training set.

3. Then a learning algorithm is applied to store the complete training set
on the network.

The network, when storing a new pattern does not have access to past me-
mories, it is therefore a CL protocol.

The learning algorithm used to store the complete training set is called
deltalearning rule in the work of Mccallum, and we formalize it as the Gradient
descent algorithm (GDA) in the context of this thesis. This algorithm/plasticity
rule is detailed in Sec. 3.1.2.

By including the recovered states in the training set, the network is trai-
ned both on the new pattern and on states that implicitly encode information
about the existing attractor landscape. The forgetting induced by the storage
of the new pattern is thereby mitigated, as the learning algorithm tends to
preserve the basins of attraction (Sec. 2.3) of previously stored patterns.

The convergence from random initial states employed during pseudore-
hearsal does not guarantee that the recovered states correspond to stored
patterns. The network may also converge to spurious attractors, i.e. stable
states that do not correspond to any stored pattern (Sec. 3.1.1, Fig. 2.7). The
population of recovered states therefore contains two types : true items, which
correspond to stored patterns (true memories), and pseudoitems, which are
spurious stable states (false memories). The presence of pseudoitems in the
recovered population gives the procedure its name : pseudorehearsal.

McCallum showed that training on pseudoitems alone, by removing any
true item from the recovered population, partially preserves the basins of at-
traction of previously stored patterns. This surprising result is at the core of
pseudorehearsal as formalized by ( )- A network is able to partially
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prevent the degradation of true memories by generating 'dreams’ that do not
correspond to the actual stored memories but constitute a form of proxy.

However, training on the recovered population remains substantially less
effective than perfect rehearsal, in which the learning algorithm is applied to
the exact set of stored patterns (containing all the true memories and no
others).

As shown in Fig. 2.6, pseudorehearsal partially mitigates CF, maintaining
a plateau of stable patterns that scales with the number of recovered states
used for rehearsal. A pattern is said to be stable if, when the network is ini-
tialized in that state, the dynamics leave it unchanged. Stability is a necessary
condition for a pattern to be considered as stored, but it is a weak criterion :
a stable pattern may possess a narrow basin of attraction that makes it unre-
trievable from a degraded cue.

The recovered population only constitutes an approximate and incom-
plete representation of the set of stored patterns, which limits the efficacy of
the rehearsal process. The work presented in Chap. 4 pursues the same ob-
jective of mitigating CF through autonomous rehearsal, but differs in a funda-
mental respect : rather than training on a mixture of true items and pseudoi-
tems, our method aims to recover exactly the stored patterns, and no other, a
property we refer to as perfect retrieval. As we demonstrate, for small memory
loads, the autonomous retrieval mechanism presented in Chap. 4 indeed re-
covers only the stored patterns with high probability. No pseudo-items are
generated.

A detailed reproduction and extension of McCallum'’s experiments, toge-
ther with a comparison between our method and McCallum's pseudorehear-
sal, is presented in Sec. 4.8.5.

In the next section, we review a second study pursuing a similar objective
in a different architecture : Golden et al. ( , ) demonstrate that
sleep-like spontaneous activity can mitigate CF in feedforward spiking neural
networks.
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Figure 2.6 - Pseudorehearsal in a DHN (adapted from ( ).

Number of stable patterns as a function of the total number of patterns lear-
ned, for a network of size N = 100. Prk denotes the number of pseudo-items
used for rehearsal : for each new pattern to be incorporated, at most & states
recovered from the network dynamics are combined with the new pattern for
training. Pro corresponds to the no-rehearsal baseline.

t=784

Figure 2.7 - A discrete Hopfield network (DHN) converging to a spurious at-
tractor when initialized from a random state. In McCallum’s pseudorehearsal
protocol, many of the recovered states correspond to this kind of spurious
attractor.
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Sleep prevents catastrophic forgetting in spiking neural networks
by forming a joint synaptic weight representation.

Here we focus on the work of ( ), which also inspired the
research presented in this thesis.

Before describing their work, it is important to clarify the terminology and
training protocols used in this computational neuroscience context. Golden
and colleagues use the term “sequential training” to describe a scenario where
a network learns one task during an extended period before moving on to the
next, without the ability to rapidly alternate between learning phases on dif-
ferent tasks. As discussed in the Introduction, this constraint mirrors natural
learning conditions faced by animals, including humans. For instance, during
summer an animal may master specific foraging techniques, then must adapt
to entirely different strategies when winter arrives; there is no opportunity to
practice both skill sets simultaneously because the relevant environmental
conditions do not coexist. This temporal separation of learning experiences
is precisely the challenge addressed by “incremental learning” in the AMN lite-
rature (Sec. 3.2.1). Both sequential and incremental learning describe specific
instances of the broader CL paradigm discussed in the Introduction. We main-
tain the terminology native to each field throughout this thesis to facilitate
engagement with the respective literature.

In their specific implementation, the default sequential training protocol
involves training on Task 1 (T1) for an extended period, then training on Task
2 (T2) for a subsequent extended period, reflecting the constraint of having
access to only one task at a time. For this network, as in most neural net-
work models, this sequential protocol typically leads to CF, whereby learning
T2 causes the network to lose the information necessary to perform T1. In
contrast, non-sequential learning corresponds to training on both tasks in a
rapidly interleaved manner, mimicking a scenario in which training on both
tasks occurs in close temporal proximity. In this configuration, the interlea-
ved protocol enables the successful learning of both tasks without forgetting.

The key innovation in their approach was the implementation of sleep
phases that effectively reproduce the benefits of non-sequential interleaved
learning without requiring training on both tasks in close temporal proximity.
During these sleep periods, the input layer was silenced while hidden-layer
neurons received Poisson-distributed spike trains calibrated to maintain fi-
ring rates similar to those observed during task training. Crucially, this noise-
driven activity allowed the network to spontaneously replay previously lear-
ned activity patterns, essentially creating aninternally generated training phase
that supported learning of both tasks despite the temporal separation constraint.

Fig. 2.8(a) presents a simulation during which a network is trained on T
and T2. The simulation begins with a training phase on T1, during which the
task is presented many times (blue area). At this point, the network performs
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well on T1 but not on T2, as T2 has not yet been learned. The simulation conti-
nues with the network learning T2 for a certain period (red area). This new
learning induces forgetting of T1. As the simulation progresses, rather than
only presenting T1 for an extended period (which would induce forgetting of
T2), a sleep phase is introduced. Interleaving sleep periods (shown in gray)
with training on T1 preserves performance on T2 while enabling successful
learning of T1. This occurs because during sleep periods the network revi-
sits activity patterns reminiscent of T2, which prevents forgetting of T2 while
learning T1. The study revealed that this sleep-like replay allows the synaptic
weight configuration to evolve toward the intersection of the two manifolds
in weight space that support learning of both T1 and T2 (Fig. 2.8(b)). In simpler
terms, the network can find a configuration of synaptic weights that retains
the information necessary to perform both T1and T2.

In this setup, the network does not rely on accessing past data to enable
learning of new tasks while maintaining performance on old ones. The mo-
del is a self-contained, autonomous, adaptive system that can continuously
fit both old and new data without requiring external storage of previously en-
countered training examples. The network generates its own internal replay
through sleep-like states. This property enables the system to operate in dy-
namic environments where previous training data may be unavailable.

Similarly to McCallum’s pseudorehearsal (Sec. 2.4.3), the activity patterns
generated during sleep-like phases in Golden et al.'s framework do not, in ge-
neral, correspond exactly to any specific previously learned representation.
Both methods therefore rely on a form of pseudorehearsal : the internally
generated activity provides an approximate representation of previously lear-
ned information. Learning/plasticity on this activity partially mitigates CF but
does not eliminate it entirely.
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Figure 2.8 - Autonomous rehearsal through sleep prevents catastro-
phic forgetting in spiking neural networks (adapted from Golden et al.
(2022)). (a) Performance dynamics during sequential task learning with inter-
leaved sleep periods. The Red line shows mean performance and dark blue
lines indicate variability (e.g., =1 SD) on the current task. During Task 1 (T1)
training (blue shaded area), the network is trained and tested on T1 to obtain
the performance score; similarly for Task 2 (T2) training (red shaded area).
T1testing (green shaded areas) reveals catastrophic forgetting—performance
on T1 drops dramatically after T2 training. However, the Interleaved S, T1 per-
iod (gray shaded area), consisting of alternating sleep and T1 training, allows
the network to recover performance on T1 while maintaining T2 performance
through autonomous rehearsal dynamics (yellow shaded areas indicate T2
testing). (b) Synaptic weight-space visualization showing task-specific mani-
folds MT1 (red) and MT2 (blue) and their intersection MT1 N MT2 (green).
Sequential training (purple arrow) causes direct jumps between manifolds,
leading to forgetting, whereas Interleaved S,T1/T2 training (green trajectory)
guides the network toward the intersection where both tasks can be sup-
ported. (c) Feedforward architecture with three layers—input (7x7), hidden
(28 x28), and output (3x3)—connected through plastic synapses.
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2.4.4 . Conclusion

Rehearsal, defined as revisiting previously learned data, effectively pre-
vents catastrophic forgetting (CF) in ANNs by enabling the discovery of sy-
naptic configurations that accommodate both old and new knowledge. Simi-
larly, evidence demonstrates that the brain spontaneously replays memory
patterns during sleep and quiet wakefulness, suggesting that biological neu-
ral networks may employ comparable rehearsal strategies to mitigate CF. Re-
hearsal strategies in ANNs typically require access to all or part of the training
dataset from an external source. In contrast, the brain must operate auto-
nomously when performing rehearsal, relying exclusively on self-generated
neural activity.

Moreover, autonomy represents not merely a constraint affecting lear-
ning in biological systems but emerges as a fundamental requirement for CL.
Relaxing this requirement essentially eliminates the need to address CF al-
together, as agents could simply retrain on externally stored data whenever
necessary, rather than genuinely preserving previously acquired knowledge
within the network itself.

From a practical perspective, autonomous rehearsal would offer signi-
ficant advantages for real-world applications. It would enable third parties,
such as enterprises, to fine-tune models without requiring access to proprie-
tary training datasets, which is a critical consideration for large language mo-
dels (LLMs) trained on vast portions of the internet and sensitive human-
generated data. Furthermore, autonomous rehearsal would empower em-
bedded Al systems in robots, autonomous vehicles, and edge devices to conti-
nuously adapt to new environments while preserving essential capabilities, all
without dependency on external data storage or connectivity.

Perhaps more importantly, understanding the mechanisms that enable
autonomous rehearsal in ANNs could offer significant insights into how the
brain performs memory replay and mitigates CF.

As mentioned in this section, CF arises from the way memories are stored
in both ANNs and the brain : the same neurons and synapses that encode
existing knowledge must be recruited to learn new information. This charac-
teristic of memory storage in neural networks induces interferences that de-
grade information related to previously learned data. In Chapter 3, we will
discuss how and why interferences occur in AMNs and how to mitigate them.
The next chapter first provides a brief review of alternative methods that en-
able CL in bio-inspired network architectures.
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2.5 . Alternative Continuous Learning Approaches

The previous section reviewed how rehearsal can mitigate CF by enabling
the discovery of synaptic configurations that support both old and new me-
mories, which constitutes the core topic of this thesis. This section, by contrast,
broadens the scope to examine other biologically plausible CL solutions.

Rather than relying on rehearsal, these approaches address the tension
between learning and memory preservation through alternative mechanisms.This
tension, formalized by Grossberg as the stability-plasticity dilemma (

, ), captures a fundamental constraint faced by any learning system
that uses shared resources to encode multiple experiences : excessive plas-
ticity allows new learning but erases existing memories, whereas excessive
stability preserves old memories but prevents adaptation. The two methods
reviewed in this section address this dilemma through strategies that regulate
plasticity rather than rehearsal : Adaptive Resonance Theory, a family of ar-
chitectures that gates learning through a resonance mechanism, and Elastic
Weight Consolidation, which selectively reduces plasticity on synapses dee-
med important for past tasks.

2.5.1. Adaptive Resonance Theory

Adaptive Resonance Theory (ART), introduced by Grossberg and later de-
veloped with Carpenter into a family of neural network architectures (
, ; , ), was explicitly designed to address
the stability-plasticity dilemma.
In its simplest form, an ART network can be understood as an AMN com-
posed of an input neuron population and a recognition population, connec-
ted through bottom-up and top-down plastic synapses. The architecture of
the network and its principal dynamics are illustrated in Fig. 2.9. The principal
steps of the ART dynamics are summarized below :

1. First, an input presented to the network induces an activity pattern in
the input population.

2. This input activity activates a specific group of neurons in the recogni-
tion population through bottom-up plastic synapses. This group of neu-
rons correspond to a category.

3. Once activated, the category neurons project back an expectation through
top-down synapses onto the input population. This top-down influence
corresponds to a learned template associated with that category. The
template is then compared with the actual input.

4. If the match between the template and the input exceeds a threshold
set by a vigilance parameter, the system enters a resonant state in which
learning is permitted and the template is refined to incorporate the fea-
tures of the new input through synaptic plasticity. If the match is insuffi-
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cient, the current category neurons are inhibited, and a search process
is initiated until a better-matching category is found.

5. If no existing category meets the vigilance criterion, a new category is
created by recruiting a new group of neurons in the recognition popu-
lation and potentiating the corresponding synapses.

To illustrate the network dynamics in an ecological scenario, consider a
hunter-gatherer who has learned to recognize a set of edible berries. Each
type of berry is represented by a category associated with a template enco-
ding its characteristic features (color, shape, texture). When the forager en-
counters a new fruit, the input pattern of visual and tactile features is pro-
pagated through bottom-up synapses, potentially activating the appropriate
category neurons whose template best matches the current stimulus. If the
fruit closely resembles a known berry, the match exceeds the vigilance thre-
shold: the corresponding template is refined through plasticity to incorporate
the minor variations of this new exemplar. If, however, the fruit differs sub-
stantially from all stored templates (for instance, an unfamiliar mushroom),
the match falls below the vigilance threshold for every existing category. The
search process thenrecruits a previously uncommitted group of neurons (or a
single neuron) into the recognition population, which becomes the substrate
of a new category. The bottom-up and top-down connection weights are up-
dated between these neurons and the input neurons that encode the distin-
guishing features of the mushroom, effectively allocating a dedicated neural
population for this novel experience.

This match-based learning process ensures that existing memories can
only be modified when incoming data are sufficiently consistent with stored
expectations. In contrast, genuinely novel inputs are allocated to dedicated
categories, preventing destructive interference with established memories.

Grossberg developed ART as a theory of cortical processing, and the ar-
chitecture was designed to reflect key organizational principles of the brain
( , ). The reciprocal connectivity between the input and recogni-
tion populations mirrors the feedforward and feedback projections that connect
cortical areas, and all synaptic updates rely exclusively on locally available in-
formation, consistent with the locality principle discussed in Sec. 2.2.3.

While the ART architecture provides a principled solution to the stability-
plasticity dilemma, it faces several well-documented limitations. First, the vigi-
lance parameter creates a direct trade-off between specificity and generality :
high vigilance leads to category proliferation, in which the number of stored ca-
tegories grows excessively ( , ). Various strategies have
been proposed to mitigate this issue ( , ; , )
but to our knowledge, no account in the literature on practical applications
of ART suggests that category proliferation has been fully resolved. Second,
extending ART dynamics to deep hierarchical representations is nontrivial, as
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the architecture was not originally designed for multi-layer feature learning.
Recent efforts such as DeepART ( , ) and Deep ARTMAP
( , ) attempt to leverage ART dynamics in deeper models, but
published evidence of competitive performance on large-scale benchmarks
remains limited.

As a side note, it is worth considering that the difficulty in performing good
quality credit assignment in deep architectures also applies to the most biolo-
gically plausible rehearsal methods. For instance, Sleep Replay Consolidation
( , ) generates replays from the network’s own intrinsic dyna-
mics using local Hebbian plasticity rules, but still relies on backpropagation
during the supervised learning phase to solve credit assignment. Moreover,
on the MNIST class-incremental benchmark, this method achieves approxi-
mately 61% accuracy under incremental learning, far below the approxima-
tely 90% reached by batch learning. By comparison, non-biologically plau-
sible approaches such as buffer-based rehearsal, which explicitly store and
replay past training examples, achieve substantially stronger performance
on challenging continuous-learning benchmarks. For instance, iCaRL (

, ) reports strong results on CIFAR-100, while Dark Experience Replay
(DER/DER++) ( , ) achieves competitive performance on se-
quences such as Tiny ImageNet. If biologically plausible rehearsal methods re-
lying exclusively on local plasticity rules and internally generated replay can be
brought closer to the performance of buffer-based approaches, they would
offer a compelling path toward autonomous continuous learning in deep ar-
chitectures.
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Figure 2.9 - ART architecture and search cycle. (a) An input pattern I acti-
vates a pattern of activity X across the input population F;, which propagates
through bottom-up adaptive synapses to the recognition population F,, se-
lecting a candidate category Y. (b) The selected category Y sends a top-down
expectation V back to Fy. If the match between V and the input I exceeds the
vigilance parameter p, a resonance is established and learning proceeds. (c) If
the match is below p, the orienting subsystem emits a reset signal that inhibits
Y. (d) After reset, a new candidate category Y* is activated, and the matching
process repeats until either a sufficiently matching category is found or an
uncommitted group of neurons is recruited. Adapted from ( ).
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2.5.2. Elastic Weight Consolidation

Elastic Weight Consolidation (EWC), introduced by ( ),
takes a different approach to the stability-plasticity dilemma. Rather than ga-
ting learning through an architectural mechanism as in ART, EWC selectively
reduces the plasticity of individual weights according to their estimated im-
portance for previously learned tasks. After training on a given task, the me-
thod computes the diagonal of the Fisher information matrix, which quanti-
fies the sensitivity of the network’s performance to changes in each weight.
Weights with large Fisher information values are deemed important for the
current task. When learning a new task, a quadratic penalty added to the
loss function discourages modifications to these important weights, ancho-
ring them near their previously learned values while leaving less important
weights free to adapt.

