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Abstract

Abstract

Biological neural networks are characterized by vast complexity, which manifests itself
in the highly intricate and specific structures that arise during development. From the
numerous ion channels and complex subcellular biophysical processes that drive the dy-
namics of single neurons to the intricate structure of the dendritic tree and the highly
specific connectivity patterns between hundreds of distinct neuron types, biological net-
works are highly optimized for information processing by millions of years of evolution.
On top of these intricate structures, a vast array of adaptive mechanisms modifies the
neuronal connection strengths with precision and efficiency to incorporate new informa-
tion and adapt behaviour to changing conditions. However, unlike artificial networks,
for whom the learning process itself is the sole origin of structure and function, learning
in biological networks only happens within the constraints imposed by these intricate
cellular and network level structures.

This thesis investigates the influence that these structural constraints have on the learn-
ing process of biological neural networks. We begin by studying the evolutionary origins
of synaptic plasticity and the extent to which different aspects of the network and task
structure can influence the form of evolved plasticity rules. Continuing with a greater
focus on biological detail, we study how structural features of biological networks, in-
cluding a network’s topology as well as biophysical properties of individual neurons such
as complex dendritic structures, exert a very significant influence on the ability of local
synaptic plasticity mechanisms to perform simple unsupervised learning tasks. Subse-
quently, we turn to artificial networks performing more challenging tasks. Specifically,
we investigate how modular structures in a balanced network of excitatory and inhibitory
neurons affect population dynamics and how networks in different dynamical states can
be used as reservoirs in a time series prediction task. We then study how long timescales
in recurrent networks learning memory tasks can be created via distinct (cellular and net-
work level) mechanisms. We identify different training curricula that drive the network
to utilize these different mechanisms and find differences in performance. Finally, using
the same memory tasks, we show how a neural growth curriculum that imposes a task-
specific, modular structure to the network outperforms conventional training methods.

In summary, our findings suggest that structural constraints on biological and artificial
networks can significantly affect their ability to learn. Using a variety of settings, tasks
and learning mechanisms, we have demonstrated that the evolution and function of local
learning mechanisms can be effectively driven by biophysical constraints on the network
structure. Moreover, we have shown how insights drawn from the impact of structural
constraints on local learning can generalize to artificial systems, leading to improvements
in performance, robustness and generalizability.

v



Kurzfassung

Kurzfassung

Biologische neuronale Netze zeichnen sich durch eine enorme Komplexität aus, die sich
in hochkomplexen und spezifischen Strukturen manifestiert, die während der Entwick-
lung entstehen. Von den zahlreichen Ionenkanälen und komplexen subzellulären bio-
physikalischen Prozessen, die die Dynamik einzelner Neuronen steuern, über die kom-
plexe Struktur des Dendritenbaums bis hin zu den hochspezifischen Konnektivitätsmu-
stern zwischen Hunderten verschiedener Neuronentypen wurden biologische Netze im
Laufe von Millionen Jahren der Evolution für die Informationsverarbeitung optimiert.
Zusätzlich zu diesen komplexen Strukturen verändert eine Vielzahl von Anpassungsme-
chanismen mit Präzision und Effizienz die Stärke der neuronalen Verbindungen, um neue
Informationen aufzunehmen und das Verhalten an veränderte Bedingungen anzupassen.
Im Gegensatz zu künstlichen Netzen, bei denen der Lernprozess selbst der einzige Ur-
sprung von Struktur und Funktion ist, findet das Lernen in biologischen Netzen jedoch
nur innerhalb der Beschränkungen statt, die durch diese komplexen Strukturen auf Zell-
und Netzebene vorgegeben sind.

In dieser Arbeit wird untersucht, welchen Einfluss diese strukturellen Beschränkun-
gen auf den Lernprozess biologischer neuronaler Netze haben. Wir beginnen mit der
Untersuchung der evolutionären Ursprünge der synaptischen Plastizität und der Frage,
inwieweit verschiedene Aspekte der Netzwerk- und Aufgabenstruktur die Form der ent-
wickelten Plastizitätsregeln beeinflussen können. Mit einem stärkeren Fokus auf biolo-
gische Details untersuchen wir, wie strukturelle Merkmale biologischer Netzwerke, ein-
schließlich der Topologie eines Netzwerks sowie biophysikalischer Eigenschaften ein-
zelner Neuronen wie komplexer dendritischer Strukturen, einen bedeutenden Einfluss
auf die Fähigkeit lokaler synaptischer Plastizitätsmechanismen zur Durchführung einfa-
cher unbeaufsichtigter Lernaufgaben ausüben. Anschließend wenden wir uns künstli-
chen Netzwerken zu, die anspruchsvollere Aufgaben erfüllen. Insbesondere untersuchen
wir, wie modulare Strukturen in einem ausgewogenen Netzwerk aus exzitatorischen und
inhibitorischen Neuronen die Populationsdynamik beeinflussen und wie Netzwerke in
verschiedenen dynamischen Zuständen als Reservoir für eine Zeitreihenvorhersage ver-
wendet werden können. Weiterhin untersuchen wir, wie lange Zeitskalen in rekurrenten
Netzwerken, die Gedächtnisaufgaben lernen, durch unterschiedliche Mechanismen (auf
zellulärer und Netzwerkebene) erzeugt werden können. Wir identifizieren verschiedene
Trainingscurricula, die das Netzwerk dazu bringen, diese verschiedenen Mechanismen
zu nutzen, und finden Unterschiede in der Leistung. Schließlich zeigen wir anhand der-
selben Gedächtnisaufgaben, wie ein neuronales Wachstumscurriculum, das dem Netz-
werk eine aufgabenspezifische, modulare Struktur auferlegt, herkömmliche Trainings-
methoden übertrifft.

Zusammenfassend deuten unsere Ergebnisse darauf hin, dass strukturelle Beschränkun-
gen biologischer und künstlicher Netzwerke deren Lernfähigkeit erheblich beeinflussen
können. Anhand einer Vielzahl von Einstellungen, Aufgaben und Lernmechanismen
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zeigen wir, dass die Entwicklung und Funktion lokaler Lernmechanismen effektiv durch
biophysikalische Beschränkungen der Netzwerkstruktur gesteuert werden kann. Darüber
hinaus zeigen wir, wie sich die Erkenntnisse aus den Auswirkungen struktureller Be-
schränkungen auf lokales Lernen auf künstliche Systeme übertragen lassen, was zu Ver-
besserungen bei Leistung, Robustheit und Verallgemeinerbarkeit führt.
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1 Introduction

1.1 Motivation

The concept of an inductive bias - the set of built-in assumptions or structural constraints
that drive an agent’s learning process - is fundamental to the design of artificial neural
networks (ANNs) and machine learning systems in general (Mitchell, 1980). The iden-
tification of structural constraints that could provide an artificial neural network with the
correct inductive biases is a major focus of AI research and often takes direct inspiration
from different structures found in biological neural networks, including the morphology
and dynamics of single neurons (Chavlis and Poirazi, 2021; Fan et al., 2024) as well as
different connectivity patterns found in biological networks (Zhang et al., 2024).

However, while identifying biological structures that could be introduced in ANNs to
direct the learning process as much as possible is a well established and rapidly growing

Figure 1.1: Unlike untrained ANNs,
newborn animal brains are opti-
mized to perform complex compu-
tations prior to any learning.1

area of research, the mechanisms by which such
structures influence learning in the original bio-
logical systems, remains largely obscure and has
only recently become a topic of study (Conwell
et al., 2024; Dorrell et al., 2023). Unlike ANNs,
which are optimized via global, gradient-based
methods (overwhelmingly backpropagation of er-
rors for deep or recurrent networks), biological
networks learn via complex learning rules that are
largely local, act over a broad range of timescales
and often depend on a variety of modulatory sig-
nals (Citri and Malenka, 2008; Speranza et al.,
2021). The extent to which structures that posi-
tively bias ANNs towards successful learning can
also drive biologically plausible learning mecha-
nisms in the same way (and inversely) is unclear.

A further difference between biological and artificial learning systems is the ultimate
scope of their ability to learn. ANNs and other artificial learning models are primarily
optimized to learn, that is, a well performing artificial learning agent is one that can go
from being utterly unable to perform a task to being able to perform that task as efficiently
and accurately as possible. On the contrary, a well performing biological agent is one that
manages to survive (Fig. 1.1). Learning is clearly useful and ubiquitous among animals
(Shettleworth, 1993), suggesting a strong correlation between the ability to learn and the
ability to survive, but it is not an end in itself. Indeed, most animals are born with highly

1Image source: Wikimedia Commons, public domain. Retrieved from https://commons.
wikimedia.org/wiki/File:Baby_loggerhead_turtle_detailed_close_up.
jpg. Credit: Steve Hillebrand, U.S. Fish and Wildlife Service.
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1 Introduction

complex nervous systems (Kaas, 2011) that are extremely well optimized to perform a
vast amount of very intricate computations before any learning can occur (Tinbergen,
2020), including avoiding predators (Yilmaz and Meister, 2013) and performing other
complex behaviours (Metz et al., 2017; Weber and Hoekstra, 2009). Still, the interaction
of these innate complex structures and the different learning processes taking place after
birth remain rather poorly understood.

Thus, so far, we have argued that:

1. Simple biologically inspired constraints can significantly affect the learning pro-
cess in ANNs.

2. Biological neural networks are characterized by vastly more complex (genetically
encoded) structure than ANNs.

3. It is unclear how much of this structure found in biological neural networks can
act as inductive bias for local learning mechanisms.

The goal of this thesis is to try to elucidate the last point by studying how network
structure can influence learning in biological neural networks. We investigate the cir-
cumstances under which biological learning might arise in an evolving agent, the influ-
ence of network structure on the evolved plasticity rules and the extent to which cellular
and network level constraints can influence learning in detailed simulations of biological
neural networks performing unsupervised tasks. Finally, we ask whether different bio-
logical structures we identify can be introduced to artificial systems and improve their
performance.

1.2 Thesis Structure

A detailed statement of contributions for each paper immediately follows this section.
Then, the main part of the thesis begins in chapter 2, which gives a short introduction
to relevant neurobiology and prior research in the interaction between network structure
and learning mechanisms in biological and artificial networks. The next section (chapter
3) provides an outline of methods, relevant related work and the main results from the
different papers, and is intended as a general description of the research forming the basis
of this thesis, connecting the individual projects into a single thread.

Each of the subsequent chapters presents a summary of the motivations, main results
and conclusions of the individual research papers forming the basis of the thesis. This
part start with chapters 4 and 5, which present the results published in (Giannakakis
et al., 2023) and (Giannakakis et al., 2024a), studying the evolution of synaptic plasticity
in embodied foraging agents.

The more biologically focused part of the thesis is presented in the next two chap-
ters. Chapter 6 outlines our findings on the detailed control exerted over local learning
dynamics by the shape of dendritic nonlinearities and the specificity of excitatory and
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inhibitory inputs on the dendritic tree. The closely related work of (Giannakakis et al.,
2024b), studying how the structure of E and I recurrent connectivity can impact popu-
lation dynamics and drive the emergence of input selectivity via local learning rules, is
presented in chapter 7.

The last overarching theme of the thesis is covered in the next three chapters, dealing
with the impact that biologically inspired constraints can have on the performance of ar-
tificial networks solving complex tasks. The impact of excitatory and inhibitory modular
connectivity on a reservoir computing network is presented in chapter 8, followed by a
presentation of the findings of Khajehabdollahi et al. (2024) on different mechanisms for
developing long timescales in RNNs in chapter 9. The last research contribution of the
thesis (Hamidi et al., 2024), presenting a novel developmental curriculum for RNNs, is
summarized in chapter 10.

Finally, the thesis closes with a discussion of general conclusions and an outlook for
future research on related topics in chapter 11. The complete text of the published papers
and unpublished manuscripts described in chapters 4–10 are attached after the bibliogra-
phy as appendices.

1.3 Publications and Contributions

The thesis is based on the publications and manuscripts listed below. The contributions
of the different authors for each project were as follows:

1. Giannakakis, E., Khajehabdollahi, S., and Levina, A. (2023). Environmental vari-
ability and network structure determine the optimal plasticity mechanisms in em-
bodied agents. In Artificial Life Conference Proceedings 35, number 1, page 22

Contributions: EG: project conceptualization, implementation of static agents,
analysis of results, literature review, writing and editing the text. SK: project con-
ceptualization, implementation of moving agents, analysis of results, writing and
editing the text. AL: project conceptualization, supervision, writing and editing
the text

2. Giannakakis, E., Khajehabdollahi, S., and Levina, A. (2024). Network Bottle-
necks and Task Structure Control the Evolution of Interpretable Learning Rules in
a Foraging Agent. Artificial Life, pages 1–18.

Contributions: EG: project conceptualization, implementation of static agents,
analysis of results, literature review, writing and editing the text. SK: project con-
ceptualization, implementation of moving agents, analysis of results, editing the
text. AL: project conceptualization, supervision, writing and editing the text

3. Giannakakis, E., Bird, A., Jedlicka, P., Cuntz, H., and Levina, A. (In Preparation).
Dendritic nonlinearities and synapse-type specific input clustering enable the de-
velopment of input selectivity in diverse settings.

3



1 Introduction

Contributions: EG: project conceptualization, implementation of main simula-
tions, analysis of results, literature review, writing and editing the text. AB: project
conceptualization, compartmental model simulations, writing and editing the text.
HC: project conceptualization, supervision, editing the text. PJ: project conceptu-
alization, supervision, editing the text. AL: project conceptualization, supervision,
writing and editing the text.

4. Giannakakis, E., Vinogradov, O., Buendı́a, V., and Levina, A. (2024). Structural
influences on synaptic plasticity: The role of presynaptic connectivity in the emer-
gence of e/i co-tuning. PLOS Computational Biology, 20(10), 1–22.

Contributions: EG: project conceptualization, implementation of main simula-
tions, analysis of results, literature review, writing and editing the text. OV: project
conceptualization, coding and implementation of Bayesian inference, writing and
editing the text. VB: analytics for neural mass model, writing and editing the text.
AL: project conceptualization, supervision, writing and editing the text.

5. Giannakakis, E., Buendı́a, V., Vinogradov, O., and Levina, A. (In Preparation).
Modularity in E/I networks controls the dynamical regime and optimizes compu-
tational capabilities.

Contributions: EG: project conceptualization, training of Reservoirs, writing and
editing the text. VB: project conceptualization, analytics, writing and editing the
text. OV: coding and implementation of simulation-based inference, writing and
editing the text. AL: project conceptualization, supervision, writing and editing
the text.

6. Khajehabdollahi, S., Zeraati, R., Giannakakis, E., Schäfer, T. J., Martius, G., and
Levina, A. (2024). Emergent mechanisms for long timescales depend on training
curriculum and affect performance in memory tasks. In The Twelfth International
Conference on Learning Representations.

Contributions: SK: project conceptualization, training of RNNs, writing and edit-
ing the text. RZ: project conceptualization, training of RNNs, timescales analysis,
literature review, writing and editing the text. EG: project conceptualization, lit-
erature review, connectivity and timescales analysis, writing and editing the text.
TS: training of RNNs, perturbation analysis, writing and editing the text. GM:
writing and editing the text. AL: project conceptualization, supervision, writing
and editing the text.

7. Hamidi, M., Khajehabdollahi, S., Giannakakis, E., Schäfer, T. J., Levina, A., and
Wu, C. M. (2024). Modular growth of hierarchical networks: Efficient, general,
and robust curriculum learning. In ALIFE 2024: Proceedings of the 2024 Artificial
Life Conference. MIT Press.
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Contributions: MH: project conceptualization, developing and training modular
RNNs, literature review, writing and editing the text. SK: project conceptualiza-
tion, training modular RNNs, writing and editing the text. EG: project conceptu-
alization, connectivity and timescales analysis, writing and editing the text. TS:
perturbation analysis, writing and editing the text. AL: project conceptualization,
supervision, editing the text. CW: project conceptualization, making figures, su-
pervision, writing and editing the text.

1.4 Publications not included in this thesis

During the course of my doctoral studies, in addition to the different projects which form
the basis for this thesis, I worked on a number of collaborative projects (Khajehabdollahi
et al., 2022; Fardet et al., 2024; Vinogradov et al., 2024; Khajehabdollahi et al., 2023).
While these projects are on topics largely unrelated to this thesis and my overall contri-
bution to them was minor, working on them was both enjoyable and important in terms
of learning new concepts, techniques and skills. Most importantly, working on these
projects initiated the fruitful collaborations which supported the completion of many of
the papers forming part of the thesis. Thus, the resulting publications are listed here for
completeness:

1. Khajehabdollahi, S., Prosi, J., Giannakakis, E., Martius, G., and Levina, A. (2022).
When to be critical? performance and evolvability in different regimes of neural
ising agents. Artificial Life, 28(4), 458–478.

2. Fardet, T., Giannakakis, E., Paulun, L., and Levina, A. (2024). Revising clustering
and small-worldness in brain networks. arXiv preprint arXiv:2401.15630.

3. Vinogradov, O., Giannakakis, E., Buendia, V., Uysal, B., Ron, S., Weinreb, E.,
Schwarz, N., Lerche, H., Moses, E., and Levina, A. (2024). Effective excitability
captures network dynamics across development and phenotypes. bioRxiv, pages
2024–08.

4. Khajehabdollahi, S., Giannakakis, E., Buendia, V., Martius, G., and Levina, A.
(2023). Locally adaptive cellular automata for goal-oriented self-organization. In
Artificial Life Conference Proceedings 35, volume 2023, page 59.
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2 Background on Biological and Artificial Learning

2 Background on Biological and Artificial Learning

This chapter presents a concise introduction to the historical development of our current
understanding of long-term synaptic plasticity, along with efforts to relate biological
local learning mechanisms with more powerful learning algorithms like backpropagation
of errors. This is followed by a brief outline of the complexity of brain structures and
their potential effects on how different learning mechanisms behave.