The principle of selectively reducing plasticity at specific synapses finds
several parallels in biology. In mouse motor cortex, learning different mo-
tor tasks elicits Ca>* spikes confined to different apical dendritic branches of
the same layer-V pyramidal neuron, which persistently potentiates only the
spines that were active during the spike, providing a cellular example of lo-
calized consolidation ( , ). This finding provided inspiration
for EWC ( , ). In cascade models of synaptic memory, re-
peated potentiation events push a synapse into progressively more stable in-
ternal states without altering its observable efficacy ( , ;

, ). More broadly, metaplasticity, the activity-dependent modifica-
tion of plasticity rules, provides a general biological principle by which indi-
vidual synapses adjust their susceptibility to future modification ( ,

). None of these mechanisms map directly onto the Fisher information
computation used in EWC, but they indicate that the brain employs multiple
strategies to protect important synaptic configurations.

However, EWC faces several important limitations. First, the method re-
quires explicit knowledge of task boundaries : the Fisher information matrix is
computed at the end of each task, and the optimal parameter values must be
stored as a reference for the penalty term. Biological learning typically occurs
as a continuous stream of experience without clearly delineated task transi-
tions, making this requirement difficult to reconcile with neurobiology. No-
tably, online variants of EWC mitigate this issue by merging past constraints
into a single regularizer that can be updated continuously, making the ap-
proach more compatible with settings where task identities (and even sharp
task boundaries) are unknown ( , ). Second, extending EWC beyond
two tasks introduces a systematic bias : maintaining separate penalties an-
chored at each successive optimum leads to double-counting of past data,
which favors earlier tasks ( , ). Third, as the number of tasks grows,
the accumulated penalties effectively freeze an increasing fraction of the net-
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work’s parameters. This progressive loss of plasticity eventually prevents the
network from learning new tasks altogether, a failure mode that
( ) has likened to CF in overloaded Hopfield networks.

In contrast to EWC, rehearsal-based approaches keep the entire synaptic
substrate plastic. Rather than penalizing changes to important weights, re-
hearsal re-exposes the network to previously stored information, forcing the
optimization to pass through regions of weight space that support both old
and new tasks. The network can thus discover joint synaptic configurations
without permanently freezing any subset of its parameters.

2.5.3. Conclusion

The methods reviewed in this section address the stability-plasticity di-
lemma by regulating when and where learning is permitted : ART gates plasti-
city through a matching criterion, while EWC selectively reduces it at synapses
deemed important for past tasks. Each carries specific limitations, from ART's
category proliferation and credit assignment difficulties in deep architectures
to EWC's reliance on explicit task boundaries (partly alleviated by online va-
riants) and progressive parameter freezing.

The following chapter returns to the setting at the core of this thesis : shal-
low AMNs without hidden neuronal populations. In these networks, overlap-
ping memory representations produce interferences known as crosstalk, and
specific methods have been developed to mitigate them, including the gra-
dient descent algorithm (GDA) presented in Section 3.1.2.
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3 - Overlapping Memory Representations and
Incremental Learning in Hopfield Networks

In this chapter, we analyze the specific challenges that arise when storing
correlated patterns in Hopfield Networks (HNs). These correlated patterns
correspond to highly overlapping memory representations, as discussed in
Sec. 2.2.2. We then present and evaluate existing solutions for storing corre-
lated patterns, discussing their respective advantages and limitations. Finally,
we demonstrate that the challenge of storing correlated patterns becomes
particularly acute in CL scenarios, where patterns must be incrementally in-
corporated into the network.

3.1.Thechallenge of correlated memories in Hopfield networks

In Sec. 2.2.2, we have been discussing overlapping memory representa-
tions, that is, when different memories are encoded using partially shared
populations of neurons. The presence of overlapping memory representa-
tions in the brain is considered a fundamental organizational principle that
supports generalization, feature extraction, and other key properties of NNs.

However, the advantages conferred by overlapping representations come
with conceptual and practical challenges. Most synapses remain plastic throu-
ghout life, allowing new experiences to reshape existing neural connections.
This continuous plasticity implies that every new experience can trigger plas-
ticity events within a neural substrate involved in the storage and processing
of other memories ( , : , ), potentially disrupting
previously stored information. Together, these two fundamental features, re-
presentational overlap and ongoing synaptic plasticity, raise a critical ques-
tion : How does the brain incorporate new information while safeguarding
memories essential for survival? In neural networks (NNs), the degradation of
existing memories upon the acquisition of new knowledge is known as inter-
ferences. Animportant disruption of NN functions induced by interferences is
called catastrophic interference (in reference to CF). Understanding how NNs
can mitigate catastrophic interference remains a central challenge in compu-
tational neuroscience and Al ( , ).
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In HNs, the overlap of memory representations is strictly related to the
amount of correlation between binary activity patterns :

Non-overlapping memory representations correspond to anti-correlated
binary vectors where different memories assign opposite states to all/most
neurons :

X i+l +1+1-1-1-1-1-1]
Xpi[—1 =1 =141 +1+1+1+1]

Partially overlapping representations can occur with uncorrelated bi-
nary patterns in which neurons have independent states across memories :

Xp [l 4+1 4141141 —1—1]
Xo [+l 41 +1 =1 +14+1—1+1]

Highly overlapping memory representations emerge from correlated
binary vectors where many neurons maintain the same states across memo-
ries :

Xp [+l 4+14+1+1 -1 141 —1]
Xp [+l 41 +1—1—-1—1+1+1]

The degree of correlation between the stored patterns directly determines
the amount of interferences in an HN. Storing highly correlated patterns pro-
duces greater interferences, while anti-correlated patterns minimize them.
Interferences can be quantified through the crosstalk term, as discussed in
the following section.

3.1.1. Crosstalk between memory patterns
Definition of crosstalk

When HNs store multiple patterns, crosstalk quantifies the interferences
among stored memories. Here we adopt the definition of crosstalk given in
Introduction to the Theory of Neural Computation ( , ). We consider
a network that has stored M patterns {x“}%zl using the Hebbian rule :

When we present the pattern x" to the network and compute the drive ;
for unit i, we obtain :

N N M
=Y Wi = LYY

j=1 Jj=1lu=l1



We now separate the sum over u into the special term u = v and the
remaining terms :

Therefore,

1 N
hi:xly—i—ﬁz pIEETEIS
j=lpzv

crosstalk n

Thefirstterm represents the desired signal that reinforces pattern v, while
the second term is the crosstalk, which corresponds to interferences from
all other stored patterns. For successful retrieval of v, the stability condition
requires

sign(h;) =x}.

A sufficient condition is that the crosstalk does not overpower the signal term:
n/| < 1.

The magnitude of crosstalk depends critically on the number of stored
patterns and on the overall correlation structure of the stored set. When the
M patterns are uncorrelated, the crosstalk terms tend to average out. Howe-
ver, when the stored patterns share systematic similarities—i.e., when certain
groups of neurons tend to have the same state across multiple patterns—the
crosstalk terms can constructively interfere, leading to retrieval failure. Fig. 3.1
shows three uncorrelated random patterns typically used in theoretical ana-
lyses of HNs, where each unit independently takes values in {—1,+1} with
equal probability. In contrast, Fig. 3.2 presents three MNIST digit patterns that
exemplify a set of correlated patterns. The MNIST patterns exhibit clear struc-
tural similarities, most notably the shared black background (representing
x; = —1) that surrounds each digit. This common feature creates systematic
correlations between patterns, as large groups of neurons maintain the same
state across different stored memories.

The impact of these correlations on crosstalk is quantified in Fig. 3.3, which
compares the average crosstalk magnitude in a network storing random pat-
terns with that in a network storing MNIST patterns. In both cases, patterns
are stored using the Hebbian plasticity rule. The higher crosstalk observed
for MNIST patterns shows that structured real-world data induce significantly
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greater interferences than the idealized random patterns extensively exami-
ned in theoretical work.

In biological terms, correlated memory patterns would translate into po-
pulations of neurons that are consistently activated (spiking or having eleva-
ted firing rates) or suppressed across various memories. If we consider that
biological NNs might operate according to principles similar to those gover-
ning HNs, then these overlapping memory representations would necessarily
lead to significant crosstalk. In the following section, we examine in detail how
the crosstalk induced by correlated patterns poses fundamental challenges
for memory storage and retrieval in HNs.

Figure 3.1 - Three uncorrelated random binary patterns typically used in
theoretical analyses of Hopfield networks. Each pattern is generated by
independently assigning states x; € {—1,+1} with equal probability to each
neuron. White pixels represent x; = +1 and black pixels represent x; = —1.

x° x1! x?

Figure 3.2 - Three MNIST digits stored in a network. Analogous to Fig. 3.1
but with binarized images of handwritten digits. Unlike the random patterns,
these digitimages exhibit structure and are correlated; most notably, the sha-
red black background surrounding each digit creates systematic overlap bet-
ween patterns, leading to increased crosstalk in the network.
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Figure 3.3 - Crosstalk and pattern correlation comparison. For networks
storing sets of 3 patterns using the Hebbian plasticity rule, the average cross-
talk magnitude is computed as 3z X" XX, |4 —x)'|, where i = Y Wi is
the local field at unit i when pattern y is presented, and x!' is the signal term.
This measures the average interferences across all units and all stored pat-
terns. Pattern correlation is the mean absolute Pearson correlation coefficient
between all pattern pairs. The random patterns are those in Fig. 3.1, while the
MNIST patterns are those in Fig. 3.2. MNIST patterns induce higher average
crosstalk due to greater correlations, demonstrating how a structured, corre-
lated pattern set can severely amplify interferences in HNs.
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Spurious patterns and catastrophic forgetting

Crosstalk between stored patterns in HNs leads to a fundamental pro-
blem : the emergence of spurious attractors. These are stable states that
were not explicitly stored during learning but are generated by interferences
among memories. They can be seen as false memories that occupy the net-
work’s memory space and hinder the retrieval of true memories, compromi-
sing performance.

A pattern x* is stable if, when the pattern is presented to the network, the
condition sign(h;) = x}' holds for all i. Even if a plasticity rule, such as Hebbian
plasticity, can enforce this stability for a given pattern, the crosstalk induced
by storing multiple patterns can drive some units’ local fields 4; to flip sign
(“bit flips”). This phenomenon can lead to the emergence of unwanted fixed
points—so-called spurious attractors (or spurious stable states).

There are two important families of spurious attractors :

* k-mixture states. These arise even when storing uncorrelated memo-

ries. For an odd %, a typical mixture has the form

XX — sign(£xM £xH2 £ £ xH),

and can satisfy the stability condition as the crosstalk contributions align
constructively in the local fields. Mixture states are a classic and well-
characterized source of spurious patterns ( , ). Adding
stochasticity to the dynamics of HNs is sufficient to eliminate these spu-
rious stable states ( , ). In this work, we do not discuss
solutions based on stochastic networks.
+ Prototype (cluster-center) states. When stored memories are corre-
lated, Hebbian learning tends to stabilize unlearned states that approxi-
mate the mean of a class or cluster of related patterns ( ,
; , ). Fig. 3.4 illustrates a prototype spurious state
in a network that stores three MNIST patterns. When presented with a
noisy cue, the network fails to converge to any of the original stored pat-
terns, instead settling into a spurious state that resembles an average
of the stored patterns. These spurious stable states emerge specifically
duetothe correlated structure of the MNIST dataset, which generates si-
gnificant crosstalk between stored patterns. Adding stochasticity to the
network dynamics is insufficient to eliminate these stable states (
. ).
The emergence of prototype states presents a significant challenge for
the storage of highly overlapping representations in HNs ( ,
; , ). Understanding how to mitigate them is therefore a
necessary step toward implementing more robust AMNSs. In the next section,
we explore methods that reduce crosstalk between stored memories in HNs
and, therefore, mitigate the emergence of spurious attractors.
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Figure 3.4 - Spurious pattern formation in a Hopfield network storing
correlated patterns. Two retrieval attempts from a network storing three
MNIST digits (the three stored digits are those in Fig. 3.2). The top row corres-
ponds to the first attempt and the bottom row to the second attempt. Each
row shows : (left) the original stored pattern, (middle) a corrupted query with
40% noise, and (right) the network output after convergence. In both cases,
instead of recovering the original pattern, the network converges to the same
prototype spurious mixture state, averaging features from multiple stored di-
gits—illustrating how correlated patterns lead to false memories.
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3.1.2. Solutions to crosstalk

Multiple methods have been developed to reduce crosstalk between cor-
related memories, each with distinct strengths and limitations. Before exami-
ning specific approaches, we establish the evaluation criteria that guide our
selection and assessment of these methods.

1. Locality of dynamics. We require that all computations rely exclusively
oninformation accessible to individual neurons and their immediate sy-
naptic connections. This excludes operations that require simultaneous
access to global network states or distant, unconnected network com-
ponents.

2. Limited complexity of the plasticity rules. We prioritize plasticity rules
with limited complexity, in line with Occam’s razor : simpler theories
should be explored before adding complexity if necessary. A full jus-
tification for this epistemic stance is beyond the scope of this thesis. In
addition, simplicity is crucial for neuromorphic implementations. Hard-
ware realizations of NNs face constraints in circuit complexity, power
consumption, and fabrication precision. Simple plasticity rules can be
implemented with basic circuit elements, require fewer transistors, and
thereby reduce energy requirements and improve the overall feasibility
of neuromorphic systems.

3. Efficiency in reducing crosstalk. We evaluate methods based on their
effectiveness in reducing interferences between correlated memories.
Methods that only marginally improve on Hebbian learning are consi-
dered insufficient for storing highly correlated patterns.

Suitability for continuous learning (CL) will be addressed in the next sec-
tion. Considering this final criterion provides the full context for the main work
of this thesis, presented in Chap. 4.

We now examine three specific methods : the pseudoinverse method (non-
local, simple, and highly effective), the Storkey update rule (local, simple, but
less effective), and the gradient descent algorithm (local, simple, and highly
effective). We also briefly review some discarded approaches and why they
were discarded.

This overview does not aim to provide an exhaustive survey of all methods
that improve the storage of correlated patterns in HNs. Rather, it illustrates
the types of techniques commonly employed and their typical advantages and
limitations, establishing the context necessary to understand the solutions
presented in this thesis.
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Pseudo-inverse method

The pseudo-inverse method was introduced in the Hopfield framework
by ( ), who developed the “projection rule” for error-free
pattern storage, and later formalized by ( ), who
demonstrated exact recall for linearly independent patterns. This method is
often regarded as the theoretical gold standard for eliminating crosstalk in
Hopfield networks (HNs).

The method constructs the weight matrix by directly solving the linear sys-
tem that makes each stored pattern a fixed point of the network dynamics.
Given a set of M patterns {X“}%:l to be stored, it seeks weights W;; such that

xt=Wxt Vvu.
Arranging all patterns as columns in a matrix X = [x!,x?,...,x"], we obtain
X=WX.

A solution is
W=XX"=X(X"X)" X",

where X* denotes the Moore-Penrose pseudoinverse of X. When the pat-
terns are linearly independent and M < N, an equivalent form uses the pat-
tern correlation matrix

yielding

This method is considered a gold standard because it precisely enforces
the equations that ensure zero crosstalk among stored memories. By construc-
tion, when pattern x" is presented to the network, the local field (drive) sa-
tisfies h; = ¥.; Wj;x} = x}" exactly, eliminating all interferences. This holds for
all stored patterns simultaneously, achieving optimal storage without interfe-
rences ( , ).

However, the method is explicitly nonlocal : the matrix inversion (X X)~!
is a global computation that depends on the entire pattern set and cannot
be accessed by local neural dynamics. Each synaptic weight W;; depends not
only on the activities of neurons i and j across patterns, but also on the full
correlation structure of the memory set via (C™1)y.

Despite its efficiency, the pseudo-inverse rule must be discarded under
our criteria : because it requires global computations, a biological implemen-
tation or a neuromorphic realization is unrealistic.
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Storkey update rule

The Storkey learning rule ( , ) provides a method for storing
patterns while partially compensating for crosstalk. When adding a new pat-
tern x*! to a network that already stores M patterns, the weight update is

1 hM+1

N Jt ] ) (3'1)

1 1
“zM+1 “zM +1 M+1 )M+1 M+1
o ij+ﬁx?4 ;o N i
where W,-‘ju is the synaptic matrix after storage of M patterns, and the local

fields are defined as N

hM+l Z xM+1
&Y
The Storkey rule incrementally subtracts crosstalk from previous memories
using local neuronal fields. The terms x' 'Y+ and 2/ *'x}*! are corrections
that compensate for interferences induced by Iearnlng the new pattern x”+1,
These correction terms are computed from the local fields hf.‘f.“, which cap-
ture the network’s response to the new pattern given the existing connections,
thereby reducing first-order crosstalk.