2.1 Long-term Synaptic Plasticity

Biological learning is a complex phenomenon, involving multiple interacting processes
over a diverse range of timescales. However, it is generally agreed that virtually for every
organism with a nervous system, learning involves some form of long-term synaptic
plasticity, the activity-dependent modification of the synaptic strengths between their
neurons, which produces stable synaptic configurations over time (Kandel, 2001). While
the basic idea of synaptic modification as the basis for biological learning dates back
more than a century (Bain, 1873), the modern idea of synaptic learning originates with
Donald Hebb who stipulated that a causal relation between pre- and postsynaptic firing
would lead to the long-term strengthening the synaptic strength (Hebb, 2005).

Figure 2.1: An illustration of
an STDP window. The timing
of pre and postsynaptic spikes
determines the depression or
potentiation of the synaptic
strenght.

Hebb’s theoretical insight became the basis for experi-
mental investigation, starting with the discovery of long-
term potentiation (Bliss and Lømo, 1973) (the activity
dependent strengthening of synapses) and followed by
the experimental demonstration of long-term depression
(Barrionuevo et al., 1980; Ito et al., 1982) (the activ-
ity dependent reduction of synaptic strength following a
prolonged stimulus). The discovery of these fundamen-
tal components of long-term plasticity (Fig. 2.1) was fol-
lowed by an explosion of experimental studies that doc-
umented synaptic long term plasticity in a variety of cir-
cuits and settings in the brain (Malenka and Bear, 2004;
Nicoll, 2017; Citri and Malenka, 2008).

This increased focus on plasticity quickly revealed a
previously unimaginable complexity of long-term plas-
ticity mechanisms in the brain. In particular, obser-
vations of a variety of different learning rules, includ-
ing anti-Hebbian (Koch et al., 2013; Roberts and Leen,
2010), symmetric (Mishra et al., 2016) and bidirectional
learning rules (Fino et al., 2005), acting over a variety of timescales (Bittner et al., 2017;
O’Donnell, 2023) revealed a much more intricate collection of learning mechanisms than
classic Hebbian modification. The discovery of inhibitory plasticity (Castillo et al., 2011;
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Hennequin et al., 2017) as well as the effect of third factors, such as different neuromod-
ulators, (Gelinas and Nguyen, 2007; Speranza et al., 2021) on synaptic learning added a
novel dimension that further complicated the picture.

In parallel to the explosion of experimental work revealing this unimaginable com-
plexity of local learning mechanisms in the brain, a similar build-up of theoretical work
added new insights into how these mechanisms could function. Starting with models
of the development of input selectivity in the cortex (Bienenstock et al., 1982; Intrator
and Cooper, 1992), multiple studies have proposed different models of plasticity mech-
anisms, including spike timing dependent plasticity (STDP)1 (Abbott and Nelson, 2000;
Gerstner et al., 1996) and reward modulated plasticity (Frémaux et al., 2010; Frémaux
and Gerstner, 2016) as well as theoretical results on how different plasticity mechanisms
might coordinate to achieve complex learning objectives (Zenke et al., 2015; Schulz
et al., 2021; Eckmann et al., 2024).

In summary, as our understanding of long-term synaptic plasticity increases, it be-
comes clear that it is a collection of extremely diverse processes, which differ across
brain areas and neuron types (Citri and Malenka, 2008). Moreover, complex interac-
tion between synaptic plasticity and different regulatory and modulatory mechanisms
have been shown to learn complex tasks (Wu et al., 2020; Illing et al., 2021; Halvagal
and Zenke, 2023). However, we are still very far from a complete theory of biological
learning or even a detailed understanding of how many of the tasks that even simpler
organisms routinely learn can be tackled via local synaptic plasticity.

Other forms of Plasticity: In addition to synaptic long-term plasticity, biological
neural networks are characterized by a wide range of additional plasticity mechanisms,
including short-term plasticity (Zucker and Regehr, 2002; Regehr, 2012; Hennig, 2013)
and structural plasticity (Holtmaat and Svoboda, 2009; Butz et al., 2009). These mech-
anisms are very important for the function of biological neural networks, but since they
were not studied in any of the publications forming the basis of this thesis, they will not
be discussed further.

2.2 Biologically-inspired Learning in Artificial Systems

The ability of the biological neural networks to efficiently process vast amounts of infor-
mation and direct well-tuned responses to complex stimuli has inspired multiple artificial
imitations of neural information processing, many of whom have been hugely successful
in terms of producing functional, efficient and, quite often, powerful artificial intelli-
gence systems. These include the idea of an ANN itself (McCulloch and Pitts, 1943;
Rosenblatt, 1958) which was explicitly inspired by the function of the nervous system,
including recurrent (Hopfield, 1982) and deep networks (Rumelhart et al., 1986; Hinton

1A wonderfully written and detailed history of how our understanding of STDP developed can be found
in Markram et al. (2011)
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and Salakhutdinov, 2006) as well as convolutional neural networks (Fukushima, 1980;
LeCun et al., 1989), which drew inspiration from the way the visual cortex processes
information.

However, despite there being a direct influence of the structure of biological neu-
ral networks on the design of artificial systems, attempts to emulate biological learning
mechanisms (local, activity dependent learning rules) have usually fallen short of achiev-
ing the same performance as the standard method of training ANNs which is backpropa-
gation of errors (Linnainmaa, 1970; Rumelhart et al., 1986; Werbos, 1994). Backpropa-
gation relies on there being a global error signal for optimizing a network’s connectivity,
and modifies network connectivity according to the exact contribution of each neuron to
the global error by computing the gradient of the error with respect to the weight of each
connection (LeCun et al., 2015). No biological learning mechanism known so far can
modify network connectivity as efficiently and accurately as backpropagation. Attempts
to bridge this gap in performance between backpropagation and biologically plausible
local mechanisms, usually fall into one of two categories (Schmidgall et al., 2024):

A first line of tackling this problem is to try and identify learning mechanisms that
can achieve high performance in complex tasks, while at the same time maintaining the
biological constraints under which biological learning operates (locality in space and
time). The identification of such learning rules can happen via different methods, in-
cluding gradient descent (Miconi et al., 2018; Schmidgall et al., 2021) or evolutionary
optimization (Najarro and Risi, 2020; Berg Palm et al., 2020). Despite the high perfor-
mance such methods can achieve in different tasks (Duan et al., 2023; Tyulmankov et al.,
2022), their biological plausibility has been called into question, largely due to the fact
that they usually optimize distinct learning rules for individual synapses, something that
is unlikely to happen in biological networks.

A different approach to the problem of biologically plausible learning that compares
with backpropagation in terms of performance is to develop learning algorithms that em-
ulate the basic properties of backpropagation or other gradient-based learning algorithms
within the constraints of biological structure (Betti et al., 2018; Richards and Kording,
2023). The most prominent of these methods are feedback alignment (Lillicrap et al.,
2016; Nøkland, 2016; Moskovitz et al., 2018), which used a random feedback weight
matrix for credit assignment and eligibility propagation and its extension in spiking net-
works, eligibility propagation (Bellec et al., 2020). More biologically plausible versions
of these methods, incorporating features of biological networks such as bursting activity
(Payeur et al., 2021), dendritic structures (Sacramento et al., 2018; Max et al., 2024)
or local neuromodulators (Liu et al., 2021, 2022) can perform even better in benchmark
tasks, although they usually fall short of achieving the same performance as classical
backpropagation.

In summary, biologically plausible training mechanisms tend to underperform the
gradient-based optimization methods used for training ANNs. However, the develop-
ment of learning algorithms that use various structural features of biological networks
(dendrites, neuromodulators, etc) can partially improve performance.
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2.3 Structure in Biological Neural Networks

A potential explanation of why artificial emulations of biological learning tend to un-
derperform gradient-based methods, hinted at by the boost in performance in biologi-
cally plausible leaning algorithms that incorporate biological structures, may be found
in the nature of the medium in which the two kinds of learning take place. Specifically,
unlike artificial neural networks, which consist of simple, identical units with largely
uniform connectivity structures, biological networks are made up of hundreds of highly
distinct neuron types, interacting via intractably complex connectivity patterns and re-
ceiving multiple modulatory signals over a range of timescales. The potential impact of
these factors on learning is discussed in this section.

2.3.1 Single Neuron Structure and Diversity
The human brain contains approximately 85 billion neurons, which perform the bulk of
information processing required for survival (Herculano-Houzel, 2012). Unlike the sim-
ple processing units of artificial neural networks, usually performing a weighted non-
linear summation of incoming inputs (Nwankpa et al., 2018), biological neurons are
extremely complex structures with highly non-trivial dynamics (Gerstner and Kistler,
2002).

Basal 
Dendrites

Apical
Dendrites

Soma

Axon

Figure 2.2: An outline of
the highly complex struc-
ture of a typical cortical
pyramidal neuron.

The membrane dynamics of individual neurons are
known to depend on a variety of ion channels, acting on dif-
ferent timescales, (Hodgkin and Huxley, 1952; Bean, 2007)
in addition to energetic constraints (Skou, 1990; Howarth
et al., 2012) and other subcellular processes (Verkhratsky
and Petersen, 1998; Kilpatrick et al., 2016). Moreover,
biological neurons are characterized by a complex spatial
structure, the most prominent feature of which is the den-
dritic tree (Fig. 2.2), often extending far away from the
soma and enabling the neuron to receive inputs from multi-
ple sources (Larkman, 1991). As our understanding of cel-
lular function increases, it becomes clearer that dendrites
are not simply passive extensions of the soma, but are char-
acterized by complex dynamics (Hausser et al., 2000), such
as dendritic plateaus and spikes (Augustinaite et al., 2014;
Palmer et al., 2014). This complexity of single neuron dy-
namics had led to a realization that biological neurons are
not really analogous to the processing units of ANNs but
can be better approximated as small neural networks that
perform highly nonlinear processing of incoming informa-
tion (Poirazi et al., 2003; Spieler et al., 2023).

In addition to the complexity of each individual neuron, biological neural networks
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are also characterized by a great diversity of neuron types. It is estimated that there are
hundreds of neuron types in the brain, each with its own unique structure, dynamics and
connectivity patterns (Stevens, 1998; Masland, 2004). These can be broadly separated
into excitatory and inhibitory neurons (having a depolarizing and hyperpolarizing effect
on postsynaptic neurons, respectively), but these two groups can be additionally divided
into multiple neuron subtypes with significant morphological and functional variability
(Hattori et al., 2017b).

All this complexity has a significant impact on the learning capabilities of biological
neural networks. Dendritic structures and their interaction with the soma have long been
associated with efficient learning in experimental (Yaeger et al., 2024) and theoretical
studies (Mikulasch et al., 2021; Wilmes and Clopath, 2023). Additionally, different neu-
ron types are usually characterized by distinct learning rules (Larsen and Sjöström, 2015;
Hennequin et al., 2017), which allows for much more sophisticated learning dynamics
than a single update rule for all connections.

2.3.2 Specific Connectivity
Perhaps even more that the complexity of individual neurons, the most prominent dif-
ference in structure between biological and artificial neural networks is the staggering
difference between the relatively uniform connectivity of the latter, which contrasts with
the highly inhomogeneous and complex connectivity patterns found in biological brain
networks.

Sensory Input

Pyr

SOM
VIP

PV

Figure 2.3: An illustration of
the connectivity of a cortical
microcircuit of pyramidal neu-
rons (Pyr) and different in-
terneurons (PV, SOM and VIP).

Biological neural networks are physical objects,
whose connectivity is largely determined by the con-
straints of the three-dimensional space they inhabit.
Thus, neurons tend to connect with other neurons that
are close to them in space (Rossi et al., 2020; Ding
et al., 2023), share similar inputs (Yoshimura and Call-
away, 2005) or targets (Brown and Hestrin, 2009). At
the same time, long range connection are also well doc-
umented (Markov et al., 2013) and important for neural
information processing (Deco et al., 2021; Wang et al.,
2023). Additionally, neurons tend to connect with
other neurons that encode for similar features, form-
ing functional assemblies of strongly interconnected
neurons with similar activation patterns (Miehl et al.,
2023).

Different neuron types are also well known to follow
distinct connectivity patterns within and between brain
areas (Udvary et al., 2022; Rossi et al., 2020). For
example, excitatory connections tend to be more far-
reaching, transmitting information between different areas while inhibitory connections
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largely remain within the same area (Fino et al., 2013; Watts and Thomson, 2005), albeit
with significant exceptions (Tomioka et al., 2005; Higo et al., 2009). In an example of
even greater specificity, different types of cortical interneurons tend to be very particular
with respect to their targets (Fig. 2.3), with Somatostatin (SOM)-positive interneurons
targeting the distal dendrites and Parvalbumin (PV)-positive interneurons targeting the
soma and proximal dendrites of pyramidal neurons, while Vasoactive intestinal peptide
(VIP)-expressing interneurons target other interneurons (Tremblay et al., 2016; Rudy
et al., 2011). Other brain areas are also characterized by highly specific connectivity
between different neuron types (Booker and Vida, 2018; Jörntell, 2017).

These highly non-trivial connectivity structures that characterize biological neural net-
works are known to generate ric dynamics (Litwin-Kumar and Doiron, 2012) and enable
complex computations (Lagzi and Rotter, 2015). Moreover, neuron-type specific con-
nectivity structures have been shown to interact with different plasticity mechanisms and
enabling the learning of complex tasks (Hertäg and Clopath, 2022; Wilmes and Clopath,
2019; Lakshminarasimhan et al., 2024).

2.3.3 Modulation
Finally, the signalling mechanisms in biological networks tend to be much more complex
and diverse than a single error signal that is used to train artificial networks. The mam-
malian brain is modulated by dozens of different neuromodulators (Nadim and Bucher,
2014), many of whom are associated with distinct aspects of learning. Among these,
dopamine is most prominently known to encode reward prediction errors (Schultz et al.,
1997), encouraging analogies between the brain and artificial reinforcement learning al-
gorithms (Glimcher, 2011). Still, other neuromodulators have also been associated with
learning. In particular, acetylcholine is known to regulate the initiation of plasticity in
neural circuits, (Richards and Kording, 2023; Partridge et al., 2002) while modulators
such as noradrenaline and serotonin also appear to regulate the learning of some com-
plex tasks (Doya, 2002).

Although biological networks clearly rely significantly on such modulatory mecha-
nisms for regulating neural activity and learning, their exact functions are still poorly
understood. Several studies using neuromodulation-inspired mechanisms in artificial
networks have recently shown how they could potentially improve the performance of
biologically plausible learning algorithms (Liu et al., 2021, 2022; Lee et al., 2024b),
suggesting that this type of diverse signaling regulating different aspects of the learn-
ing process potentially plays a significant role in boosting the learning capabilities of
biological systems.
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The main purpose of artificial neural networks is to learn, as efficiently and accurately as
possible, to perform a specific task de novo. On the contrary, biological neural networks
develop into well-structured, almost fully functional systems prior to any exposure to
sensory inputs, and only use different learning mechanisms to improve their performance
in tasks they are generally already well-tuned to solve.

The main focus of this thesis is the interaction between such biological structures that
emerge early during development and remain largely constant throughout an organism’s
lifetime and the various learning processes that ubiquitously take place in biological sys-
tems. We investigate how synaptic plasticity mechanisms can emerge and co-evolve with
structured motor networks, and how cellular and network structures found in biological
circuits can regulate the effects of synaptic plasticity. Finally, we study how many of
these biological structures can be incorporated in artificial networks solving complex
tasks and boost their performance.

In this section, we will give an outline of the motivations behind the main research
directions presented in this thesis, a general introduction into the most important meth-
ods we used and a summary of our main results. A more detailed description of each
individual project is presented in the next chapter.

3.1 Emergence of diverse synaptic learning rules

Despite huge morphological and behavioural variability among living organisms, vir-
tually all living creatures display some form of adaptation to changing environmental
conditions. In simple organisms, this ability might be limited to simple avoidance be-
haviours or growing near developing food sources (Dussutour, 2021; Wong and Rankin,
2019; Gourgou et al., 2021). For more complex life forms, including for animals that
possess a simple nervous system (Roberts and Glanzman, 2003), learning via modifica-
tion of the synaptic strengths between neurons, i.e., via synaptic plasticity, is the primary
form of adapting behaviour to changing environmental conditions (Citri and Malenka,
2008).

Still, despite its near-universal presence across the animal kingdom, the evolutionary
origins of synaptic plasticity remain poorly elucidated (Ovsepian et al., 2020). There is
a consensus on it partially arising as a mechanism for dealing with unpredictable envi-
ronmental variability (Papini and Torres, 2017), but the exact evolutionary pressures that
different types of environmental variability exert on the emergence of synaptic learning
remain largely speculative and have been only studied in relatively high-level settings
(Lange and Sprekeler, 2022).

Additionally, the interaction of different forms of plasticity with brain structures that
overwhelmingly emerge during development and remain largely constant during an or-
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ganism’s lifetime is poorly understood (Ecker et al., 2023). It is known that most com-
plex organisms are born with highly optimized brains, that can perform a large amount of
intricate computations before any plasticity mechanism could optimize them. This sug-
gests that a two-way adaptation is taking place during evolution, with plasticity mecha-
nisms evolving to effectively optimize these pre-existing structures during an organism’s
lifetime and the network structure also adapting to accommodate efficient learning via
local synaptic modification.

The first part of this thesis is thus dedicated to the investigation of the environmental
conditions that would produce the appropriate evolutionary pressures for synaptic plas-
ticity to develop in a simple nervous system as well as the impact that different structural
features of that nervous system would have on the evolved plasticity rules. This section
is based on two published papers (Giannakakis et al., 2023, 2024a), which are presented
in more detail in chapters 4 and 5.