This method respects locality : each weight update involves only the states
of the presynaptic neuron j and the postsynaptic neuron i (x’}“rl and xf.‘”l),
together with local fields (hM“) computed at the postsynaptic site.

The computation of hf‘]”‘ requires only information about the existing
weights connecting neuron i to its neighbors and the current pattern to be sto-
red. This information is considered available at the synaptic level without non-
local coordination. Experimental studies indicate that analogous local fields
are computed and used by biological neurons to modulate synaptic plasticity.
Typically, homeostatic mechanisms such as synaptlc normalization depend
on such computations ( , ; , ).

The rule has limited complexity : it requires no global computations or
complex normalization procedures. However, it also has important limita-
tions. Although it eliminates first-order interferences, residual higher-order
interferences remain. The rule does not fully remove crosstalk, particularly
when patterns are highly correlated or when the number of stored patterns
approaches the network’s capacity. These higher-order terms, though smal-
ler in magnitude than the primary crosstalk, can accumulate and still lead to
retrieval errors, especially in networks that store highly correlated patterns

( ' ).
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Gradient descent algorithm

The gradient descent algorithm (GDA) iteratively adjusts synaptic weights
to minimize the error between the desired and actual network states for all
stored patterns ( , ). The following procedure stores the
set of patterns {x*}}_, :

Algorithm 3 Gradient descent for storing correlated patterns in DHNs

1 Initialize W;; = 0 for all i, j

2: repeat

3 6+0

4 for each pattern u do

5: for each neuron i do

6: Compute the current drive : i}’ = ¥; Wijx
7: Compute the error : ef' = xi' —h!'

8: for each synapse j do

9: AW;;j < ae?x?
10: Update weights : W;; < W;; +AW;;
1: 0 < max(0, |AW;;|)

12: end for

13: end for

14: end for
15: until 6 < €

Typically, & < 0.01 and € < 0.01, which allows the convergence of the lear-
ning process and avoids oscillations near the optimum. This method is highly
effective, typically achieving near-zero crosstalk, with performance compa-
rable to the pseudo-inverse method. By iteratively minimizing the retrieval
error for each pattern, the algorithm finds a weight configuration that ensures
that all stored patterns are stable fixed points with minimal crosstalk.

The method is local because each synaptic update depends only on the
current local field 4" at neuron i, the states of the presynaptic and postsynap-
tic neurons (xj‘ andx!'), and the error ¢!’ computed at that neuron. The update
rule AW;; = e’ xi.‘ uses only information available at the synapse : the postsy-
naptic local field and the pre and postsynaptic activity. The postsynaptic local
field is considered to be available as a homeostatic regulatory signal, as in the
Storkey learning rule.

To understand how GDA reduces crosstalk, consider the general case where
the network’s drive deviates from the desired pattern. When presenting pat-
tern u, the drive of neuron i can be decomposed as

hf‘:xly—i-@[“,
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where 7! represents any deviation from the target state x!'. If any crosstalk
exists between patterns, it is included in this deviation term.

The error computed by the algorithm is
et =x' —nl' (old) = -2,

] 1

where 4! (old) is the drive of neuron i for pattern u before the weight update.
Thus, the error directly measures the negative of the deviation. The weight
update then becomes

AW;; = Ote“x“ a@iﬂx?.
After this update, the new drive for pattern u at neuroniis

i (new) = k! (old) + ZAW,Jx = h!'(old) +ae“z )

Assuming bipolar codlngx € {£1} (so (x; #)2 = 1) and N inputs (including the
diagonal), we obtain

i (new) = Kt (old) + aNel' = (1 — aN) ! (old) + aNx!'.

To see how this drives the deviation to zero, substitute A} = x!' + 2! into
the update equation :

xi+ 2 (new) = (1—aN) (xF' + 2 (old)) + aN .
Expanding and simplifying the x! terms yields
2" (new) = (1 —aN) 2! (old).

This is the key result : each iteration multiplies the deviation by the fac-
tor (1 — aN). For convergence, we require 0 < aN < 1, which constrains the
learning rate to o < 1/N. After ¢ iterations, the deviation becomes

7E (1) = (1—aN) 7£(0).
As t — oo, the term (1 — aN)' — 0, ensuring 2 — 0 and thus A} — xI'. The
convergence is exponential : for instance, with aN = 0.1, the deviation is re-
duced to 0.9'° =~ 0.35 of its initial value after 10 iterations, and to 0.9°° ~ 0.005
after 50 iterations.

If this deviation 2" corresponds to crosstalk between patterns, the algo-
rithm effectively removes this crosstalk, driving it to zero through repeated
iterations. Through this process across all patterns, GDA modifies the weight
matrix to minimize |2#| for all u, achieving very low crosstalk even for highly
correlated pattern sets.
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The GDA satisfies the constraints stated earlier : it maintains locality of
computation, uses a simple error-driven plasticity rule, and achieves excellent
efficiency in reducing crosstalk. The simplicity of the update rule—a product
of local error and presynaptic activity—makes it suitable for neuromorphic
implementation.

Importantly, the need to loop multiple times over all patterns can be consi-
dered a form of rehearsal, as introduced in Sec. 2.4.2. We can say that the GDA
organizes an interleaved learning scheme of the form ABCABCABC.. ., here for
the storage of three patterns: A, B, and C.

Fig. 3.5 illustrates the performance of each method by comparing residual
crosstalk across different plasticity rules. The results demonstrate that GDA
and the pseudo-inverse method achieve minimal crosstalk, nearly eliminating
interferences between stored patterns. The Storkey rule reduces crosstalk si-
gnificantly compared to standard Hebbian learning but retains measurable
interferences. This empirical comparison underscores why GDA provides a
good balance between biological plausibility, ease of implementation on a
neuromorphic substrate, and storage performance.
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Figure 3.5 - Comparison of residual crosstalk across different plasticity
rules. For each method, the average crosstalk magnitude for 3 stored MNIST
patterns is shown. GDA and the pseudo-inverse method achieve minimal
crosstalk, while Hebbian and Storkey rules exhibit higher levels of crosstalk.
Because of the strong correlations presentin MNIST patterns, the Storkey rule
is not very effective at reducing crosstalk compared to the other methods.
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Other discarded solutions

Beyond the methods presented earlier, many more solutions exist for sto-
ring correlated patternsin HN-like AMNs. Although these approaches perform
well at storing correlated patterns, they do not satisfy our criteria for locality,
simplicity, and biological interpretability. We mention them here to acknow-
ledge their contributions to the field.

Modern Hopfield networks. Modern HNs, also known as dense associa-
tive memories, represent a significant advancement in AMNs. These networks
achieve polynomial storage capacity, M = &'(N") for some n > 1, compared to
the linear scaling of classical HNs. They also show superior performance in
pattern retrieval even with highly correlated data ( , ).

However, we discard these models because of their reliance on nonlocal
computations. The dynamics of these networks typically relies on operations
such as

s = X softmax(BX's'),

where X is the matrix containing all stored memory vectors as columns and s’
is the state of the network atiteration z. Here, softmax normalization requires
computing a partition function over all stored patterns, a global operation
incompatible with local synaptic mechanisms.

More recently, ( ) demonstrated that modern HNs
admit an equivalent formulation as networks with hidden neurons connec-
ted through pairwise synaptic interactions, thereby eliminating the need for
many-body synaptic junctions. This reformulation restores a degree of bio-
logical plausibility by relying solely on pairwise synaptic connections; howe-
ver, it does so at the cost of introducing additional hidden neuronal popula-
tions. We do not consider such architectures here, as we restrict this work to
the simplest network architecture : single-layer fully connected networks wi-
thout hidden neuronal populations. Generalizing to architectures with hidden
layers constitutes a natural direction for future work.

Threshold-linear Hebbian networks. Threshold-linear associative net-
works employ neurons with rectified-linear activation functions and have been
shown to achieve near-optimal theoretical capacities ( , ).
These networks demonstrate that, by allowing neurons to operate with continuous-
valued outputs above a threshold rather than binary states, the storage of
correlated patterns can be significantly improved. However, achieving these
capacities requires complex normalization procedures that substantially in-
crease the implementation burden. The Hebbian learning rule for threshold-
linear units requires careful control of the mean and variance of neural ac-
tivity through appropriate rescaling of signal-to-noise ratios. To prevent un-
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bounded weight growth and ensure stable pattern retrieval, these networks
typically require multiple normalization steps : mean subtraction to center the
activity distributions, variance normalization to standardize the spread of ac-
tivations, and often spherical normalization to constrain weight vectors to lie
on a unit sphere. While each of these operations can, in principle, be imple-
mented using only local information at individual neurons, their combination
creates a multi-stage normalization pipeline that runs counter to our prefe-
rence for simple mechanisms.

Conclusion

The GDA emerges as the best option among the methods examined here :
it maintains locality, employs a simple error-driven update rule, and achieves
performance comparable to the theoretically optimal pseudo-inverse method
in eliminating crosstalk.

However, like the pseudo-inverse rule, the GDA requires iterating over all
patterns for convergence. When adding a new pattern xM*! to a network that
already stores M patterns, the algorithm must revisit all previously stored pat-
terns to ensure that they remain stable fixed points.

In the next section, we discuss how this need to revisit previously stored
patterns hinders incremental learning, a form of continuous learning (CL) in
AMN:Ss.
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3.2.Thechallenge ofincremental learning in Hopfield Networks

We have discussed various methods to reduce crosstalk between stored
memories; we now ask whether these methods can supportincremental lear-
ning.

3.2.1. What is incremental learning?

Incremental learning is the ability of a memory system to be updated se-
quentially while maintaining its functional integrity ( , ).
In the context of AMNSs, it means expanding a network’s memory set pattern-
by-pattern using online updates that rely solely on information about the new
pattern to be stored. This continual incorporation must occur without requi-
ring external access to previously stored patterns.

We formalize incremental learning in AMNs as follows. The system re-
ceives data in the sequence A!) — B — c(®) — D*), where X*) denotes that
only pattern X is available at time 7. When the system has access to pattern
B, it does not simultaneously have access to patterns A or C from any exter-
nal source. When storing pattern C, patterns A and B must be safeguarded so
that they remain retrievable. By contrast, in a non-incremental (offline/batch)
paradigm, the system has simultaneous access to all patterns {A,B,C,D} at
all times.

This notion closely matches what the broader machine-learning and computational-
neuroscience literature calls sequential learning (see Sec. 2.4.3). Both belong to
the broader scope of continuous learning (CL) discussed in the Introduction.
We retain the term incremental learning here, as it is established within the
associative-memory literature, while noting this equivalence to help readers
navigate between research communities.

As discussed in the Introduction, incremental learning is particularly de-
sirable because it mirrors biological learning : mammals must continuously
acquire new information throughout life without re-experiencing past inputs,
suggesting that learning modalities are inherently incremental.

3.2.2. Evaluation of candidate methods in the incremental re-
gime

We now assess each previously introduced method with respect to its in-

herent support for incremental storage.

+ Pseudo-inverse : In its standard form, the pseudo-inverse rule is not
incremental, as it requires access to the full set of patterns for a batch
matrix inversion.

+ Storkey update rule : Fully incremental and local. When a new pattern
is trained, the updated weights depend only on the previous weights
and the new pattern. However, it only modestly reduces crosstalk and
struggles with highly correlated patterns, leading to degraded perfor-
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mance as pattern similarity and load increase.

« GDA: Each weight update is local, but convergence to stable fixed points
typically requires iterative rehearsal over all stored patterns. Without ac-
cess to previous patterns, the algorithm cannot guarantee that old me-
mories remain stable after incorporating new ones; therefore, strictly
incremental learning without rehearsal is not possible.

Aclear pattern emerges: methods that excel at eliminating crosstalk (pseudo-
inverse, gradient descent) rely on the availability of information about the
whole pattern set. Their strength lies in using this knowledge to minimize in-
terferences and ensure that each memory forms a well-separated attractor.

It is important to note that, if used naively to store patterns incrementally
by simply modifying the weights of a network that already contains memories,
both the pseudo-inverse and GDA can destroy previously stored stable states
to accommodate new ones. This outcome has been termed catastrophic plas-
ticity (a form of catastrophic forgetting). Catastrophic plasticity is illustrated in
Sec. 4.8.6.
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3.2.3. Conclusion : The need for autonomous rehearsal

The fundamental challenge is the apparent incompatibility between strong
crosstalk reduction and strict incremental learning under locality constraints.
GDA s particularly promising because it uses local updates and achieves strong
performance, but its rehearsal requirement seems to preclude strict incre-
mentality.

As the next chapter will show, this limitation can be overcome if the net-
work can autonomously reinstate its stored patterns, rather than relying on
an external agent to replay previously learned memories.

This insight motivates the model developed in this thesis, which couples
autonomous rehearsal with local, gradient-based plasticity. By enabling the
network to internally rehearse the patterns required for GDA convergence, we
achieve efficient incremental learning with minimal crosstalk in a biologically
grounded framework.
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4 - Autonomous Rehearsal and Incremental Lear-
ning in Continuous Hopfield Networks

This chapter includes the article produced and published during this the-
sis ( , ). This work addresses the problem of incre-
mental learning in associative memory networks (AMNs). We propose an au-
tonomous rehearsal method that enables our model to autonomously re-
trieve previously stored memories. This ability can be used to prevent ca-
tastrophic forgetting (CF), allowing the integration of new information with
existing knowledge without the need for an external memory lists. In this ar-
ticle, we employ the term continuous learning (CL) rather than incremental
learning to make the link with the broader CL literature more explicit.

The chapter concludes with an additional section discussing in more detail
our rationale for using continuous Hopfield networks in this work and presen-
ting further results on the autonomous retrieval mechanism.

4.1. Abstract

The brain's faculty to assimilate and retain information, continually upda-
ting its memory while limiting the loss of valuable past knowledge, remains
largely a mystery. We address this challenge related to continuous learning
in the context of associative memory networks, where the sequential sto-
rage of correlated patterns typically requires non-local learning rules or exter-
nal memory systems. Our work demonstrates how incorporating biologically-
inspired plastic self-inhibition enables networks to autonomously explore their
attractor landscape. The algorithm presented here allows for the autonomous
retrieval of stored patterns, enabling the progressive incorporation of cor-
related memories. This mechanism is reminiscent of memory consolidation
during sleep-like states in the mammalian central nervous system. The re-
sulting framework provides insights into how neural circuits might maintain
memories through purely local interactions, and takes a step forward towards
a more biologically plausible mechanism for rehearsal and continuous lear-
ning.
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4.2 . Author summary

Catastrophic forgetting, that is, when acquiring new knowledge seriously
degrades previously learned information, remains a fundamental challenge
in machine learning, affecting systems from simple associative networks to
complex language models. An approach widely studied to mitigate forgetting
is rehearsal, in which prior stored information is periodically replayed, an idea
supported by neurophysiological evidence of memory consolidation during
sleep. In this work, we show that networks with adaptation can spontaneously
recall stored memories without external guidance. This built-in retrieval me-
chanism allows for the incorporation of new memories while preserving older
ones, opening a path toward a biologically inspired solution to the problem
of catastrophic forgetting.
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4.3 . Introduction

Continuous Learning (CL) refers to a system'’s ability to maintain perfor-
mance across multiple tasks when operating in environments that evolve over
time, requiring adaptation to changing data distributions. To do so, the lear-
ning mechanism should avoid uncontrolled forgetting of previously acquired
knowledge when adapting to new information or contexts. In associative me-
mory networks, this challenge arises when storing new activity patterns se-
quentially deteriorates existing memory representations, a phenomenon cal-
led catastrophic forgetting.

It is important to note that this work specifically addresses catastrophic
forgetting in the context of sequential learning. This approach addresses a
different challenge than the well-studied spin glass phase transitions that oc-
cur in Hopfield networks at high memory loads.

Rehearsal is a method that addresses the challenge of catastrophic forget-
ting by periodically retraining the model on previously stored patterns. This
process reinforces older memory representations, preventing their degrada-
tion when new information is incorporated ( , ). In the mammalian
nervous system, spontaneous memory replays occur during sleep ( ,

, ), suggesting a biological mechanism analogous to re-
hearsal techniques in artificial networks ( , ). This parallel raises
a fundamental question : what mechanisms enable these autonomous me-
mory replays in biological systems?

Previous research on bio-inspired neural networks demonstrates that short-
term synaptic depression can facilitate spontaneous rehearsal of neural as-
semblies ( , ). However, a significant constraint of this
approach is its dependence on minimal overlap between neural assemblies.
The neuronal populations in these studies share few neurons, resulting in
effectively decorrelated memory representations. By contrast, classical asso-
ciative memory networks like Hopfield Networks can effectively store uncor-
related memories that share many units. Some learning algorithms even al-
low the storage of highly correlated patterns that share a majority of their
units ( , ). From a biological perspective, understanding
how networks implement the rehearsal of correlated populations is crucial as
neural representations found in the cortex generally recruit extensively over-
lapping assemblies ( , ; , ). The maintenance
of overlapping assemblies is widely considered essential for cortical compu-
tation, as it supports stimulus generalization and the emergence of invariant,
high-level concepts in which individual neurons participate in multlple but re-
lated representations ( , ; ) ; ,

). This problematic is of similar importance in neuromorphic engineering
contexts, as highly correlated representations are an emerging feature of ar-
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tificial neural networks ( , ).