Taking inspiration from the olfactory system of Drosophila Melanogaster, which is
known to be responsible for reward-modulated associative learning (De Belle and Heisen-
berg, 1994; McGuire et al., 2001; Aso et al., 2012; Rajagopalan et al., 2023), we devel-
oped simple embodied agents consisting of a plastic sensory network and a non-plastic
motor network (Fig. 3.1a). The idea behind this choice was to capture, in as simple
a model system as possible, the interaction between the more conserved1 motor struc-
tures (Clark et al., 2018) of drosophila and the highly adaptable olfactory areas that use
reward-modulated synaptic plasticity (Bennett et al., 2021) to learn novel environmental
stimuli (Masuda-Nakagawa et al., 2009; Hattori et al., 2017a).

These simple learning agents are embodied and embedded in a 2D surface scattered
with food particles of different values (Fig. 3.1b). The agents’ capacity to learn the
values of the food particles and consume those with a positive value while avoiding the
ones with a negative value is used to evaluate their genetic fitness and evolve the con-
nectivity of the motor network as well as the parameters of the plasticity of the sensory
network (Fig. 3.1c). While different aspects of our setting have been used in past studies
(Yerushalmi and Teicher, 2008; Khajehabdollahi et al., 2022; Yaman et al., 2021a), the
combination of embodied plastic agents, evolutionary optimization, and a complex task
(foraging in a changing environment) is novel and makes the setting highly relevant as
an approximation of the evolutionary pressures that organisms face in natural settings.

Using this experimental setup, we study how different environmental conditions and
types of variability promote or suppress the emergence of synaptic learning. Interest-
ingly, we identify some settings in which the best-performing agents do not evolve the
ability to learn at all, relying on their structural priors for interacting with their envi-
ronment. This suggests a complementary function for learning, endowing an already
well-functioning motor/sensory system with adaptive abilities only when environmental

1There is some evidence of plasticity in the drosophila motor system (Fushiki et al., 2013; Fernandes
et al., 2023), making the underlying biology somewhat complicated and our study a rather rough
approximation of the nervous system of any specific organism.

13



3 Outline of Methods and Results

Evaluate in Foraging EnvironmentEmbodied Learning Agent

Plastic Sensory 
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Evolve Motor Connectivity
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. . .
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Figure 3.1: Evolving Plasticity Rules in Embodied Agents. a. The embodied agents
consist of a single-layer plastic sensory network and a non-plastic motor network with
2 hidden layers. b. A population of agents is placed in a 2D environment and evaluated
on their ability to learn the distribution of food particles and navigate towards the ones
with the higher values. The agents’ performance is then used to evolve both (c.) the
connectivity of the motor network and (d.) the parameters of the plasticity rule of the
sensory network.

conditions make such an adaptation beneficial (See Chapter 4 for details).
Multiple studies have used meta-learning methods (Ramesh et al., 2024; Confavreux

et al., 2023; Yaman et al., 2021b), including evolutionary algorithms, (Confavreux et al.,
2020; Jordan et al., 2021; Confavreux et al., 2024) to optimize local plasticity rules for
specific tasks, often finding a huge diversity of forms that is hard to interpret. Thus,
we then turn to the study of the learning rules that evolve in our embodied agents. After
identifying a simple regularization mechanism that reduces the initial diversity of evolved
rules, allowing us to extract interpretable forms, we find that the evolutionary trajectory
of the learning rules is highly dependent on different details of the network. In partic-
ular, we find that the readout neuron’s activation function, the plasticity’s normalization
mechanism as well as the structure of the task itself, all affect the form of the evolved
learning rules. Moreover, we find that the different rules that evolve under these different
conditions achieve significantly different levels of performance and generalizability (See
Chapter 5 for details).

These findings suggest that structural features of a network can significantly impact its
ability to learn via synaptic plasticity. This interdependence between these two aspects
(learning rules and structural features) motivates a holistic approach to the study of bio-
logical learning that does not exclusively focus on the form of the plasticity mechanism
but also takes into account the (potentially critically important) local and network-level
structures that may control the learning process in non-trivial ways.
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3.2 Biological structures as inductive biases for synaptic
plasticity

Having gained an intuition of the extent to which different aspects of a network’s struc-
ture can drive the evolution of distinct plasticity rules in our simple embodied agents, we
next investigate how these principles might manifest in more realistic biological settings.
The embodied agents from chapters 4 and 5 are useful as minimal models of a simple
learning system and can help us with deriving general, proof of concept, insights into
learning, but they are far from even approximating the complex dynamics and intricacies
of an actual biological neural network.

Figure 3.2: The charming but rela-
tively unsophisticated mollusc Aplysia
is characterized by a similar level of
synaptic protein diversity as the tax-
onomically related but behaviourally
much more complex Octopus (Orvis
et al., 2022).2

Thus, for the next section of this disserta-
tion, we turn to biological networks and fo-
cus on the interaction between structural con-
straints and synaptic plasticity. However, un-
like the previous section, where we examined
how optimal plasticity rules might evolve to fit
different structural network features, we now
adopt the opposite approach and examine how
a given plasticity protocol can be affected by
changes in neuronal and network-level struc-
tures.This change in focus was in part motivated
by experimental evidence on the high degree of
evolutionary conservation of synaptic structure
(and consequently synaptic plasticity mecha-
nisms) in biological neural networks (Glanz-
man, 2010), combined with faster evolutionary
change in their specific circuity (Finlay et al.,
1998).

General synaptic morphology and plasticity mechanisms seem to be extremely well
conserved across species3, with many basic functions conserved even between verte-
brates and invertebrates (Ryan and Grant, 2009; Kandel, 2001; Glanzman, 2010), albeit
with some significant differences between the two (Emes et al., 2008; Emes and Grant,
2012). Moreover, when looking at related organisms with vast differences in behavioural
sophistication (including the ability to learn complex tasks), it becomes clear that the
underlying synaptic structures are too similar to reliably account for different learning
capabilities. For example, the fundamental properties of LTP and LTD along with sev-
eral other aspects of synaptic plasticity are highly conserved across rodents and primates

2Image source: Wikimedia Commons, Public domain. Retrieved from https://commons.
wikimedia.org/wiki/File:Aplysia_californica_NHGRI-79108.jpg.

3As with most such principles in biology, there are some exceptions to this rule (Beed et al., 2020). Still
despite examples to the contrary, the scientific consensus seems to support a relatively high degree of
evolutionary conservation in plasticity mechanisms across species
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(Huang et al., 2014). On the same direction, a recent study (Orvis et al., 2022) examin-
ing the synaptic proteins of the rather simple (20,000 neurons) mollusc Aplysia (Fig. 3.2)
found a similar diversity of synaptic proteins to the Octopus, by far the most intelligent
invertebrate, known for its remarkable capability to learn complex tasks (Richter et al.,
2016; Grasso and Basil, 2009).

On the contrary, when looking at structural features such as the cellular properties of
individual neurons (Jacobs et al., 2014; Nomura et al., 2018; Marchetto et al., 2019)
and even more prominently, specific connectivity structures (Tierney, 1995; Katz and
Harris-Warrick, 1999; Balaban, 1997), including structures largely responsible for learn-
ing (Ellis et al., 2024), we often find a significant diversity even among closely related
species. This suggests that, notwithstanding the generally high degree of evolutionary
conservation of neural structures (Kavanau, 1990), it is more plausible that structural
features of a network would adapt to accommodate the function of a learning rule rather
than the other way around. With this in mind, we opt to study how, given a fixed plas-
ticity protocol, changes in different biophysical structures can affect synaptic learning in
biological networks performing an unsupervised task.

3.2.1 A Classic Unsupervised Task for Biological Networks:
Developing Input Selectivity via E & I Plasticity

Neurons in the visual cortex have been long known to display selectivity to particular
inputs. A classic early experimental study showed that upon presenting an animal with
gratings of different orientations, different neurons show strong preference (i.e. signifi-
cantly increase their firing rate) for specific orientations (Hubel and Wiesel, 1962). The
development of this selectivity in neurons that do not receive direct sensory input was
assumed to develop via synaptic plasticity.

The celebrated experiments of Wiesel and Hubel (1963) and Blakemore and Cooper
(1970), demonstrated that the development of orientation selectivity happens in the first
weeks of life and is dependent on neural activity, conclusively demonstrating that some
form of synaptic plasticity is involved. A plasticity protocol that could create stable ori-
entation selectivity was later proposed by Bienenstock et al. (1982) with improvements
introduced in later years (Intrator and Cooper, 1992; Law and Cooper, 1994).

The discovery of input selectivity in cortical inhibitory neurons (Niell and Stryker,
2008; Sohya et al., 2007; Najafi et al., 2020), as well as the experimental demonstration
of inhibitory plasticity (Komatsu and Iwakiri, 1993; Woodin et al., 2003; Holmgren and
Zilberter, 2001), complicated this picture and initiated a search for a plasticity protocol
that simultaneously create both inhibitory selectivity and detailed 4 E/I balance (Vogels

4A neuron is balanced when the incoming E and I currents cancel out on average (Okun and Lampl,
2008). The time resolution on which this cancelling out takes place determines the tightness of the
balance, with global or loose balance indicating larger time windows while detailed/tight balance in-
dicating very small time windows. The relative benefits of loose/global and tight/detailed E/I balance
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Figure 3.3: Inferring biological structures that drive the emergence of input selectiv-
ity via E/I plasticity. a. A network of excitatory and inhibitory neurons, grouped into
multiple populations, each of whom is selective to a different stimulus, is feedforwardly
connected to a single postsynaptic neuron with plastic E and I connections. We study
how the optimization of either (b.) the dendritic structures of the postsynaptic neuron or
(c.) the connectivity structure of the presynaptic network, can enable the development
of tuned E&I feedforward connectivity (d.) that generates input selectivity (e.) in the
postsynaptic neuron.

and Abbott, 2009) in a neuron receiving tuned E and I inputs.
The first step into resolving this problem was made by Vogels et al. (2011), who

demonstrated how a simple homeostatic inhibitory learning rule can produce detailed
E/I balance by matching the inhibitory connectivity to non-plastic, tuned excitatory
connections. This was followed by a study of interacting E and I plasticity (Clopath
et al., 2016) creating stable input selectivity in certain settings. Finally, a more general
protocol was proposed by (Eckmann et al., 2024), who demonstrated that simultaneous,
synapse-type specific competitive normalization of the E and I synapses, enables the
stable learning of orientation selectivity along with the creation of detailed E/I balance
(Fig. 3.3a).

3.2.2 Inferring structural inductive biases in biological networks

Our contribution to this line of research is to study how structural biophysical and topo-
logical features of the network can interact with the plasticity protocol and influence

have been a topic of extensive study (Denève and Machens, 2016) and remain a topic of debate, but
overall, detailed/tight balance seems to be beneficial for gating multiple signals (Vogels and Abbott,
2009) and efficient coding (Zhou and Yu, 2018).
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learning outcomes. The state-of-the-art plasticity protocol for simultaneously creating
E/I balance and input selectivity (Eckmann et al., 2024) heavily relies on a beneficial
statistical structure of the inputs to the post-synaptic neuron. Our aim is to identify cellu-
lar and network structures that could enable these same plasticity mechanisms to function
well in settings with potentially suboptimal input structures.

The experience of co-evolving a network’s structure and learning rules from chapters
4 and 5 suggests that while the influence of structure on learning is strong, it is also
clearly stochastic. This, in combination with the well-known noisiness of synaptic learn-
ing (Stein et al., 2005; Faisal et al., 2008), motivated us to opt for probabilistic methods
for identifying structures that can drive synaptic plasticity. Specifically, we used approx-
imate Bayesian computation (ABC) (Beaumont, 2019) and simulation-based inference
(SBI) (Tejero-Cantero et al., 2020) to estimate the probability distributions of different
structural features generating the desired plasticity outcomes. This approach provides
us with a full posterior distribution of the way different structural parameters influence
learning and the interactions between them. Thus, we gain a more complete understand-
ing of the influence structure has on the dynamics of plasticity than by merely optimizing
the structure, since we unveil dependencies and correlations between different parame-
ters that would otherwise have remained obscure.

We separately investigated how changes in the postsynaptic neuron’s dendritic struc-
ture (Fig. 3.3b) and the presynaptic network’s connectivity (Fig. 3.3c) can impact learn-
ing. At first, inspired by findings on the influence of dendritic nonlinearities and the
distribution of synapses along the dendritic tree on orientation selectivity (Wilson et al.,
2016; Iacaruso et al., 2017; Weiler et al., 2022), we extended the model of Eckmann
et al. (2024) to include a simple dendritic structure and investigated how the shape of the
dendritic nonlinearity and the specificity of E/I synapses on the dendritic tree influences
learning outcomes. We found that the introduction of dendrites makes the original model
much more robust to noise. We also demonstrated how the shape of the nonlinearity and
the dendritic specificity can reliably control the sharpness of the resulting orientation
tuning. Details of these findings are presented in chapter 6.

Subsequently, our attention turned to the structure of the presynaptic network and in
particular on how connectivity can impact the statistics of the population activity that
influence learning outcomes. Using a spiking network with excitatory (Pfister and Ger-
stner, 2006) and inhibitory (Vogels et al., 2011) plasticity along with competitive nor-
malization (Eckmann et al., 2024), we show that the introduction of noise and recurrent
connectivity among the presynaptic neurons destroys the ability of plasticity to gener-
ate input selectivity. We then demonstrate how changes in the connectivity structure of
the presynaptic network, in particular the introduction of synapse-type specific neuronal
assemblies (Miehl et al., 2023) of varying strengths can restore the optimal statistical
structure in the population activity and enable the plasticity protocol to generate E/I
weight balance (Fig. 3.3d) and input selectivity (Fig. 3.3e) in the post-synaptic neuron.
These findings, presented in the publication Giannakakis et al. (2024b), are summarized
in chapter 7.
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3.3 Biological Structure as an inductive bias in Artificial Networks

Our results suggest that simple biological structures can exert a significant influence
on the activity of neural networks and strongly impact the behaviour of local learning
mechanisms. Using low-dimensional parametrizations of cellular and network structure,
we have demonstrated the precise control such structures can exert on learning dynamics,
effectively regulating the emergence of input selectivity. These findings suggest that the
study of specific plasticity protocols that ignores the surrounding biophysical structures is
unlikely to provide a complete understanding of learning in biological system and argues
for a greater focus on structural features as essential regulators of synaptic plasticity.

3.3 Biological Structure as an inductive bias in Artificial
Networks

While unsupervised learning via Hebbian-like synaptic plasticity is well documented
across different brain areas in multiple species (Citri and Malenka, 2008) and it undoubt-
edly performs a crucial function, it is to some extent constrained by its simplicity. Heb-
bian rules essentially learn the underlying statistical structure of inputs, often performing
an approximation of principal component analysis (Oja, 1992; Pehlevan and Chklovskii,
2015). While this is a necessary component of many learning algorithms, it is insufficient
to explain the full range of learning processes taking place in biological neural networks.
Thus, for the next and final part of the thesis, we seek to study whether the structural fea-
tures that we identified as crucial in regulating unsupervised Hebbian learning can also
impact the ability of neural networks to perform complex, supervised learning tasks.

Supervised learning in the brain has been studied extensively (Knudsen, 1994). This
includes neuromodulatory reward-based reinforcement learning (Schultz et al., 1997),
cortical learning driven by feedback signals originating in subcortical areas, (Roelfsema
et al., 2010) as well as error-driven learning in the cerebellum (Guo et al., 2014; Popa and
Ebner, 2019). However, while these learning functions are almost certainly performed
via local learning rules, the exact plasticity protocols that can learn complex tasks using
biologically plausible learning are still somewhat unclear. Thus, for this final part of the
thesis, we eschew strict biological plausibility when it comes to the learning mechanisms
and study how the introduction of biological structures in artificial networks trained via
supervised, error-gradient-based methods, to perform complex temporal tasks can en-
hance or hamper their performance.

3.3.1 Reservoir computing with modular E/I networks

In chapter 7, we show how the introduction of modular, synapse-type specific connec-
tivity in a balanced E/I network can shape the statistical structure of the network’s pop-
ulation activity and enable synaptic plasticity to produce input selectivity in a readout
neuron (Giannakakis et al., 2024b). Motivated by this result, we then turn to investigate
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3 Outline of Methods and Results

the extent to which such a simple, low-dimensional parametrization of network connec-
tivity can affect population dynamics in a way that impacts a network’s capacity to solve
complex tasks.

To this end, after analytically investigating how different modular E/I structures gen-
erate distinct dynamical states in RNNs obeying Dale’s law, we use a reservoir comput-
ing framework to evaluate how such structures can impact the networks’ computational
capabilities. Reservoir computing (Nakajima, 2018) is a computational paradigm that
utilizes the complex intrinsic dynamics of a non-trainable dynamical system for process-
ing complex inputs. Reservoir computing approaches are usually utilized for temporal
tasks, such as time series prediction, due to the high cost of end-to-end training networks
solving memory-demanding tasks (Shahi et al., 2022).

Trainable
Readout

Layer

Input Layer Reservoir

Figure 3.4: A sketch of a reservoir com-
puting network. The complex dynamics of
a non-trainable recurrent network trans-
form a given input and make it more in-
terpretable to a trainable readout layer.

In the original formulation of reservoir
computing, a fixed recurrent neural network
is used as a reservoir (Fig. 3.4). A given in-
put (usually a time series) is presented to the
reservoir, whose complex temporal dynam-
ics project the input onto a higher dimen-
sional space, making it more interpretable.
Then, a simple readout layer (trained via lin-
ear or Ridge regression) can be used to map
the reservoir’s state onto the target output of
the task at hand (Jaeger and Haas, 2004).

While the most common type of dynami-
cal system used in reservoir computing is a
recurrent neural network, there has been a
wide range of studies on how different dy-
namical systems can be used as reservoirs,
including simulated as well as physical systems (Tanaka et al., 2019). Spiking networks
with varying degrees of biological plausibility have been commonly used as reservoirs
for a wide range of tasks (Maass, 2011; Schliebs et al., 2011). The use of spiking or
other biological networks in reservoir computing allows the reliable assessment of their
computational capabilities in a comparable and computationally efficient manner, which
has made reservoir computing systems a popular setting for evaluating the dynamics and
computational capacity of biological networks (Lazar et al., 2009; Cramer et al., 2020).