How the rehearsal of correlated memories takes place autonomously on
neural substrates remains a largely unaddressed question. In this work, we
focus on this issue and explore its potential application for continuous lear-
ning (CL). For the sake of bioplausibility and potential implementation in neu-
romorphic substrates, we shall demand that our system exhibits the follo-
wing features : 1) It stores memory states that can be highly correlated; 2)
During the pattern recovery, the network does not converge toward strange
attractors which would constitute false memories; 3) Plasticity rules are local,
meaning that the modification of synaptic efficacy can be computed in terms
of its pre- and post-synaptic neuron states; 4) It is autonomous, namely, it
should retrieve all previously stored patterns from its own dynamics. The net-
work does not have access to an external list of previously recorded memory
states. For the sake of requirements (1) and (3), we shall adopt a perceptron-
like algorithm, inspired by the work of Diederich & Opper (1987) (

, ). On the other hand, for requirement (2) we shall use continuous
Hopfield Networks (CHNSs) ( , ). Our work demonstrates that, kept
under a certain memory load, CHNs converge exclusively to stored patterns
during the retrieval. This approach avoids both, the spurious state prolifera-
tion common in Discrete Hopfield Networks (DHNs) and the shortcomings of
temperature parameter fine-tuning inherent to Stochastic Hopfield Networks
(SHNs) ( , ).

The main contribution of the present work is to introduce an algorithm
to address the requirement (4). A crucial feature of our approach is the use
of self-inhibition to reduce the attraction toward previously visited attractor
states, thus allowing for a sequential and thorough search and recovery of all
previously stored correlated memory states.

This recovery effectively allows the rehearsal of the stored pattern for CL
purposes. The dynamic of plastic recurrent inhibition is inspired by compu-
tational neuroscience work based on actual neurophysiological data (

» 2011).
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4.4 . Methods

4.4.1. Continuous Hopfield Network (CHN)

In contrast with the conventional DHN model ( , ), where neu-
ral states are defined as binary variables, in a CHN they are continuous (

, ). The dynamics of the network is defined by a set of differential
equations with each neuron unit described as a leaky integration :

. "
CE :ZWijVj—f (4.1)

where u; is the membrane potential of neuron i, ¢ is the membrane capa-
citance, r is the leak resistance of each neuron, W;; is the synaptic efficacy
between neurons j and i, and v; is the activity (or firing rate) of neuron i that
depends solely on the potential as

V= G(u,-)

where ¢ is a monotonically increasing function of u with saturation to prevent
runaway dynamics. We adopt o(x) = m. Therefore, as 6(0) = 0.5, each
unit has a positive output at the resting state, allowing the network to have
a baseline activity without external input. We shall refer to either the vector
v(t) or u(t) as "states", which should be clear from the context.

The convergence of the flow to stable states for the case of symmetric
synaptic weights W;; has been demonstrated ( , ). Throughout this
work, whenever we integrate these equations using Euler method, we do so

until the network reaches convergence, defined as |%]m <& wheree=1075.

4.4.2 . Pattern Storage and Reading

The states v(¢) of the CHN evolve on [0, 1]V through continuous dynamics,
with N the number of neurons. Any state in this space may represent a stored
pattern. For simplicity, we restrict ourselves to store binary patterns for which
active neurons have a high firing rate, v; &~ 1, and inactive neurons have a low
firing rate, v; = 0.

Hence, a pattern x* is defined as a binary vector such that x* = (x|, x5, ...,xk)
where x!' € {0,1} for each unit i. A pattern is read from the state of the net-
work at time ¢ using a threshold :

x“:{l if vi(t) > 0.5

, 2
! 0 otherwise. (42)

Given a binary pattern x*, it is convenient to define target potentials a*

as .
u o
A {+utarget ifx; =1

i if xly =0 4.3)

i I
~Utarget
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We adopt here ugarger = 6 to ensure proper pattern reading following the thre-
sholding procedure.

Inspired by previous work on DHN ( , ), we intro-
duce, in Alg. 4, a perceptron-inspired learning algorithm for efficient storage
of correlated patterns in CHNs. The algorithm minimizes the error between
the target states and the network’s equilibrium states, ensuring that each
memory becomes a stable state. Gradient descent methods typically require
small step sizes to prevent the optimization process from becoming unstable
and to reduce oscillations around local minima. In our implementation, we
select @ = 0.0001 as the learning rate to ensure stable convergence of weight
updates. The derivation of the weight update rule can be found in the Appen-
dix. 6.1.

Although a rigorous proof of convergence for the algorithm is beyond the
scope of this work, we expect that arguments demonstrating the convergence
of the gradient descent algorithm (GDA) in the context of DHN could be adap-
ted for this purpose ( , ). Here, we rely on numerical
evidence showing the network’s ability to successfully query and revisit sto-
red patterns.

Algorithm 4 Gradient descent for the storage of correlated patterns

(GDA)
1 Initialize W;; = 0 for all i, j
2: repeat
3 for each pattern u do
4 Compute the target potential ﬁf (Eq. 4.3) for each neuron j
5: Compute the expected potential : &; = rY;W;;o (it}
6 Update weights : W;; < W;; — a(a}' — i} )ro ()
7 end for
8: until |[AW|l. < &

Following the network training with the GDA, each activity vector @* be-
comes an attractor. The network can now be queried as the system reliably
converges to the nearest stored state from a partial cue. The corresponding
binary patterns %" can then be accurately retrieved by thresholding at time
tr (Eq. 4.2) when the system reaches convergence. The querying procedure is
detailed in Alg. 8 (Appendix 6.2) and illustrated in Fig. 4.1.

Similarly to the model proposed by Diederich and Opper (1987), the sym-
metry of the weight matrix W is not enforced in the GDA scheme. In classical
Hopfield networks, this constraint is typically imposed to prevent unwanted

oscillatory dynamics ( , ). A notable feature of the GDA is that it
consistently stores patterns as attractor states despite the absence of enfor-
ced symmetry ( , ). We observed the same phenome-
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non in our simulations. This represents a strength of the algorithm, as en-
forcing symmetry without an explicit underlying mechanism would break the
locality of the plasticity rules. In biological neural networks, the synapse from
neuron A to neuron B does not necessarily have access to the state or sign of
the reciprocal synapse from neuron B to A.

It is worth emphasizing that despite the continuous nature of our model,
which theoretically allows for a richer state space, we deliberately restrict our-
selves to binary patterns. The interest of using a CHN is the simplicity it allows
when implementing our pattern recovery mechanism (Sec. 4.4.4), limiting the
appearance of false memories as spurious states, which are often encounte-
red in DHNSs ( , ). A variant of the DHN with stochastic units,
the SHN ( , ), would be a possible candidate to implement our
algorithm, as they tend to visit only the stored patterns by properly control-
ling the annealing temperatures. However, the stochastic properties of these
networks would require a more complex setup.

t=0 t=20 t=40 t=60
06 _
04 =
Q2 0.2

Figure 4.1 - Querying of two binary-patterns representation of the handwrit-
ten digit "3" and "4" from the MNIST dataset. The network is of size 20 x 16 as
each neuron codes for a pixel. From black to white, the color represents the
rate v;(r) of each unit. At r = 0 the network is initialized with the part of the
units set to the target value as described in Appendix 6.2. The figure displays
snapshots of the evolution of the rates in time for each unit of the network.
The network is queried two times, for the first query Q1 the network gradually
settles to the nearest stored state corresponding to the digit "3". For Q2, the
network settles to the stored state corresponding to the digit "4".
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4.4.3 . Continuous incorporation of correlated memories

While the GDA effectively enables the storage of correlated memories, its
implementation in Alg. 4 reveals a significant limitation : it requires multiple
iterations over the entire set of patterns to achieve convergence. Without the
ability to reprocess all patterns, the network would suffer from catastrophic
forgetting, where learning a new pattern inisolation rapidly erodes previously
stored memories ( , ; ' ; '

; , ). By repeatedly processing all patterns, the algorithm
can find a weight matrix W that properly separates the patterns, despite their
correlations ( , ). Adding a new pattern, therefore, re-
quires access to all previously stored patterns from an external source.

This requirement for external access to the complete memory dataset
stands in contrast to biological learning systems, which must incorporate new
information while maintaining past memories without relying on an explicit
external copy of the already stored data. To overcome this external depen-
dency and move towards more biologically plausible learning, a solution is to
develop a mechanism that allows the network to internally recover its stored
memories.

The development of such an autonomous retrieval mechanism would al-
low us to exploit the GDA's ability for the continuous incorporation of correla-
ted memories. The continuous learning algorithm is formally defined in Alg. 5.
The act of retraining the network on the whole set is called a rehearsal. Reco-
vering the whole set from the network to allow rehearsal is called retrieval.

Algorithm 5 Continuous incorporation of correlated patterns through
rehearsal of the whole memory set

1. Input : CHN trained on p patterns using the GDA

2: Given : New patterns {x*! x**2 ...} to be stored

3: Retrieve set {x} of stored patterns through autonomous retrieval
(AR) introduced in Sec. 4.4.4

4: Update pattern set : {x} « {x} U{xPt!1 xP2 .}

5: Apply GDA to store updated pattern set
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4.4.4 . Autonomous retrieval

In this section, we present the autonomous retrieval (AR) mechanism al-
lowing the recovery of stored correlated patterns in a network.

Given a trained network initialized at the "neutral” state, u; = 0 for each
unit i, the network dynamics described by Eq. 4.1 converge deterministically
to a given stored attractor, which is thus "retrieved". This attractor can be seen
as the dominant attractor from the neutral state. The goal now is to allow for
the exploration of other states to permit a complete recovery of the stored
memories. To do so, we introduce the adaptation terms A;.

du, uj

Zv‘/ljv] —Apy;— . (4.4)

A; <—A,~+[3v;(tf) (4.5)

with v;(z/) the firing rate of neuron i after convergence of the dynamics. 8 re-
presents the adaptation strength and is chosen to be small, typically below
0.1. Adaptation terms could correspond to various components commonly
observed in the mammalian central nervous system. On short time scales,
spike frequency adaptation (SFA) of excitatory neurons functions as plastic
self-inhibition ( , ; , ). Repeated stimu-
lation progressively reduces firing activity in the neuron, mirroring the dyna-
mics produced by our adaptation A;. Alternatively, A; can be interpreted as
recurrent inhibition mediated by local inter-neurons, which frequently exhi-
bit Hebbian plasticity ( , ; , ).

After a given memory is retrieved (i.e., when the network falls into an at-
tractor), the attraction toward that state is decreased through the adaptation
term (EqQ. 4.5). Consequently, once the pattern has been inhibited, the proba-
bility for the network to converge into it from the neutral state is reduced. By
resetting the network to the neutral state after each convergence-inhibition
cycle, we allow the sequential recovery of stored patterns.

Fig. 4.2 illustrates the sequential recovery of two stored patterns and the
modification of the network dynamics induced by the procedure. The geome-
try of the vector field explains why a minimal inhibitory influence, resulting
from a small B value, is sufficient to alter the trajectory. The neutral state
resides near the separatrix that divides the attractor basins corresponding to
each patterns. Consequently, even a slight modification of the separatrix posi-
tion, caused by inhibitory potentiation, can significantly redirect the network’s
trajectory.

The increase in adaptation tends to distort the stable states associated
with stored patterns. As this distortion is minimal for small B, it is mainly
compensated for by the thresholding mechanism used to read the network
output (Sec. 4.4.2). To further reduce the impact of this distortion, we divide
the convergence dynamic into two phases, the "biased" phase and the "free"
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phase. The biased phase guides the network to converge toward states that
have not been retrieved. It corresponds to the simulation of the network with
adaptation, Eq. 4.4, until convergence. The optional free phase then allows the
network to complete its convergence to an undistorted stored state. It corres-
ponds to the simulation of the network without inhibitory synapses (Eq. 4.1)
until convergence. The entire procedure is detailed in Alg. 6.

It is important to note that correlated patterns and patterns with various
sparsity levels induce similar vector fields. In all cases, we observe a separatrix
crossing the neutral state and lying in the middle of the attraction basins. It
appears to be an emergent property of the gradient descent algorithm, appro-
priately shaping the dynamical landscape to balance the attraction strength
of memory states from the neutral state. The construction of correlated pat-
terns is discussed in Sec. 4.5. The impact of sparsity on the network behavior
is discussed in Sec. 4.8.3.

Fig. 4.3 provides a visualization of AR for binary-patterns representation
of handwritten digits from the MNIST dataset ( , ). For the first
iteration, the inhibitory drive is null as no pattern has been retrieved. The pat-
tern corresponding to the binary picture of a 3 is recovered. The network state
is reinitialized with the updated adaptation (A). The network now inhibits the
recovery of a 3, which induces convergence toward a second pattern, here a
4. Adaptation is updated again and now inhibits both the 3 and the 4 toge-
ther. Inhibition of the 3 and the 4 combined allows the recovery of the 5 and
so on. For the recovery of MNIST binary digits, as a large inhibitory coefficient
B has been chosen, the free phase is mandatory to reduce the distortion of
the stored pattern.

The order in which patterns will be visited is an emerging feature of the
learning algorithm that has not been studied in this work. With each iteration
of the AR algorithm, inhibitory synapses undergo potentiation. This growth
is constrained only by the number of iterations and the value of . Theore-
tically, such an unbounded growth could cause the adaptation A; to disrupt
the attractor dynamics induced by W. However, in practice, this potential is-
sue can be managed by adjusting the value of 8 based on the number of ite-
rations. Specifically, when more iterations are required, using a smaller f is
sufficient to maintain robust pattern retrieval without compromising attractor
dynamics.

In Fig. 4.4, we illustrate the dynamics of the CHN during the retrieval of sto-
red memory patterns in networks with various loads. The load corresponds
to M/N, with M the number of stored memories, and N the size of the net-
work. For low loads (see Fig. 4.4(top)), the system converges sequentially to
the attractors corresponding to the stored patterns. Once every memory has
been recovered, if the simulation is not ended, the network falls back into the
stored states without showing any false memories. The lower the value of 3,
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the longer this dynamic can proceed without encountering spurious states.
The free phase has no utility in this scenario, the attractors are well separa-
ted, and the disruption of the energy landscape by adaptation is minimal. For
critical loads (see Fig. 4.4(middle)), the retrieval process becomes more chal-
lenging. The attractors exhibit reduced separation, and the network struggles
to converge to the stored states once inhibition is applied. In this scenario,
the free phase demonstrates its utility. At the end of the biased phase, during
the sixth iteration of the AR, the network remains in a mixed state characteri-
zed by ambiguous correlations with multiple stored patterns. The free phase
enables the network to resolve this ambiguity and ultimately converge to a
stored state. At high loads (see Fig. 4.4(bottom)), the network successfully re-
trieves some stored states, but mostly falls into spurious attractors. Under
these conditions, even the free phase cannot rescue the recovery dynamics.

These autonomous recovery dynamics are reminiscent of memory replays
observed in the central nervous system of mammals during quiescent states,
such as sleep or rest. This process is believed to function as a consolida-
tion mechanism that mitigates or modulates memory forgetting ( , ;

. ).

The use of recurrent plastic inhibitory synapses has been tested and shows
the same qualitative dynamics as that observed for networks with units that
undergo adaptation. The results and the model are detailed in App. 6.4. As
implementing adaptation requires less computation and parameters, the fol-
lowing work focuses only on the adaptation model.