In our experiments, presented with greater detail in chapter 8, we used the modular
E/I networks as reservoirs in a challenging time series prediction task. Our findings
indicate that different levels of E and I modularity significantly affect network dynamics
and control the network’s distance from a chaotic transition point. Moreover, we found
that the different connectivity-driven dynamical states can have a significant impact on
the network’s performance, indicating that biological structures, such as Dale’s law and
modularity in network connectivity can exert a significant influence in the ability of re-
current networks to perform complex prediction tasks.
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3.3 Biological Structure as an inductive bias in Artificial Networks

3.3.2 Cellular Mechanisms and Network Structures for Memory
tasks

Tasks that require memory of past states are particularly challenging for both biological
and artificial agents (Bengio et al., 1994; Squire and Wixted, 2011; Carruthers, 2013).
Specifically, networks solving temporal tasks, are required to maintain traces of past
states in their activity, a process that can be quantified by the decay rate of the neu-
rons’ autocorrelation function (Zeraati et al., 2023), which gives the neurons’ intrinsic
timescales (Fig. 3.5a). A tentative association between longer intrinsic timescales and
computational complexity has been observed in the mammalian brain, where brain areas
dealing with more cognitively demanding tasks are characterized by longer timescales
(Murray et al., 2014). In biological networks, such long timescales can be created either
via the biophysical properties of individual cells (Gjorgjieva et al., 2016; Duarte et al.,
2017) or via network interactions (Litwin-Kumar and Doiron, 2012; Zeraati et al., 2023;
Shi et al., 2023). Still, the exact computational implications of these different mecha-
nisms in artificial networks have not been fully investigated. Thus, for this last section
of the thesis, using an RNN with trainable single neuron timescales (representing the
biophysical membrane timescale of biological neurons), we investigated how these dif-
ferent biological mechanisms for creating long timescales can be introduced in artificial
recurrent neural networks and their impact on their performance.

Experimenting with different training mechanisms, we discovered that different train-
ing curricula can drive the RNN to develop long timescales using distinct mechanisms.
Curriculum learning is a training paradigm that introduces progressively harder versions
of a task to a learning agent, allowing gradual adjustment to the task demands. Cur-
riculum training has been shown to lead to higher performance in both artificial agents
(Wang et al., 2021; Soviany et al., 2022) and biological organisms (Lee et al., 2024a).
For our experiments, we found that the choice of training curriculum can drive a network
to utilize cellular (trainable single-neuron timescale) or network-based (recurrent con-
nectivity) mechanisms (Fig. 3.5b & c) for developing long timescales. We then compare
the performance of the two types of networks and find that relying on the network con-
nectivity for developing long timescales appears to be a far superior solution in terms of
both performance and robustness.

Our results, published in (Khajehabdollahi et al., 2024) and summarized here in chap-
ter 9, suggest that different learning processes might recruit distinct mechanisms for
solving a complex task. Moreover, our results indicate that different biological mech-
anisms for generating the necessary dynamics needed to solve complex temporal tasks
may offer distinct benefits and disadvantages. In the case of the tasks we examined, we
found that network-based mechanisms for creating long timescales lead to superior per-
formance than relying on the time constants of individual cells. The fact that network
connectivity appears to be the preferred mechanism by which biological networks gener-
ate long timescales (Zeraati et al., 2023), suggests that its benefits for computation may
translate across learning mediums to both artificial and biological networks.
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3 Outline of Methods and Results

Long Timescales in RNNs
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Figure 3.5: Biophysical mechanisms for creating long timescales in RNNs solving tem-
poral tasks. a. For a neural network to solve temporal tasks, individual neurons need to
have long effective timescales (measured as the decay rate of the autocorrelation func-
tion). This effective timescale arises via the interaction of the cellular time constant and
network interactions. Thus, in order to create such timescales a network may rely on b.
large cellular membrane time constants, c. tuned recurrent network connectivity, or d.
a high-level topological structure that encourages the emergence of long timescales (a
special case of (c)).

Our findings on the overwhelming benefit of using the network connectivity for de-
veloping long timescales, led us to wonder whether there is a way to further tune the
connectivity to a specific task’s needs. To this end, questioning whether the classic all-
to-all network connectivity of RNNs is optimal, we opted to study whether following a
neurodevelopmental approach (Stanley and Miikkulainen, 2002) which introduces topo-
logical features specific to the task structure could improve performance.

Although training minimally structured networks de novo has overwhelmingly been
the most prominent approach on developing artificial learning systems, there is an in-
creasing number of experts shifting towards developmental approaches that introduce
hard-coded features in network structure prior to learning. This approach, voiced most
prominently in Zador (2019), argues that biological networks rely much more on hard-
coded features that are either genetically encoded or organically emerge during devel-
opment, than on learning during an organism’s lifetime and proposes a similar approach
for the design of artificial networks. This can take the form of genome-to-phenotype
mappings, where an agent is trained to output the structure of a network (Stanley, 2007;
Ha et al., 2016; Shuvaev et al., 2024) or of developmental approaches, where instead
of starting with a fixed number of neurons and training the connectivity, the network
grows during the learning process (Risi, 2021; Plantec et al., 2024; Najarro et al., 2023),
a mechanism akin to the embryogenesis of a biological organism (Hiesinger, 2018).

22



3.4 Conclusion

Inspired by such approaches and the computational benefits of structural modularity
and hierarchical processing (Hihi and Bengio, 1995; Mohajerin and Waslander, 2014)
in ANNs, we propose a growing developmental curriculum that builds up a hierarchical
modular network (Fig. 3.5d). Comparing the performance of this modular network
with equivalent networks from our original timescales study (Khajehabdollahi et al.,
2024), we found a significant boost in performance, training efficiency, and robustness.
Our findings are presented in detail in Hamidi et al. (2024) and are summarized here in
chapter 10.

Our results in this last study, add to the growing evidence that developmental and
structural approaches may offer an avenue for innovation in the design of artificial learn-
ing systems. Moreover, our findings on the benefits of hierarchical and modular struc-
tures, connectivity patterns that are extremely widespread in biological networks (Meu-
nier et al., 2010; Redies and Puelles, 2001; Hilgetag and Kaiser, 2004) and are known to
boost computational capacity (Zhang et al., 2024), further demonstrates the importance
of structural connectivity for biological learning and the potential benefits of incorporat-
ing biological structures in artificial systems.

3.4 Conclusion

In summary, this thesis focused on the different ways biological structures can influ-
ence learning in biological and artificial systems. We showed how cellular and network
structures can influence the evolutionary dynamics of distinct synaptic plasticity rules,
and how different biophysical features of neuronal networks can influence the learning
outcomes of Hebbian plasticity. Finally, we demonstrated how the incorporation of dif-
ferent biological structures into artificial networks can establish strong inductive biases,
boosting performance in a variety of complex learning tasks.

Our findings establish a link between network structure and learning outcomes across
a variety of settings, and motivate further study into the potential influence of diverse
biological structures on the ability of biological and artificial networks to learn different
tasks. The following seven chapters present the individual publications forming the basis
of this work in greater detail. Finally, the thesis closes with an outlook chapter (chapter
11), proposing potential future research directions.
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4 When is it useful to learn ?

4 When is it useful to learn ?

This chapter is based on the publication (Giannakakis et al., 2023) titled Environmental
variability and network structure determine the optimal plasticity mechanisms in embod-
ied agents, which was published at the proceedings of the 2023 conference on Artificial
Life (ALIFE 2023).

4.1 Motivation

While the ability to adapt to their environment is a defining feature of nearly all living or-
ganisms, the evolutionary origins of this ability remain unclear (Papini and Torres, 2017).
The answer at least partially lies in the fact that the amount of information required to
encode all information required for creating a functional nervous system is simply too
large to be transmitted genetically (Zador, 2019; Shuvaev et al., 2024). However, an even
more crucial factor driving the development of learning, is that natural environments are
very volatile and thus expected to change during an organisms’s lifetime in unpredictable
ways (Ellefsen, 2014; Dunlap and Stephens, 2016). The relation between environmen-
tal volatility and the emergence of learning has been studied in both biological and in
artificial settings (Kerr and Feldman, 2003; Lange and Sprekeler, 2022).

In this work, we examined the effects of environmental volatility on the emergence of
biologically plausible learning, namely reward-modulated synaptic plasticity. We aimed
at classifying the effects that different types of environmental variability have on the
evolution of synaptic learning in simple artificial organisms. Additionally, we examine
the extent to which structural features of the learning networks influence the evolved
learning rules.