Algorithm 6 Autonomous retrieval (AR)

1 Input : Trained network weights W;;, number of iterations &, plasti-
city rate

2: Initialize: A; =0, {x} =0

3: while j <k do

4. Set neutral initial conditions : u(r =0) =0

5 Biased phase : Integrate Eq. 4.4 until convergence to the state
u(sp) =y

6 Free phase : from the state u(z,), integrate Eq. 4.1

7: until convergence > optional

8: Read pattern x* from final state v(¢;) via thresholding (Eq. 4.2)

o: Update retrieved pattern set : {x} < {x}U{x*}

10: Update inhibitory weights : A; <— A; + Bv;(ty)

1 j—Jj+1

12: end while

13: Return: {x}
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Figure 4.2 - Stream plots of the CHN in a 2D subspace spanned by two
pattern states. We examine a network with two stored patterns, labeled "1"
and "2", and their stable states ii' and ii*; these define a two-dimensional sub-
space parametrized by @i(A;,4;) = A ii! + A, @i%. At each point @i(A;, A, ) in this
subspace, we compute the full N-dimensional time derivative via Eq. 4.4 and
project it back onto the {ii!,&i’}-plane to obtain the plotted flow. ii! and i’
have minimal correlation as they are generated from random binary patterns
x! and x? € {0,1}". (left) Before training. (middle) After storing the two pat-
terns using the GDA, each pattern state (1 and 2) becomes a stable attractor;
the neutral state uy = 0 (large red dot) is on an unstable manifold. The red line
corresponds to the trajectory of the network projected on the subspace. The
trajectory follows the unstable manifold before arbitrarily falling into one of
the two stored patterns. (right) Adaptation A is updated to apply enhanced
inhibition to pattern 1 which shrinks its basin of attraction. This induces a shift
in the position of the separatrix (red dotted line), favoring the flow to pattern
2. An exaggerated large inhibitory coefficient B = 0.5 is used to illustrate the
modification of the vector field. Similar stream plots are obtained from net-
works storing patterns with various degrees of correlation using the GDA.
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Figure 4.3 - Recovery of four binary-patterns representations of handwritten
digits from the MNIST dataset, “3", “4", “5", “6". The network is of size 20 x 16 as
each neuron codes for a pixel. Left panels (in red) : Evolution of adaptation of
each neuron A;. Right panels (pink and gray) : snapshots of the evolution of the
rates v;(¢) for each unit of the network. Each row corresponds to the start of a
new memory retrieval in the CHN. The free phase corresponds to the removal
of the inhibitory drive biasing the activity of each neurons as described in
Alg. 6. The panels illustrate how the biased phase “orients” the evolution, and
then the free phase provides the precise convergence to a stored pattern. An
exaggerated large inhibitory coefficient B = 2 is used to illustrate the stable
states deformation at the end of the biased phase, highlighting the need of
the free phase.
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Figure 4.4 - Visualization of AR (Alg. 6). The x-axis shows the number of time
steps for simulations of the CHN, with all query iterations of AR concatena-
ted. The y-axis shows the correlation between the state of the network and
any stored state, with each color corresponding to a specific memory. Verti-
cal red dashed lines separate successive memory retrieval sequences. At the
beginning of a memory recall adaptation A is updated and the initial state is
the neutral one. The yellow dashed lines indicate the end of the biased phase.
Between yellow and red lines is the free phase, during which self-inhibition is
removed, to converge precisely into a stored state. Considered patterns have
minimal correlation as they are generated from random binary vectors. (Top)
Recovery dynamics in a low-load network : 5 patterns stored in a network of
60 units. Each memory is visited once before all are successfully recovered.
(Middle) Recovery dynamics in a critically loaded network : 5 patterns stored
in a network of 30 units. Some memories are revisited multiple times before
all are recovered. (Bottom) Recovery dynamics in a high-load network : 16
patterns stored in a network of 60 units. Recovery fails as spurious patterns
are visited, reflected by low correlation values.
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4.5 . Results

In this section, we evaluate the ability of our algorithm to retrieve corre-
lated patterns from a given network. We will consider the retrieval of pattern
sets with various amounts of correlation. Each set is assigned a random bi-
nary parent pattern, where each bit is independently set to o or 1 with equal
probability. Each pattern of a given set is generated by randomly choosing a
fraction (1 — p) of bits from the parent pattern and randomizing them. The
randomization process sets each selected bit to o or 1 with equal probability,
independently of its original value, as described in Alg. 9 (App.6.3).

Therefore, a higher p induces more correlation, while a lower p results in
less correlation. Networks with various loads will be tested. All retrieval dy-
namics are considered without free phases as it has been observed that, for
the retrieval of random binary patterns and the use of small inhibitory po-
tentiation values B, the free phase does not significantly improve retrieval
performance.

Fig. 4.5 illustrates, for various correlations, the loads for which AR allows
systematic recovery of all stored patterns without external cues or memory
lists. This property enables the continuous incorporation of new correlated
memories, as described in Alg. 5. The retrieval improves with network size as
larger networks can reliably retrieve more stored patterns without encoun-
tering false memories. We can observe the rather surprising feature that a
moderate amount of correlation (p = 0.5) tends to improve pattern retrieval
compared to highly correlated and minimally correlated pattern sets. In fact,
this finding contrasts with traditional associative memory models, where cor-
relation typically degrades performance ( , ).

Our interpretation is that an intermediate amount of correlation helps the
system to be driven in the “good” direction in early stages of the evolution,
i.e. while still rather close to the neutral state, and the energy landscape is
rather featureless. Once driven to a point of the state space proximal to all
the stored patterns, the system can finish the convergence. As illustrated in
Appendix 6.5, Fig. 6.3, this push towards the good direction can be measured
through the average correlation between the synaptic drive of each unit and
the stored patterns.

As emerges from our simulations, to limit the appearance of false memo-
ries, the values of B must be relatively small compared to the target potential
utarget. IN our case, we found it convenient to keep 8 smaller than 0.1. By kee-
ping the nudging of the convergence dynamic small, the emergence of false
memories that might otherwise result from deformations in the energy land-
scape is reduced. Fig. 4.6 indicates the existence of a trade-off : Smaller 8
values require more iterations to retrieve all patterns but lower the chances
of retrieving spurious patterns, while larger values accelerate pattern retrie-
val at the cost of increasing the probability of encountering a spurious state.
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Higher values of B than those considered in this study lead to catastrophic
degradation of recovery dynamics for which no stored patterns are recove-
red. Lower values of 8 than presented here only lead to the need for more
iterations to retrieve all patterns. For B = 0 the network converges toward one
of the stored pattern states, and, so long we start near the same initial (neu-
tral) state, it will always fall back into this attractor after each reset, we call
this attractor the dominant attractor (or the dominant pattern) of the neutral
state.

We shall now describe some qualitative information on the efficiency of
our algorithm. As expected, the number of iterations required to successfully
store patterns using Alg. 4 increases with the memory load (Fig. 4.7). Moreo-
ver, the higher the correlation between patterns, the higher the number of
iterations needed for storage. Overall, our method requires significantly more
iterations than previously documented for associative memory tasks in DHNs
( , ). We can argue that this increase in computational
cost may come from two factors. First, training a CHN through GDA (Alg. 4)
inherently requires more iterations than training DHNs. Second, we obser-
ved that a smaller convergence parameter € in Alg. 4, while computationally
more demanding, yields superior retrieval performance. We hypothesize that
this tighter convergence criterion induces stronger competition between pat-
tern attractors at the neutral state. This competition results in enhanced net-
work responsiveness to subtle modifications in dynamics induced by adapta-
tion during retrieval. These observations led to the adoption of a very small
€ = 1075, which demanded more iterations when performing the GDA.

Finally, Fig. 4.8 gives a visual summary of the continuous incorporation of
new correlated memories allowed by our AR mechanism (Alg. 5). The whole
learning scheme can be divided into two phases : an awake phase during
which new patterns are collected, and a sleep phase during which previous
patterns are retrieved using AR. The storage of patterns collected during both
phases requires the use of the GDA. During this storage, the adaptation terms
are turned off for the GDA to converge.
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Figure 4.5 - Recovery capacity of AR for various correlations, modulated by p.
Data are averaged over 20 simulations with different pattern sets. Correlated
patterns are generated using Alg. 9 (Appendix 6.3). For networks of various
sizes and numbers of stored patterns, we employ Alg. 6 until all patterns are
recovered or until a spurious state is found. (Top row) The percentage of ‘full
retrieval,’i.e., simulation runs where no spurious state occurs before recove-
ring all stored patterns. (Bottom row) Number of iterations required to reco-
ver all patterns. Recovery is best for p = 0.5, which denotes equal number of
correlated and uncorrelated bits. For small p values with few correlated bits,
performance worsens. For highly correlated sets, only very low loads are re-
covered without false memories.
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Figure 4.6 - Similar to Fig. 4.5 but for various f values. Correlated patterns are
generated with a p of 0.5. Lower f values require more iterations to recover
the complete set of stored patterns. Higher 8 values diminish the number of
iterations needed but increase the probability of finding spurious states when
the load is important.
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Figure 4.7 - Convergence time of the GDA. Color intensity shows the number
of iterations required to store a given number of patterns using GDA (Alg. 4).
Data are averaged over 20 simulations for various pattern sets. p is equal to
0.5 for all simulations.
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Figure 4.8 - Continuous incorporation of correlated patterns. Visualiza-
tion of Alg. 5. .4 denotes the network. The awake phase corresponds to the
incorporation of new memories, while the sleep phase corresponds to AR. (1)
Memories added during the second awake phase. (2) Memories recovered
during the second sleep phase. Memories retrieved during sleep, along with
newly encountered ones, are stored in the network using the GDA. At the end
of the simulation, querying the network enables the retrieval of the six incre-
mentally stored memories {xi,...,xs}.
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4.6 . Discussion

Our work introduces a biologically inspired mechanism for the continuous
incorporation of correlated patterns in associative networks. CL is made pos-
sible through the autonomous recovery of all stored patterns during a retrie-
val phase. By systematically retrieving memories, the network can incorporate
new patterns while mitigating the forgetting of the ones already stored. Auto-
nomous retrieval is made possible by adaptation, avoiding the need to recall
patterns from an external list. Our results indicate that larger networks expe-
rience fewer spurious state visits, suggesting improved reliability with scale.
However, understanding how these dynamics extend to networks of biologi-
cally relevant sizes would require further investigation.

Traditional associative memory models typically suffer from decreased
capacity when storing correlated patterns ( , ). However, our
findings revealed the rather unexpected feature that moderate correlation
levels (p = 0.5) actually improve pattern retrieval in the context of autono-
mous retrieval. We argue how this result may arise from the way that correla-
ted structures influence the geometry of the attractor basins and the ensuing
flow towards them. A more thorough theoretical analysis of this phenome-
non could provide information on the factors that influence the robustness
of recovery dynamics in both artificial and biological systems.

The mechanism presented here is robust to moderate amounts of noise,
but it breaks down and induces spurious patterns when strong stochasticity
is introduced. The impact of noise on the recovery dynamics has been tested
by adding a stochastic term to the dynamics of each neuron:

dl/t,'

U
CE:ZVVijVj_AiVi_f"_Dni(t)? (4.6)
J

where n;(t) ~ % (—1,1) and D < 1 is the noise scaling factor. This added sto-
chasticity does not alter the recovery dynamics for D < 0.1 but induces spu-
rious patterns for higher values. Importantly, this stochasticity does not by
itself induce the exploration of various memory states when 8 = 0. We have
also tested slightly randomizing the neutral state, with u;(0) = Dn;. This ap-
proach yields results identical to adding stochasticity to neural dynamics :
convergence remains unchanged for D < 0.1, while spurious patterns emerge
at higher values. This suggests that, even though the neutral state lies near
the separatrix, in high dimensions, the dominance of an attractor cannot be
easily disrupted through stochasticity alone, at least for the continuous mo-
del and learning scheme considered here. While this statement may depend
on the specific values of N and D, a quantitative exploration of this feature is
beyond the scope of the present work.

Previous work in computational neuroscience indicates that inhibitory cir-
cuits may play a critical role in the regulation of neural activity and plasticity
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( , ; , ). Here we demonstrate that inhibitory
plasticity or SFA could be one of the key mechanisms that allows the sequen-
tial reactivation of memories observed during sleep and resting states (

; , ). A property of associative net-
works highlighted by our approach is that subtle changes in self-inhibition
can drive substantial shifts in network dynamics without disrupting the funda-
mental structure of stored attractors. Inhibition, therefore, allows for context-
dependent activity of the network as observed in experimental settings (

, ). Biological neural circuits might, therefore, employ si-
milar mechanisms to navigate complex, correlated memory spaces. In our
model, adaptation, or self-inhibition, is only potentiated at the end of each
memory replay. This behavior contrasts with the plasticity dynamics in the
brain, which are considered to occur continuously. This schematic implemen-
tation is intended to demonstrate the functional role of inhibition in guiding
memory exploration, rather than to reproduce the precise temporal dyna-
mics of neuronal plasticity. Another discontinuity in the plasticity dynamics
comes from the fact that, during the training of the network on a new me-
mory corpus, self-inhibition has to be removed to avoid disturbance of the
storage process. Implementing a model that more closely matches the conti-
nuous dynamics observed in the brain would therefore represent a natural
extension of this work.

The ability of our network to transition from one memory state to ano-
ther critically depends on the reset of the dynamics to the neutral state. In the
brain, this reset mechanism may likely be induced by observed physiological
processes. During sleep, for instance, cortical neurons exhibit bistable dyna-
mics, alternating between depolarized UP states characterized by sustained
ﬂrlng and hyperpolanzed DOWN states with neuronal silence ( ,

; ' ; , ). These UP states, lasting hun-
dreds of milliseconds to seconds, provide windows for memory replay, while
DOWN states could naturally separate distinct memory activations. Another
natural extension of our work would be to incorporate specific neural mecha-
nisms responsible for such network resets, such as post-inhibitory rebound,
to implement a more biologically plausible version of our model.
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4.7 . Conclusion

In this work, we demonstrate how adaptation can enable autonomous
exploration of attractor landscapes in continuous Hopfield networks. Our key
finding reveals that, under a critical load, inhibitory plasticity allows networks
to systematically retrieve the entire set of stored memories, even for highly
correlated sets. This property allowed us to propose and test an algorithmic
scheme for continuous learning leveraging the ability of gradient descent to
store correlated patterns. The capacity for self-directed pattern exploration,
emerging from inhibitory modulation, offers insights for both biological me-
mory consolidation and neuromorphic computing.
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4.8 . Addition

This section provides supplementary analysis of the autonomous retrie-
val (AR) mechanism presented above and compares our approach with exis-
ting methods for incremental learning in Hopfield networks. We first justify
our choice of continuous Hopfield networks for this study. We then charac-
terize the dynamics at the neutral state and the factors that determine the
order in which patterns are explored during AR, before examining the in-
fluence of pattern sparsity and leak parameters on AR performance. We next
reproduce and extend McCallum’s pseudorehearsal experiments and com-
pare them with our continuous incorporation (Cl) method. We then broaden
the comparison to other incremental learning approaches, including Hebbian
plasticity and the Storkey learning rule, applied to larger networks. Finally, we
test the robustness of the mechanism when patterns are stored at different
distances from the neutral state.

Throughout this section, we employ synthetic binary patterns with control-
led statistical properties rather than real-world datasets such as MNIST or Cl-
FAR. This choice is deliberate. Real datasets exhibit complex and heteroge-
neous statistics : patterns vary in sparsity, correlation structure, and higher-
order dependencies in ways that are difficult to disentangle. In a single-layer
network, these multiple sources of heterogeneity would confound our ana-
lysis, making it impossible to identify which specific property affects retrieval
performance. Using synthetic patterns with controlled sparsity and correla-
tion, we can isolate the influence of individual factors and thereby characte-
rize the fundamental properties of our model. For the storage of real data,
networks with hidden layers would be more appropriate candidates : hidden
representations can learn to extract relevant features and normalize variabi-
lity across inputs, thereby conferring robustness to the diverse correlations
and sparsity levels present in real data. Extending the AR mechanism to such
architectures represents a natural direction for future work.
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4.8.1. The use of CHNs

In this study, we introduce a model based on CHNs and present a gradient
descent algorithm (GDA) that enables the storage of correlated memories,
similar to the approach developed for DHNs (Sec. 3.1.2).

The use of CHNs is motivated by the observation that classical DHNs (Sec. 2.3.4)
tend to produce spurious attractor states when employing the specific recall
protocol used in this work (uncued convergence from a neutral state). In the
context of DHNSs, a neutral state corresponds to a completely random initia-
lization, where each neuron’s binary state is independently drawn with equal
probability of being -1 or 1. These spurious attractor states emerge even when
GDA is used for storage. Fig. 4.9 illustrates such spurious attractor states, sho-
wing network convergence to what appears to be a prototype spurious state,
despite minimal crosstalk between memory states.

Initializing the network from a neutral state appears to create more op-
portunities for settling into spurious states compared to initialization from a
partial cue, as is typically done in AMNs (Fig. 2.3). This observation is corro-
borated by numerous studies identifying the initial distance from any given
stored state as a crucial factor for successful convergence ( ,

). Intuitively, the closer the initial state is to a stored state, the better de-
fined the dynamical landscape that enables convergence.

In contrast, CHNs consistently converge to stored states from any initial
state when using our adapted GDA. Although the precise mechanism remains
unclear, we hypothesize that CHNs maintain a smooth dynamical landscape
even far from any stored memory state because of the continuous nature of
their dynamics, which facilitates reliable convergence.

Interestingly, additional work not presented in this thesis demonstrates
that stochastic Hopfield networks (SHNs) can also consistently converge from
a neutral state to a stored pattern when the storage is performed with the
GDA, but only in specific conditions. SHNs are variants of DHNs where units
update stochastically according to a temperature parameter, following a pro-
babilistic rule based on the Boltzmann distribution ( , ). To
achieve convergence, we employed a simulated annealing scheme in which
the temperature is initially elevated (producing purely random activity) and
then gradually decreased until the dynamics become deterministic.

Itis crucial to emphasize that this approach differs from using a fixed tem-
perature to eliminate certain spurious attractors when storing uncorrelated
patterns with Hebbian plasticity, as demonstrated by ( ). To
our knowledge, successful retrieval of correlated patterns stored with GDA in
SHN from a neutral pure random queries has not been previously demons-
trated. Notably, this procedure bears striking similarity to approaches used
in modern diffusion models for generating high-quality synthetic data (

, ; , ). In these models, removing the simulated an-
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nealing dynamics similarly induces retrieval of states that can be interpreted
as prototype-like patterns.

These observations suggest that the MR procedure presented in this work
may be applicable to SHNs, although this avenue remains unexplored.

t=784

Figure 4.9 - A discrete Hopfield network (DHN) converging to a spurious at-
tractor state when initialized from a neutral state (random noise). Despite
using GDA for storage of 5 MNIST patterns, the network fails to retrieve any
stored pattern and instead settles into a spurious state that resembles a
prototype-like pattern.

105



4.8.2 . Dynamics at the neutral state and impact of inhibition

As described above, when initialized at the neutral state up = 0, the net-
work dynamics converge deterministically toward one of the stored patterns.
We denote the corresponding baseline activity v = o (ug) = (1/2,...,1/2)7.

Following retrieval, the potentiation of self-inhibition weakens the attrac-
tion toward that pattern, thereby favoring convergence to a different stored
pattern upon reset. To characterize this behavior, we quantify the tendency
of the network to evolve toward each stored pattern from the neutral state.

For each stored pattern x*, we define the unit vector pointing from the
neutral state toward the pattern :

N xH —v

d, (4.7)

IR
We define the push toward pattern u, denoted Py, as the component of
the instantaneous velocity in the direction of that pattern :

dv A
P,=(—| .,d .8
u <dl‘ u()’ u> (4.8)

A positive value P, > 0 indicates that the instantaneous velocity has a po-
sitive component in the direction of pattern p.

Fig. 4.10 shows P, for each stored pattern for a network without self-inhibition
(Eq. 4.1). The values are all positive and of comparable magnitude, suggesting
that the GDA shapes the weight matrix such that no pattern is strongly favored
over the others from the neutral state. However, small residual differences
determine which memory is visited when no inhibition biases recovery.

We can now examine how self-inhibition, potentiated after each pattern
retrieval, modifies the dynamics of the network at the neutral state (Eq. 4.4).
Recall that after each retrieval, self-inhibition is potentiated according to A; +
Ai+ Bvi(tr) (Eq. 4.5), where v;(ty) is the firing rate of neuron i at convergence.
Fig. 4.11 tracks the push P, toward each stored pattern as inhibition accumu-
lates during AR (Alg. 6). Each row corresponds to one iteration, with the re-
trieved pattern shown in red and previously retrieved patterns in orange. In
this example, the network retrieves the pattern with the largest push at each
iteration. We observe that after retrieval of a given pattern, self-inhibition re-
duces the push toward this pattern most strongly. This results in a sequential
exploration of all the stored patterns.

Fig. 4.1 suggests that the pattern retrieved at each iteration corresponds
to the one with the largest push value. However, this observation is based on
a single simulation. To assess whether push reliably predicts retrieval across
different network configurations, we systematically measure the probability
that a pattern will be retrieved based on its push at each AR iteration. The
results are shown in Fig. 4.12.
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To obtain Fig. 4.12, we rank the stored patterns by decreasing push value at
each AR iteration (rank 0 = highest push, rank M — 1 = lowest push). Consider
a network that stores M = 4 patterns. At iteration 0, no inhibition has accu-
mulated (A = 0) : we compute the push toward each pattern, rank them in
decreasing order (rank 0 for the highest push, rank 3 for the lowest), and ob-
serve which pattern is retrieved. Suppose pattern u = 3 has the highest push
(rank 0) and is indeed retrieved; we record a retrieval event at rank 0. At ite-
ration 1, inhibition has been potentiated predominantly on neurons active in
pattern u = 3, modifying all push values. We recompute the push toward each
pattern and re-rank accordingly : suppose pattern u = 1 now has the highest
push (rank 0). If it is retrieved, we record another event at rank 0. This pro-
cedure continues until all four patterns are retrieved, yielding four retrieval
events for this simulation.

Fig. 4.12 displays the resulting probability distribution over ranks. We ag-
gregate retrieval events across all AR iterations and across 100 independent
simulations for each memory load M € {2,3,5,7,10}, with N = 200 neurons
and correlation parameter p = 0.5. Iterations yielding spurious states are ex-
cluded. For small loads (M = 2,3, 5), the highest-push pattern (rank 0) is retrie-
ved with probability close to 1, indicating that push is a near-perfect predictor
of retrieval. As the memory load increases (M = 7,10), the retrieval probabi-
lity for rank 0 decreases progressively, while patterns with smaller push are
retrieved with non-negligible probability.

These results indicate that, at low loads, the instantaneous velocity at the
neutral state largely determines the retrieval outcome : the pattern with the
largest pushis reliably retrieved. At higher loads, push becomes less informa-
tive, and patterns with smaller push values are retrieved with non-negligible
probability. This degradation of predictive power occurs approximately at me-
mory loads where spurious states begin to appear (Figs. 4.5 and 4.6). Although
further investigation would be necessary, this suggests that retrieval degrades
when the instantaneous velocity at the neutral state does not point predomi-
nantly toward a single stored pattern.

The results are similar for correlation (p) varying from 0.2 to 0.8 and self-
inhibitory potentiation (f) varying from 0.1 to 0.0001, although not illustrated
here.

The analysis presented in this section reveals that the behavior of AR de-
pends on the load. At low memory loads, the push metric accurately predicts
retrieval : the network sequentially visits stored patterns in an order largely
determined by the instantaneous velocity at the neutral state. As the load in-
creases, this correspondence weakens. In the following section, we examine
the influence of pattern sparsity on the push from the neutral state and on
the performance of the AR mechanism.
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Figure 4.10 - Bar height correspond to P, the projection of the instantaneous
velocity at the neutral state onto the direction of each stored pattern. The
approximately equal values indicate balanced initial attraction toward all pat-

terns. Network size N = 200, number of stored patterns M = 4, correlation
parameter p = 0.5, patterns generated using Alg. 9.
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Figure 4.1 - Evolution of the push P, toward each stored pattern during au-
tonomous retrieval. Each row corresponds to one AR iteration. Red : pattern
retrieved at the current iteration; orange : patterns retrieved at previous ite-
rations; white : patterns not yet retrieved. The push decreases more stron-
gly for retrieved patterns than for non-retrieved patterns due to the selective
potentiation of self-inhibition. Same simulation parameters as Fig. 4.10, with
B=0.1.
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Figure 4.12 - Probability that a pattern of a given push rank is retrieved during
AR, for memory loads M € {2,3,5,7,10}. At each AR iteration k, push values
are recomputed using the current inhibition state, and patterns are ranked
in decreasing order (rank 0 = highest push). For low loads, rank 0 is retrie-
ved with probability close to 1. As load increases, retrieval probability spreads
across ranks. Network size N = 200, correlation parameter p = 0.5, inhibitory
potentiation rate 8 = 0.0001, 100 simulations per configuration.
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4.8.3 . Impact of pattern sparsity

Neural codes in the brain exhibit varying degrees of spar5|ty depending on

the brain region and stimulus type ( , ; , ;

, ). Similarly, representations in deep neural net-

works often display heterogeneous sparsity across layers ( ,

; , ). This motivates an investigation of how sparsity influences
retrieval dynamics in our model.

Sparsity influence on the push from the neutral state

The results presented in the preceding section were obtained using pat-
terns with sparsity s = 0.5. Patterns with a given sparsity s are generated by
independently setting each bitx' to 1 with probability (1—s) and to 0 with pro-
bability s. We now examine how varying s affects the push P, from the neu-
tral state. In this section, patterns with heterogeneous sparsity are generated
independently, without any imposed correlation (other than the correlation
induced by sparsity itself).

To observe the effect of sparsity, we store five patterns in a network of size

= 600, each pattern having a distinct sparsity value : s € {0.40,0.45,0.50,0.55,0.60}.
Fig. 4.13 shows the push P, towards each stored pattern. The push increases
monotonically as the sparsity decreases, indicating that patterns with more
active units are more strongly favored by the dynamics at the neutral state.

Fig. 4.14 shows the evolution of P, during AR. Initially, patterns are retrie-
ved in order of decreasing push (increasing sparsity). However, at iteration 4,
a previously retrieved pattern is revisited despite having a lower push than
at least one unretrieved pattern. This illustrates that the push provides a bias
rather than a deterministic prediction of the retrieval order.

To quantify this bias induced by pattern sparsity, we run multiple inde-
pendent simulations and measure two metrics : the number of times each
pattern is visited during AR (visit count), and the iteration at which each pat-
tern is first retrieved (first visit iteration). The results are shown in Figs. 4.15
and 4.16.

For each memory load M € {4,6,8}, we generate M patterns with spar-
sities uniformly distributed in the interval [0.3,0.7]. Networks of size N =200
are trained using the GDA, and AR is run until all patterns are retrieved or a
spurious state is encountered. We repeat this procedure for 30 independent
simulations per configuration and group the results into several sparsity bins.

Fig. 4.15 shows the distribution of visit counts across sparsity bins. Patterns
with lower sparsity are visited more frequently during AR. Fig. 4.16 shows the
first visit iteration for each sparsity bin. Patterns with lower sparsity are retrie-
ved earlier in the AR sequence. These results confirm that the bias observed in
the push metric translates into a systematic effect on the retrieval dynamics.
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Figure 4.3 - Push P, toward each stored pattern for patterns

with heterogeneous sparsities. Each pattern has a distinct sparsity
s € {0.40,0.45,0.50,0.55,0.60}. Network size N = 600, number of stored

patterns M =5.
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Figure 4.14 - Evolution of push P, during AR for patterns with heteroge-
neous sparsities. Red bars indicate the pattern retrieved at the current itera-
tion; orange bars indicate previously retrieved patterns. The sparsest pattern
(s = 0.60) is not retrieved within five iterations.
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Figure 4.15 - Distribution of visit counts during AR as a function of pattern
sparsity, for memory loads M € {4,6,8} with sparsities uniformly distributed
in the interval [0.3,0.7]. Patterns are grouped into several sparsity bins. Red
lines indicate the median; boxes span the interquartile range; whiskers ex-
tend to the most extreme data points within 1.5 times the interquartile range;
black dots indicate outliers. Network size N = 200, 30 simulations per confi-
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Figure 4.16 - Similar to Fig. 4.15 but visualizing distribution of first visit iteration
during AR as a function of pattern sparsity. Network size N = 200, 30 simula-
tions per configuration.
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Sparsity influence on retrieval capacity

The preceding analysis demonstrates that sparsity influences the push to-
ward individual patterns. We now examine how sparsity affects the overall re-
trieval capacity of the network. Specifically, we consider two scenarios : (i) cor-
pora in which all patterns share the same sparsity, and (ii) corpora containing
patterns with heterogeneous sparsities. (Recall that s denotes the fraction of
inactive units).

We first consider corpora in which all stored patterns share the same spar-
sity s. Fig. 4.17 illustrates, for various sparsity values, the loads for which AR
allows systematic recovery of all stored patterns. We observe that optimal
retrieval occurs for moderately sparse codes (s =~ 0.7), with performance de-
grading for both higher and lower sparsity.

We next consider corpora containing patterns with heterogeneous spar-
sities. Fig. 4.18 illustrates the impact of heterogeneous sparsity on AR perfor-
mance. For each pattern u, the sparsity s* is drawn independently from a uni-
form distribution centered at 0.5 with range As, i.e., s* ~ % [0.5 — As/2, 0.5+ As/2].
For instance, As = 0.4 corresponds to sparsities uniformly distributed in the
interval [0.3,0.7]. Unlike the uniform sparsity case, no optimal intermediate va-
lue emerges : retrieval performance degrades monotonically as As increases.
The AR mechanism therefore tolerates moderate heterogeneity in coding spar-
sity, but performs best when patterns share similar sparsity.

In summary, the AR mechanism accommodates patterns with varying spar-
sity, achieving optimal retrieval for moderately sparse codes (s = 0.7). Although
the algorithm handles moderate heterogeneity in sparsity across stored pat-
terns, retrieval performance benefits from relatively homogeneous sparsity
of memory representations.
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Figure 4.17 - Recovery capacity of AR for corpora with uniform sparsity s €
{0.1,0.3,0.5,0.7,0.9}. Patterns are generated independently with no imposed
correlation other than that induced by sparsity. For networks of various sizes
and numbers of stored patterns, we employ Alg. 6 with B = 0.1 until all pat-
terns are recovered or until a spurious state is found. (Top row) Percentage
of full retrieval, i.e., simulation runs where no spurious state occurs before
recovering all stored patterns. Recovery is best for s = 0.7, with degraded per-
formance for both lower and higher sparsity values. (Bottom row) Number
of iterations required to recover all patterns. Data averaged over 30 inde-
pendent simulations.
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Figure 4.18 - Similar to Fig. 4.17 but for corpora with heterogeneous sparsities.
For each pattern u, sparsity is drawn from %/[0.5 — As/2, 0.5+ As/2]. The more
heterogeneous is the sparsity, the lower the performances of AR.
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4.8.4 . Impact of the leak parameter

In this section, we examine how the varying of the leak parameter affects
the retrieval capacity of the AR mechanism.

In the CHN dynamics (Eq. 4.1), the term —u;/r is a leak term that pulls
the membrane potential toward zero. The quantity 1/r determines the leak
strength (larger 1/r yields a faster decay). In the rest of this thesis, the leak
correspondsto 1/r=1.

Figs. 4.19 and 4.20 illustrate, for various leak strengths, the loads for which
AR allows systematic recovery of all stored patterns. For weak leaks (1/r < 1),
retrieval performance decreases compared to the reference case 1/r = 1.
For moderate-to-strong leaks (1/r > 1), the retrieval capacity remains compa-
rable, but the number of iterations required to recover all patterns increases.

To understand the increased iteration count, we examine how the leak pa-
rameter affects synaptic weights. Figs. 4.21 and 4.22 show the distributions of
storage weights W;; and self-inhibition terms A;, respectively. The self-inhibition
values correspond to those accumulated at the end of AR, after all stored pat-
terns have been successfully retrieved. Fig. 4.23 summarizes these observa-
tions by showing the average absolute weight (|W;;|) and the average self-
inhibition (4;) as functions of 1/r.

What appears from this study of the synaptic weights is that higher leaks
induce larger-magnitude storage weights. As storage weights increase, the
self-inhibition required to steer the network toward unvisited patterns also
increases. Therefore, more iterations of the AR algorithm are necessary to
explore the attractor landscape by sufficiently potentiating self-inhibition as
shown in Figs. 4.19 and 4.20.

This raises the question : why does a stronger leak lead the GDA to pro-
duce larger-magnitude storage weights? The key point is that the GDA en-
forces a target fixed-point potential for each stored pattern. Ignoring self-inhibition,
the CHN dynamics read

. Ui
u; = —7 +Z‘/VUV]
J

At a steady state associated with pattern u, we have it; =0 and u; = ﬁf‘ hence
o
~ u.
ufl = rZWijv? = ZWijv;l = L,
J J
Therefore, for fixed targets i!', decreasing r (i.e., increasing the leak strength
1/r) requires the synaptic drive }; w/ijV"j'-t to grow proportionally like 1/r. Since
vi-‘ is bounded, achieving this larger drive forces the GDA to increase the ma-
gnitude of the weights W;;, explaining the broader weight distributions obser-
ved at higher leak.
In summary, the AR mechanism is robust to variations in the leak parame-
ter for 1/r > 1, although a stronger leak requires more iterations due to the
larger synaptic weights developed by the GDA.
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Figure 4.19 - Recovery capacity of AR for weak leak values (1/r < 2). Pattern
sets are generated with Alg. 9 (p = 0.5) and AR is run with f = 0.1 until all
patterns are recovered or until a spurious state is found. (Top row) Percen-
tage of full retrieval (no spurious state before recovering all stored patterns).
(Bottom row) Number of iterations required to recover all patterns. Data ave-
raged over 30 independent simulations.
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Figure 4.20 - Same as Fig. 4.19 but for stronger leak values (1/r > 2). Retrieval
capacity remains comparable, while the number of iterations increases with
leak strength.
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Figure 4.21 - Distribution of storage weights W;; for various leak values. As the
leak increases, the distribution broadens and shifts toward larger absolute
values. Network size N = 250, number of stored patterns M = 8, correlation
parameter p = 0.5, data averaged over 30 independent simulations.
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Figure 4.22 - Distribution of self-inhibition terms A; at the end of AR for various
leak values. Larger leak values require stronger self-inhibition to redirect the
dynamics toward unvisited patterns. Same simulation parameters as Fig. 4.21.
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Figure 4.23 - Average absolute storage weight (|W;;|) and average self-
inhibition (A;) as functions of the leak parameter 1/r. Both quantities increase
with leak strength. Same simulation parameters as Fig. 4.21.
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4.8.5 . Reproduction and extension of McCallum'’s pseudorehear-
sal results

In Sec. 2.4.3, we presented the pseudorehearsal approach of McCallum
( , ), which constitutes the most closely related prior work to our
approach. Here, we summarize only the elements of McCallum'’s protocol that
are necessary to understand our implementation choices and to reproduce
the main qualitative findings; for a complete and exhaustive description of
the original procedure (including all heuristic details and parameter choices),
we refer the reader to McCallum'’s thesis. We then reproduce his central re-
sults and extend the analysis to partial-cue recovery, correlated patterns, and
capacity scaling. Finally, we compare pseudorehearsal with our continuous
incorporation (Cl) method, which relies on AR for memory retrieval.

Results reproduction

McCallum stores patterns using the gradient descent algorithm, referred
to as “delta learning” in the original work. He first stores a small base popu-
lation of B patterns (in this section B = 5) in the network by applying GDA to
this initial set. Then, for each new pattern to be incorporated, he performs
pseudorehearsal as follows :

1. The network is probed with a large number of random initial states
(2000 in the original experiments). Each probe state is relaxed to conver-
gence under the network dynamics, until reaching a stable state.

2. Thesetofunique recovered states, capped at a maximum number Pems,
forms the rehearsal population.

3. The new pattern to be incorporated is added to the rehearsal popula-
tion, and the GDA is used to store this combined training set by conti-
nuing from the current weight matrix (i.e., without reinitializing W which
potentially already contains previously stored patterns).

The full incremental protocol (bootstrap on B patterns followed by se-
quential incorporation) is summarized in Alg. 10 (Appendix. 6.7). The incor-
poration step performed at each iteration is detailed in Alg. 11 (Appendix. 6.7).
Following McCallum's terminology, we refer to the recovered states as items
in what follows.

During GDA training, two forms of noise are applied to the storage of the
new pattern to broaden its attraction basin and improve learning; implemen-
tation details are given in McCallum'’s thesis ( ).

We first reproduce the central result of McCallum’'s pseudorehearsal ex-
periments. The results are presented in Fig. 4.24, with our reproduction at
the top and the original figure from McCallum'’s thesis at the bottom. Both
figures show the number of stable patterns as a function of the total number
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of sequentially incorporated patterns in a DHN of size N = 100 and for uncor-
related patterns (p = 0). A pattern is considered stable if, when the network is
initialized with this pattern as its activity state, simulating the dynamics leaves
the state unchanged (Sec. 2.3.4).

Our reproduction agrees with McCallum's original results : pseudorehear-
sal does partially protect previously stored patterns, and this protective ef-
fect strengthens as the number of rehearsed pseudo-items increases. In both
Mccallum’s and our results, the number of stable patterns follows the same
qualitative evolution as the number of stored patterns M increases, and the
plateau values at high loads are of the same order. The main discrepancy bet-
ween our simulations and McCallum'’s results concerns the low-load regime.
In McCallum'’s data, the pseudorehearsal conditions exhibit a pronounced
bump where all incorporated patterns become stable at low loads. This bump
issmallerin our reproduction. We tested several protocol variants (noise on/off,
noise strength, early stopping criteria) but did not fully recover this feature.
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Figure 4.24 - Pseudorehearsal in a DHN : our reproduction (Top) and Mc-
Callum’s original results (Bottom, adapted from ( )). Num-
ber of stable patterns as a function of the total number of patterns learned
M, for a network of size N = 100 with uncorrelated patterns (p = 0). A base
population of 5 patterns is stored into the network before incremental lear-
ning. All Prk curves correspond to the incremental protocol in Alg. 10 (Appen-
dix. 6.7). Top : Prk denotes pseudorehearsal with a pseudoitem cap of k. The
“delta/GDA no noise” baseline (dashed black) applies the GDA to each new pat-
tern alone without pseudoitems rehearsal or noise (Alg. 12 (Appendix. 6.7)).
The “delta/GDA noise” baseline applies the GDA with heteroassociative and
Gaussian noise without pseudoitems rehearsal (Alg. 12 (Appendix. 6.7)). Bot-
tom : McCallum'’s original figure, with PrO corresponding to our “delta/GDA
noise” condition.
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Extension to partial-cue recovery

As emphasized above, stability does not ensure recoverability from de-
graded cues. To quantify retrieval robustness, we extend McCallum's analysis
by measuring recovery from partial cues. For a given target pattern x*, we
construct a partial cue by taking a fraction ¢ of bits from x* and randomizing
the remaining (1 — g) fraction. We then run the DHN dynamics from this par-
tial cue and declare successful recovery if the network converges back to the
target pattern. Repeating this procedure over all stored patterns and multiple
random cues yields the average number of recovered patterns at each load
M.

Fig. 4.25 shows the number of recovered patterns as a function of M for
different cue qualities ¢, under the Pr256 pseudorehearsal condition. As ex-
pected, recovery performance decreases as cues become more degraded. Im-
portantly, even when stability remains relatively high, partial-cue recovery can
drop substantially, confirming that stability is a permissive metric.
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Figure 4.25 - Pattern recovery from partial cues under pseudorehearsal
(Pr256). Number of recovered patterns as a function of the total number of
patterns learned M, for a DHN of size N = 100 with uncorrelated patterns
(p = 0). Each curve corresponds to a different fraction of informed bits ¢ :
the fraction indicates the proportion of bits taken from the target pattern,
with the remaining bits randomized. Stability (¢ = 1) corresponds to the full-
cue condition. Shaded regions indicate +1 standard deviation over 20 simu-
lations. Incremental learning follows Alg. 10 (Appendix. 6.7); parameters as in
Fig. 4.24 with Pems = 256. We can observe that, as the cues degrade, the num-
ber of recovered patterns decreases.
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Extension to correlated patterns

McCallum'’s original experiments focus on uncorrelated patterns. To as-
sess robustness when overlap increases, we also study correlated patterns.
Patterns are generated using the parent-and-redraw procedure described in
Alg. 9 (Appendix 6.3), controlled by a correlation parameter p € [0,1].

Fig. 4.26 shows the number of stable patterns under Pr256 pseudorehear-
sal for different correlation levels. As p increases, the number of stable pat-
terns decreases but does not drop to very low values. This is potentially due
to the fact that the GDA/delta learning rule performs well for the storage of
correlated patterns.
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Figure 4.26 - Effect of pattern correlation on pseudorehearsal perfor-
mance (Pr256). Number of stable patterns as a function of the total number
of patterns learned M, for a DHN of size N = 100 and various correlation levels
p € {0.0,0.2,0.4,0.6,0.8}. Correlated patterns are generated using Alg. 9 (Ap-
pendix 6.3) and converted to bipolar coding via x < 2x — 1. Incremental lear-
ning follows Alg. 10 (Appendix. 6.7); parameters as in Fig. 4.24 with Pems = 256.
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Comparison with our method

To quantitatively compare our Cl method with McCallum’s, we introduce a
scalar capacity metric : the perfect retrieval capacity M*. M* is measured from
many CL scenarios and the procedure for a single scenario is as follows :

1. Patterns are incorporated one at a time into an initially empty network
(no bootstrap population) via a chosen incorporation method. The mea-
surement is independent of the incorporation method used; the me-
thod is entered only as a parameter of the evaluation.

2. After each incorporation of a new pattern, all currently stored patterns
are queried using partial cues with a fraction of informed bits q.

3. The process continues until either (i) a query fails, (ii) the incorporation
method itself signals a failure, or (iii) Miax patterns have been success-
fully stored and queried. The capacity for this scenario, denoted M}, is
the number of patterns successfully stored before the first failure.

The perfect retrieval capacity M* is the maximum M such that at least a frac-
tion 6 of scenarios achieved M; > M. In other words, M* is the largest number
of patterns that can be reliably stored across at least 8 xS scenarios, with S
the number of scenarios conducted. The complete procedure is detailed in
Alg. 7.

We now describe how each incorporation method is instantiated within

this framework :

* McCallum’s pseudorehearsal :The incorporation step follows Alg. 11
(Appendix. 6.7). This method does not define any internal failure condi-
tion; the only way a simulation terminates is through a query failure
after incorporation. Notice that the synaptic weight matrix W is never
reinitialized during the process.

+ Continuousincorporation (Cl): The incorporation step includes a sleep
phase based on the AR mechanism (Alg. 6), adapted with two modifi-
cations. First, the free phase is omitted. Second, two internal stopping
conditions are added. If a spurious pattern is encountered during retrie-
val, the simulation is terminated, as we consider that introducing false
memories into the training set is not acceptable within our framework.
Retrieval is considered successful when the number of distinct recove-
red patterns equals the number of currently stored patterns M, at which
pointthe GDAis applied to the complete recovered set together with the
new pattern. The adapted procedure is summarized in Alg. 14 (Appen-
dix. 6.7). In our method, reinitialization of the synaptic weight matrix W
before the GDA does not change the outcome.

We apply the M* metric to both McCallum’s pseudorehearsal (Pr512) and

our Cl method, sweeping over network sizes N € {50,100, 150,200,250} and
correlation levels p € {0.0,0.2,0.4,0.6,0.8}. For McCallum’s method, we use

125



Prems = 512, the largest pseudoitem count considered in the original thesis.
Fig. 4.27 shows M* for both methods, evaluated at four cue levels : stability
(g=1),¢=10.95,4g=0.80, and g = 0.50.

For McCallum’s pseudorehearsal, M* decreases as cue quality degrades.
Furthermore, M* does not increase with network size in the tested range. One
potential avenue to improve scaling would be to increase the number of pseu-
doitems beyond 512, which could provide a more representative sample of the
attractor landscape in larger networks.

By contrast, Cl does not show such degradation as cue quality decreases,
and capacity scales with network size. Regarding correlation, we observe the
same non-monotonic behaviour reported earlier, whereby recovery is opti-
mal for intermediate levels of correlation.

It should be noted that, as discussed in Sec. 4.8.5, our reproduction does
not fully recover the very good performance at low loads observed in McCal-
lum'’s original results. Since the stopping conditions of Alg. 7 cause simulations
to terminate upon the first failure, the measured M* values typically fall in this
low-load regime. A reproduction that successfully recovers this low-load per-
formance could therefore yield substantially higher M* values for McCallum’s
method, potentially altering the comparison in its favor.

We now summarize the key differences and similarities between McCal-
lum’s pseudorehearsal and Cl. Both methods share a common structure : they
retrieve activity patterns from the network’s own dynamics and retrain on
them together with new patterns. Beyond the differences in stopping criteria
and the role of spurious states discussed above, the two methods differ in
several other respects.

* Network type. McCallum uses a DHN. Our method uses a CHN.

+ Retrieval mechanism. McCallum probes the network with a large num-
ber of random initial states (2000 per incorporation step). Our method
exploits self-inhibition to sequentially visit stored attractors from a neu-
tral initial condition (Alg. 6). This typically necessitates less iterations,
although this is not precisely quantified here.

« Nature of recovered states. In McCallum's method, the recovered po-
pulation inevitably contains both true items and pseudoitems. The pseu-
doitems correspond to what we call spurious patterns. In CHNs, at low
memory loads, convergence to a spurious state is typically rare.

* Noise during storage. McCallum applies heteroassociative noise (v;)
and Gaussian input noise (og) to the new pattern during GDA training.
Our method applies no noise during storage or retrieval.

« CF mitigation. McCallum's pseudorehearsal partially mitigates CF, as
the recovered population is an inexact and incomplete representation
of the stored memory set. Our method, under favorable conditions, re-
covers the complete set of stored patterns with high probability. The
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GDA then operates on the same dataset as in batch learning, which fully
prevents CF. The limitation of our methods comes from the fact that we
recover the stored patterns without outputting spurious patterns only
for small loads.

In summary, the two methods embody different approaches to rehearsal.
McCallum trains on a large population of recovered states of variable quality :
the mixture of true items and pseudoitems collectively reconstructs part of
the attractor landscape and partially mitigates CF. Our method trains on a
small set of high-quality recovered states : the stored patterns themselves.
When all stored patterns are successfully recovered, CF is fully prevented.

Because our goal is to avoid incorporating false memories into the training
set, any spurious state during retrieval invalidates the entire sleep phase. Mc-
Callum’'s method, by contrast, tolerates spurious states in the recovered po-
pulation.

Training on recovered states that include spurious patterns within our fra-
mework was not explored in this work and could constitute a direction for
future investigation.

It is important to note that the stopping conditions used in Cl imply two
assumptions that constitute limitations of our approach. The network must
have access to the number of stored patterns M to determine when retrieval
is complete, and it must be able to distinguish stored patterns from spurious
states. Note that the latter does not necessarily require exact knowledge of
the stored patterns : as discussed by ( ), statistical properties of
the retrieved population could in principle be used to identify spurious states.
This direction is not explored in the present work. By contrast, McCallum’s me-
thod does not require either assumption, as probing runs for a fixed number
of random initializations and trains on all recovered states indiscriminately.
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Figure 4.27 - Comparison of perfect retrieval capacity between Cl and
McCallum’s pseudorehearsal (Pr512) across network sizes and correla-
tion levels. M* as a function of network size N € {50,100, 150,200,250} for
various fractions of informed bits (rows) and correlation levels p (columns),
with 6 = 0.9. Correlated patterns are generated using Alg. 9 (Appendix 6.3)
and converted to bipolar coding via x <+ 2x — 1. M* is estimated from S = 20
independent scenarios per (N, p) configuration. For McCallum’'s method, pa-
rameters as in Fig. 4.24 with Ptems = 512.
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Algorithm 7 Evaluation of perfect retrieval capacity

1. Input : Net size N, maximum load Mp,.x, number of scenarios S

Correlation parameter p, success threshold 6, fraction of informed

bits ¢

Incorporation method .# € {pseudorehearsal, Cl (our), Hebbian, Storkey, Iterative GDA}
2: Initialize : Capacities {M;}5_,
3: fors=1to Sdo

4: Generate pattern set {x#}/max

5: Initialize empty network JIL/L 1
6: M; +0

7: for M =1 to My, do

8:

o:

with correlation parameter p

Incorporate pattern x™ in .4 using the specified method .#
if .7 = Cl and sleep-phase retrieval (Alg. 14) returns failure

then
10: break
1: end if
12: Query all patterns x!, ..., x™ with informed bits fraction ¢
13 if any query fails then
14 break (end of scenario s)
15: end if
16: M; —M
17: end for
18: end for

19: Return : M* = max{M : [{s: M > M}|/S > 6}
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4.8.6 . Larger networks and comparison with other methods

Having compared our Cl method with McCallum'’s pseudorehearsal in the
previous section, we now broaden the comparison to other memory storage
techniques applied to larger networks. McCallum’s method is not included
here : as shown in Sec. 4.8.5, its perfect retrieval capacity does not increase
with network size, and the large number of random probes required at each
incorporation step makes it computationally prohibitive for larger networks.

We compare Cl applied to CHNs with two incremental DHN methods, Heb-
bian plasticity (Eq. 2.3) and the Storkey learning rule (Sec. 3.1.2), and with an
iterative GDA baseline applied to CHNs (Alg. 12). The first two methods are
chosen because, like Cl, they support incremental learning. For Hebbian plas-
ticity, this follows from the fact that the weight matrix is a sum of independent
contributions AW;; = %xf‘xif from each pattern u. A new pattern can therefore
be added by simply updating the weights with its contribution. The Storkey
rule similarly allows for incremental updates (see Chap. 3).

Fig. 4.28 compares the perfect retrieval capacity M* across methods for
various network sizes and correlation levels, using the evaluation procedure
introduced in Sec. 4.8.5 (Alg. 7). All methods are evaluated using partial cues
with ¢ = 0.50 informed bits.

As shown in Fig. 4.28, at low correlation (p = 0.0 and p = 0.2), Hebbian
and Storkey methods substantially outperform CI. The Storkey rule achieves
the highest capacity, saturating at the maximum number of patterns tested
(indicated by triangle markers). As the correlation increases, this hierarchy
changes. At p = 0.4, our method becomes competitive with the Storkey rule,
while Hebbian plasticity shows marked degradation. At p = 0.5 and p = 0.6,
Cl outperforms both Hebbian and Storkey methods, which exhibit sharply re-
duced capacity in the presence of strong pattern correlations. Iterative GDA
exhibits near-zero capacity across all correlation levels.

To verify if the choice of 6 does not strongly perturb the observed dyna-
mics, we examine how varying 0 affects the perfect retrieval capacity of ClI.
Fig. 4.29 confirms that the qualitative behavior is robust to the choice of 6.

In summary, Cl does not achieve the highest storage capacity for all re-
gimes. For uncorrelated or weakly correlated patterns, classical DHN methods,
particularly the Storkey rule, offer superior performance. However, our me-
thod shows improved performance in the regime of strongly correlated pat-
terns.

Itis important to note that more advanced methods for storing correlated
patterns exist and, if made compatible with CL scenarios (which is realistic),
would potentially outperform the approaches considered here. These include
reformulated modern Hopfield networks, which can be understood as classi-
cal Hopfield networks with a hidden layer ( , ), reservoir
computing architectures ( , ; , ;
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, ), and threshold-linear networks with sophisticated normalization
pipelines ( , ), which are inherently compatible with CL.
These methods fall outside our scope, as we deliberately restrict the discus-
sion to networks without hidden layers or elaborate normalization schemes
(see Chap. 3).

p=0.0 p=02 p=04
100 100 100
—e— (I
75 75 75 —e— Hebbian
—e— Storkey
50 50 50 ~*" Iterative GDA
25 25 M
0 m ) o-o-0-0-0-0-0-0-0-0 --0-0-0-0-0-0-0
500 1000 500 1000 500 1000
=
p=0.5 p=0.6
100 100
75 75
50 50
) EETEEEEESS = SISO
500 1000 500 1000

Network size N

Figure 4.28 - Comparison of perfect retrieval capacity across methods
and correlation levels. Perfect retrieval capacity M* as a function of network
size N for CI (CHN), Hebbian plasticity (DHN), Storkey learning rule (DHN), and
iterative GDA (CHN). Each panel corresponds to a different correlation level p.
Triangle markers indicate saturation at the maximum number of patterns tes-
ted (Mmax). For all methods, retrieval capacity is evaluated using partial cues
with ¢ = 50% informed bits. M* is estimated from S = 20 independent scena-
rios per (N, p) configuration with 8 = 0.9. Correlated patterns are generated
using Alg. 9 (Appendix 6.3) and converted to bipolar coding via x < 2x — 1 for
DHNs.
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Figure 4.29 - Influence of the success threshold 6 on perfect retrieval
capacity. Perfect retrieval capacity M* as a function of network size N for
0 € {0.2,0.5,0.9}. Each panel corresponds to a different correlation level p.
As expected, relaxing 6 increases the measured capacity. The relative orde-
ring across correlation levels is preserved regardless of the chosen 6. Retrie-
val is evaluated using partial cues with g = 50% informed bits. M* is estimated
from § = 20 independent scenarios per (N,p) configuration. Correlated pat-
terns are generated using Alg. 9 (Appendix 6.3).
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4.8.7 . Exploring memory states at various distances from the neu-
tral state

iter 2
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Figure 4.30 - Vector fields showing the successive exploration of memory
patterns stored at different distances from the neutral state. Similar to
Fig. 4.2the 2D subspace spanned by the two pattern states is shown. Inred the
convergence trajectory of the network state. Pattern 1 (upper left) is stored at
distance d! o = 1.25, pattern 2 (lower right) at distance dz, . = 1. Post-training :
network converges to pattern 1. Iterations 1-3 : successive potentiation of self-
inhibition A (with B = 0.1) progressively shifts the separatrix (dashed red line),
eventually enabling convergence to pattern 2 by iteration 3. Here the patterns
are generated using Alg. 9 with p =0.5.

The results presented in this work have shown that through the self-inhibition
mechanism, the network is able to explore its attractor landscape to recover
stored memories. Previously, memory states were constructed to lie at the
same distance from the neutral state by choosing a binary pattern x* and
computing :

1

T {‘H/ltarget ifle =1

i; g
7utarget |fxl :O

resulting in all patterns lying at distance utarget\/ﬁ from the neutral state 0,
where N is the network size.

To assess the robustness of the rehearsal mechanism, we tested the case
where memory patterns are stored at different distances from the neutral
state. This was achieved by introducing a distance multiplier dr‘;ul for each
pattern u, modifying the memory state construction as :

" {+utarget-drﬁ2ul o =

u.
l .
_utarget . d#]ul |f x{-J - 0

This places pattern p at distance Mtarget'dﬁw\/ﬁ from the neutral state.

To enable the storage of memory patterns at arbitrary distances, we intro-
duced plastic biases b = (by,b,...,by) for each unit. The network dynamics
become:

du,
ZVVUVJ +bi - » (4.9)
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These biases are learned alongside the synaptic weights using the gra-
dient descent algorithm (GDA). During training, both the weight matrix W and
the bias vector b are updated to minimize the error between the network’s
steady state and the target memory state. Notably, removing the symmetry
constraint on the weights (i.e., allowing W;; # W;;) becomes essential ; the lear-
ning process fails entirely when weights are constrained to be symmetric.

Fig. 4.30 illustrates the dynamical landscape induced by GDA when storing
patterns at different distances from the neutral state. Pattern 1 (1) is stored
at distance d , = 1.25 and pattern 2 (4,) at distance d?2 , = 1. An emergent
property of the GDA learning scheme is that patterns stored at greater dis-
tances develop larger attraction basins, biasing convergence from the neutral
state toward these more distant patterns. By updating the adaptation terms
A using a small inhibitory potentiation parameter 8 = 0.1 after each conver-
gence, the network progressively shifts the separatrix between attraction ba-
sins, eventually enabling access to pattern 2.

This demonstrates that even with asymmetric distances between patterns
and the neutral state, our mechanism can compensate for the resulting une-
ven dynamical landscape and successfully explore both stored memories. In
this case, our approach exhibits robustness to asymmetric dynamical land-
scapes.

These results suggest that our approach may be applicable to networks
with inherently uneven dynamical landscapes, as is likely the case for ANNs
addressing credit assignment problems in classification or generation tasks.
In such models, if a dynamical landscape can be defined, there is no a priori
reason for memories to lie at uniform distances from a given neutral state.

134



4.8.8 . Conclusion

This section gives additional characterization of our model.

First, we show that, from the neutral state, the gradient descent algorithm
produces a balanced attraction toward all stored patterns; self-inhibition then
selectively suppresses retrieved patterns, enabling sequential exploration. The
push metric reliably predicts the retrieval order at low loads, but this predic-
tive power diminishes as the load increases.

Then we show that sparsity biases the exploration order toward less sparse
patterns and modulates overall capacity, which peaks at intermediate sparsity
values.

We also show that the leak parameter affects the retrieval performance.
The retrieval mechanism fails for small leaks but remains robust even for very
strong leak values. The leak also affects the magnitude of synaptic weights,
with a stronger leak inducing larger storage synaptic weights (the ones trained
by the GDA) and therefore requiring correspondingly stronger self-inhibition
to allow pattern retrieval.

Areproduction and extension of McCallum'’s pseudorehearsal experiments
shows that his method partially mitigates catastrophic forgetting but does not
scale with network size over the range of pseudoitem limits explored in this
work. Itis possible that larger pseudoitem populations would improve scaling,
but we limited our analysis to the maximum value considered in McCallum's
original study. When evaluated on stored pattern stability alone, McCallum's
method and our Cl method achieve comparable capacity. However, when re-
trieval is evaluated from partial cues, Cl achieves higher perfect retrieval capa-
city across all cue levels and network sizes tested. However, this comparison
should be interpreted with caution : our reproduction did not fully recover
the favorable low-load behavior reported by McCallum, and since Alg. 7 tends
to yield M* values precisely in this regime, the outcome could be more fa-
vorable to pseudorehearsal under a more faithful reproduction. In any case,
the purpose of this comparison is not to establish a ranking between the two
methods but to provide a qualitative characterization of their respective be-
haviors and trade-offs.

A broader comparison with the Hebbian and Storkey learning rules shows
that Cl does not achieve the highest capacity for uncorrelated patterns but
offers advantages for strongly correlated memories.

And finally, we show that our AR mechanism has the potential to tolerate
patterns stored at heterogeneous distances from the neutral state.
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5 - Conclusion

In this work, we develop a method that allows continuous learning (CL) in
associative memory networks (AMNSs). To achieve this, we introduced a me-
chanism that allows the network to autonomously explore its memory space
without being trapped in dominant attractor states. The mechanism enabling
this exploration is based on inhibitory adaptation inspired by biological ob-
servations. We show that the memory replays (MR) resulting from the explo-
ration dynamic can be used to orchestrate rehearsal and, therefore, mitigate
catastrophic forgetting (CF). By mitigating CF, our approach enables the in-
cremental addition of new memories to the network, thus demonstrating its
capacity for CL.

It has been previously stated that an important criterion for CL is the auto-
nomy of the learning system/agent (Sec. 2.4.2). In this regard, we can highlight
an important limitation of our learning scheme. While the replay dynamic is
fully autonomous, it is less obvious to interpret the storage mechanism as au-
tonomous. In fact, we rely on the gradient descent algorithm (GDA) to store
the memories that have been extracted during spontaneous activity. The GDA
relies on a somewhat implicit memory buffer {x} that can still be interpreted
as an external memory for which no implementation is explicitly defined. We
can also consider this through the lens of locality of the dynamics as defined
in Sec. 2.2.3. Querying the memory buffer can be considered a non-local dy-
namic since we have not identified any physical substrate to do so. Here we
can see that the notions of autonomy and locality are deeply intertwined.

An interesting development of this work would therefore be to implement
a model for which both the MR dynamic and the storage dynamic of correla-
ted memory states are fully autonomous and local. This model would be an
improvement in terms of bioplausibility and therefore give a better account
of what the brain may do during spontaneous activity. This model would also
offer more potential in terms of neuromorphic implementations, especially
for technologies that rely only on local dynamics.

Another possible development is to adapt the memory replay mechanism
proposed in this work to other architectures such as generative models. Simi-
larly to associative memory networks (AMNSs), generative models (LLMs, dif-
fusion models, autoencoders) show attractor-like dynamics whereby the acti-
vity of the network is characterized by a trajectory converging toward stored
memories ( , ; , ; , ). We therefore
hypothesize that iterative inhibition of spontaneously generated activity could
enable generative models to explore and output a broad range of their stored
information. In these models, the ability to extract stored information could
also help mitigate CF, among other things.
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This work points toward a potential shift in the way artificial neural net-
works are trained. The current paradigm relies primarily on conditioning the
behavior of the network through external data. Our approach demonstrates
that networks can also leverage their own structured spontaneous activity
for learning. Because this activity exposes previously stored information, it
enables learning processes, such as CL, that typically rely not only on newly
acquired knowledge.
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6 - Appendices

6.1. Derivation of the gradient descent learning rule

At steady state, when ‘2—‘; =0, from EqQ. 4.1 we have :

u; —= I’ZVV,‘jVj
i
where v; = o(u;). We can then define
ﬁi:rZVVijG(ﬁj)
J

the expected potential of the uniti when the rest of the units are at their target
potential ;.

We can then define the error function E as the sum of squared differences
between the expected potentials i; and target potentials i; :

E = 5Z(ll, — ﬁi)z
i
Taking the derivative with respect to the expected potential :
JdE . .
oa, — i— )

To compute how the error changes with respect to the weights W;;, we use

the chain rule :
JE  JE di;

oW;;  9i; OW;;
The partial derivative with respect to W;; is :
di;

oW,
This is an approximation that captures the immediate direct effect of W;;
on #;, assuming that v; remains constant and ignoring feedback effects in the
recurrent network. This approximation is valid when the optimization steps

are small relative to the nonlinearities in the sigmoid function.
Therefore, the error gradient with respect to W;; becomes :

=rv;

~ A

oE (@ i),
8W,j_ i —;)rv;

Finally, we update the weights using gradient descent :

JE .
AVV,/ = OCTVVZ = Otr(u,- — u,-)vj

where o is the learning rate, typically set to 0.0001 to ensure convergence.
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6.2. Querying procedure

The network’s ability to retrieve stored patterns can be tested through
partial cues. Given a subset of informed units from a pattern u, we initialize
their potentials according to the partial pattern while leaving other units at
rest:

+6 if unitiis informed and x{' =1
uj (t=0)=14 —6 ifunitiisinformed and x* =0
0  otherwise

The network then evolves according to Eq. 4.1 until it reaches a stable state
(\%Iw < €). The thresholding procedure then allows for the reading of a stored
binary pattern x* :

T 1 if Vi(lf) >0.5
' 0 otherwise.

with v;(¢¢) the rate of neuron i after convergence of the dynamic. Alg. 8 sum-
marizes the procedure.

When operating below capacity, the dynamics typically converges to the
stored pattern most similar to the initial cue. The final state is interpreted as a
binary pattern using the thresholding procedure (Eq. 4.2). As with traditional
DHNSs, retrieval success depends both on the network load and on the num-
ber of units informed in the initial cue. Although a theoretical analysis of the
storage capacity under Alg. 4 would be of interest, our focus here is on the
autonomous retrieval mechanism, which operates in a regime well below this
limit for which pattern retrieval is highly reliable.

Algorithm 8 Querying with convergence of the network using Euler
method
1. Given a pattern u and a subset of informed units

+Utarget if le =1

2 setul' (1=0)= —Utarget if xi' =0
0 if xi' not informed
3: repeat
4: for each unitido
5: wi(t+ = 1) = (1) + 8(X,; Wijv; — 1)
6: end for
7: until ||u]|. < €
8: definer; =1 > Final time at convergence

o: read : x!' = 1 ifvi(ty) > 0.5
l 0 otherwise.
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6.3 . Construction of correlated patterns

Algorithm g Generation of p correlated random patterns

Generate a random binary pattern xP¥e" ¢ {0, 1}V

1.

2: with p(x"" =0) = 0.5 =1 — p(x/"" = 1)

3: Setk=|(1 —p)N], where p is the ratio of bits not randomized
4. fori=1to pdo

5 X! < xparent

6: Randomly select k distinct indices {,...,jx} from {1,...,N}
7: form=1tokdo

8: xlj < random choice from {0, 1} with equal probability
o: end for

10: end for

6.4 . Model with inhibitory matrix

To allow the sequential exploration of stored patterns, a second approach
has been tested. A set of plastic inhibitory synapses Wi’j has been added to the
network dynamics :

du,- u;
CI = ZVVUVJ ZW - (6.1)
J J
W = Wi+ Bi(ts)vi(ty) (6.2)

with v;(zs) the rate of neuron i after convergence of the dynamics. Self-
inhibition W’ is set to 0 and undergoes no plasticity. A model combining self-
inhibition and plastic inhibitory synapses has been tested and yields the same
qualitative results. B represents the potentiation strength of the inhibitory
synapses and is selected as a small value, typically below 0.05. The plasticity
rule in Eq.6.2 is Hebbian.

We can observe that, similarly to adaptation, plastic synapses allow the
retrieval of correlated memories Fig. 6.1 and Fig. 6.2. The potentiation strength
B has to be weaker than that for adaptation, as a neuron is contacted by many
inhibitory synapses. The retrieval dynamics are similar to the ones observed
with adaptation in every aspect.
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Figure 6.1 - Similar to Fig. 4.5, recovery capacity of AR for various correlations
but for a model using an inhibitory matrix W',
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Figure 6.2 - Similar to Fig. 4.6, recovery capacity of AR for various values of
but for a model using an inhibitory matrix W',
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6.5 . Drive-pattern correlation and spurious states
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Figure 6.3 - For networks trained with sets of varying correlation p, we com-
pute the synaptic drive of each unit ;" =¥ ; W;;. This synaptic drive is the main
component influencing the dynamic of the network at the neutral state, when
the leak is null. Then, we compute the average correlation between each sto-
red pattern and the synaptic drive : 7 = %Zﬁzl ri with r# = Corr(x*,I9"). We
can see that, the higher the p, the stronger the average correlation between
the drive I?” and stored patterns. At the neutral state, from which the network
is initialized, stronger correlations induce a stronger push of the network state
toward stored patterns. This could explain why our algorithm performs better

with moderately correlated patterns.
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6.6 . Parameters for simulations

Table 6.1 - CHN parameters

Name | Value Description
Esim 10°° Convergence constant
r 1 Leak time constant
¢ 1 Integration time constant
0 0.001 Euler step size

Table 6.2 - Gradient descent

Name | Value Description

o 0.0001 Learning rate
Eloarn 10 Convergence constant
utarset 6 Target potential winning units
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6.7 . McCallum protocols

Algorithm 10 McCallum’'s incremental pseudorehearsal protocol
(bootstrap + sequential incorporation)

1

QU R WN

Input : Pattern sequence x!,...,xMmx, base size B

Number of probes npgpe, pseudoitem cap Piems, NOise parame-
ters (v, 0G)

GDA hyperparameters (Alg. 13)
Initialize : Weight matrix W < 0
Bootstrap : Store {x',...,x} in current W using the GDA (Alg. 13)
form =B+ 1to My, do

Incorporate x™ in current W using pseudorehearsal (Alg. 11)
end for

Algorithm 11 McCallum’s pseudorehearsal incorporation. Check

( ) for more details.

- -
N 2 0O

-
W

-
N

© N Ul WN

. Input : Current weight matrix W, new pattern x"¢", number of

probes nprope, pseudoitem cap Fems
Heteroassociative noise fraction v;,, Gaussian noise standard

deviation og

GDA hyperparameters (Alg. 13)
Initialize : Recovered set #Z < 0
for j =1 to nprope do

Sample random initial state s

Set s(0) « sp

Simulate DHN dynamics (Sec. 2.3.4) until convergence to s*

if s ¢ % and —s* ¢ % then

Add s* to #

end if

end for

: Prune Z to at most Piems items

Define training set .7 «— Z U {x"*"}

: Apply noise to x"®" (parameters vy, og) during GDA; pseudoitems

are left unchanged

. Store .7 in current W using the GDA (Alg. 13)
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Algorithm 12 Iterative GDA baseline (single-pattern updates, no re-
hearsal)

1.

w

N U A

10:

Input : Initial weight matrix W; pattern sequence x',. .., xMmax; net-
work type € {DHN,CHN}
GDA hyperparameters;
Optional (DHN only) : storage-noise parameters (v, 0g)
for m = 1to M.« do
Set the training set 7 « {x"} > important : only the newly
incorporated pattern
if network type is DHN then
Run Alg. 13 on (W, .7) (optionally enabling storage noise)
else
Run Alg. 4 on (W, .7) without reinitializing W
> in practice : omit the initialization line W;; =0 in Alg. 4
end if
end for
Return : Updated weight matrix W

Algorithm 13 McCallum’s DHN GDA update step

1

2.

3:

4:

Input : Current weight matrix W; training set .7 = {x*}; GDA hy-
perparameters;
Optional : storage-noise parameters (v;,0g)

Apply the DHN delta-learning / GDA procedure to store .7 into W
starting from the current W

(similar to Alg. 3; implementation details in ( )
If noise is enabled, apply storage noise only to the newly stored
pattern
Return : Updated weight matrix W
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Algorithm 14 Sleep-phase retrieval for continuous incorporation (Cl),
adapted from the autonomous retrieval procedure (Alg. 6) with the free
phase omitted and a maximum number of retrieval attempts added.

1

- -
N 2 9

-
w

14:
15:
16:
17:
18:
10:

O XN Uk WN

Input : Trained network weights W;;, number of stored patterns
M, inhibitory potentiation rate 3, maximum number of retrieval at-
tempts kmax

Output : Recovered pattern set %, or failure

Initialize: A« 0, Z+ 0, j<O0

while j < kp.x do

Set neutral initial conditions : u(t =0) + 0
Biased phase : integrate Eq. 4.4 until convergence to u(ry) = u*
Let v¥ < o(u*)
Read pattern x* from v* via thresholding (Eq. 4.2)
if x* is a spurious state then

return failure
end if
if x* ¢ Z then

K — RU{x*}

if |%| = M then

return 7

end if
end if
Update inhibitory weights : A < A+ B v*
J—Jj+1

20: end while

21

return failure
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