4.2 Summary of results

We simulated both static agents (consisting in a single-layer plastic neural network) and
embodied moving agents (consisting in a single-layer plastic network attached to a multi-
layered non-plastic network controlling the agents’ movement in a 2D surface with scat-
tered food particles). The agents switch between two environments with different food
particle distributions and need to adjust their sensory systems to the distribution of each
environment in order to identify which foods to consume. We used a genetic algorithm to
meta-learn the parameters of a reward-modulated plasticity rule, with the aim of enabling
the agents to learn the distribution of food particle values. The plasticity was optimized
on a number of environmental settings, introducing different types of variability. We
further simulated sensory networks with linear and binary readouts, to examine the ef-
fects the readout nonlinearity can have on the resulting learning rules. Our main findings
were:
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4.3 Discussion

• Environmental variability controls the learning rate of the plasticity: After
simulating the agents (static and moving) in a variety of environmental conditions
and recording the evolved learning rate of the resulting plasticity mechanisms, we
find that in order for synaptic plasticity to emerge (i.e. for the learning rates to be
sufficiently high to lead to substantial modification of synaptic strengths during an
agent’s lifetime), the following conditions must be met:

1. The environment must change over an agent’s lifetime. A fully static envi-
ronment prevents the evolution of synaptic learning, and the variability of
environmental conditions an agent is exposed to is directly correlated with its
evolved learning rate.

2. The change in environmental conditions should be slow enough that a learn-
ing process has time to at least partially converge. Too rapid environmental
change prevents learning.

3. The agent should have a reliable enough sensory system to collect informa-
tion about its environment. A reduction in the reliability of an agent’s sensory
system (via the introduction of noise) leads to a decrease in its evolved learn-
ing rate.

• Network structure impacts the form of the evolved learning rule: We simulated
both static and moving agents with linear and binary sensory readouts. In the static
agents, we found that the evolved learning rule consistently converged to a differ-
ent form for each readout function. Moreover, for the moving agents, we noted a
large diversity among the evolved learning rules, suggesting the development of
specialized learning rules for different motor networks.

4.3 Discussion

Our findings suggest that different forms of environmental variability can reliably affect
the optimal learning rates of synaptic plasticity and by extension the extent to which an
agent relies on its initial “genetically encoded” network structure vs the learned connec-
tivity that arises via interaction with the environment (Shuvaev et al., 2024). Our results
indicate that synaptic earning is not always a desirable strategy, extending earlier findings
(Lange and Sprekeler, 2022; Pontes et al., 2020) in a mechanistic setting where synaptic
plasticity is explicitly modelled.

Moreover, we find that small changes in network structure (in our case, the readout
function of the sensory network) can significantly impact the form of the evolved learning
rule. Finally, in the case of co-evolved learning rules and motor networks for the moving
agents, we observe a large variability in the resulting learning rules. Both these findings
suggest that the form of learning mechanisms can be significantly impacted by structural
features of the learning networks. We further explore this topic in chapter 5.
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5 Co-evolution of network structure and synaptic plasticity

5 Co-evolution of network structure and synaptic
plasticity

This chapter is based on the publication (Giannakakis et al., 2024a) titled Network bottle-
necks and task structure control the evolution of interpretable learning rules in a foraging
agent, which was published in Artificial Life.

5.1 Motivation

The meta-learning of plasticity rules, i.e. the optimization of a synaptic update function
in order to enable a network to learn a particular task, has been widely used, both to
introduce continuous learning capabilities in artificial networks (Najarro and Risi, 2020;
Pedersen and Risi, 2021a; Yaman et al., 2021b) and to study synaptic learning in simula-
tions of biological networks (Shervani-Tabar and Rosenbaum, 2023; Confavreux et al.,
2023). Recent studies (Ramesh et al., 2024; Confavreux et al., 2024) have found that the
optimization of plasticity for specific tasks results in a large diversity of rules that con-
verge equally well to the target state. This diversity of equally fitting learning rules for
any given task makes it hard to interpret how different aspects of a network’s structure
or various task details can influence the form of meta-learned plasticity rules.

Here, following on the preliminary results presented in chapter 4, we identify a simple
regularization mechanism which significantly reduces the apparent variability of evolved
learning rules. We use this to study how different network structures, normalization
mechanisms for the synaptic plasticity (Zenke and Gerstner, 2017) as well as details of
the task structure and loss function can drive the evolution of distinct learning rules.

5.2 Summary of results

We evolve moving and static agents following the structure described in chapter 4. In
this study, we keep the environmental variability constant (to a level that encourages the
development of synaptic plasticity) and focus on the form of the evolved learning rules.

• Information bottlenecks promote generalizability: We simulate moving agents
with different readout neurons (binary and linear) in their sensory network. As in
chapter 4, we originally find that there is a great diversity in the resulting rules,
with no discernible pattern. However, we test how well these diverse rules can
generalize when combined with motor networks co-evolved with a different learn-
ing rule. To this end, we swap the sensory and motor networks of different agents
and test their performance. We find that, while the networks with a binary readout
retain their performance when combined with different motor networks, those with
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5.2 Summary of results

a linear readout decline significantly. This suggests that the introduction of an in-
formation bottleneck (i.e. a binary readout) between sensory and motor networks
enables better generalization.

• Regularization of the plasticity parameter reduces redundancy: Introducing a
simple L1 regularization on the plasticity parameters leads to a very clear conver-
gence of the learning rules into consistent sparse forms, regardless of the readout of
the sensory network. This promotion of sparsity in the plasticity parameters avoids
the confusing diversity we observe in the evolved rules of the moving agents, and
was also found in other meta-learning studies (Ramesh et al., 2024; Confavreux
et al., 2024). Consequently, the resulting rules become ubiquitously interpretable,
enabling us to analytically study their dynamics and convergence points.

• Choice of readout nonlinearity affects the evolved learning rule: We repeat the
experiments of chapter 4 with linear and binary readouts for the sensory networks
of the moving agents, with the addition of the L1 regularization leading to a conver-
gence of the evolved learning rules in interpretable sparse forms. We observe that
depending on the activation function of the readout network, different rules evolve,
which suggests that rules are specific to the readout function of the sensory net-
work. To further test this assumption, we simulate agents with a sigmoid readout
activation function whose slope is evolved along with the other network parame-
ters, and we observe that the resulting sigmoid tends to approach a step function.
As expected, the corresponding evolved rules converge to the same general form
as those evolved in networks with binary readouts.

• Choice of normalization mechanism affects the evolved learning rule: We fur-
ther examine the impact that different normalization mechanisms have on the evo-
lution of plasticity. Hebbian learning rules require compensatory processes in or-
der to be stable (Zenke and Gerstner, 2017), the most prominent of which are sub-
tractive and divisive normalization of synaptic weights (Elliott, 2003). We test how
different normalization mechanisms affect the form of the resulting rule, and find
that the evolved learning rule changes depending on the type of normalization that
is applied. The impact of the different normalization mechanisms is most promi-
nent in networks with scalar readouts, but also visible in networks with binary or
sigmoid readouts.

• Task structure affects the evolved rule: Finally, we simulate static agents with
L1 regularization of the plasticity parameters, aiming to test the conditions under
which the learning rules that evolve in the moving agents can emerge in the static
agents. We find that the details of the objective function, as well as assumptions
about the accuracy of the moving agent during its learning phase, significantly
affect the form of the evolved rule. Specifically, we find that static agents that are
exposed to both positive and negative food particles, regardless of their readout
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5 Co-evolution of network structure and synaptic plasticity

value, converge to the same rule as the moving agents. This suggests that the
plasticity rules that evolve in the moving agents take into account the unreliability
of the agents’ motor networks (i.e. the fact that negative food particles may be
consumed by accident despite a correct sensory prediction).

5.3 Discussion

We have shown that in simple systems, the redundancy of meta-learned rules found in
(Ramesh et al., 2024; Confavreux et al., 2023, 2024) can potentially be reduced by in-
troducing L1 regularization of the plasticity parameters. While this regularization does
not make the emerging rules more biologically plausible (there is no biophysical reason
favouring simpler rather than more complex synaptic plasticity rules), it does enable the
analytical treatment of the resulting interpretable learning rules.

The analysis of the learning rules, evolved under different readout functions and nor-
malization mechanisms, reveals a significant diversity in emerging forms and highlights
the intricate influence of different structural factors on the development of optimal learn-
ing rules. Thus, our findings suggest that plasticity mechanisms can be very specific to
various structural details of the networks they are acting upon. This motivates a more
holistic study of biological learning, where different synaptic plasticity mechanisms are
examined in the context of the specific circuits they are acting upon.

Finally, using the simplified static agents, we demonstrated that important details
about the behaviour of the learning agents (such as the accuracy of communication be-
tween the motor and sensory systems) can be inferred by simulating the evolution of
learning mechanisms under different conditions. Although our system is extremely sim-
ple compared to biological organisms, this setting can serve as a minimal proof of con-
cept for using meta-learning techniques to study learning in biological networks. We
argue that such methods can offer insights not only into the function of specific circuits,
but also potentially provide intuitions about higher level structures and behaviours.
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6 Dendritic structures control synaptic learning

This chapter is based on the manuscript titled Dendritic nonlinearities and synapse-type
specific input clustering enable the development of input selectivity in diverse settings,
which is currently in preparation for submission.

6.1 Motivation

Cortical pyramidal neurons have an extremely complex structure, characterized by rich
dynamics driven by a multitude of ion channels (Hodgkin and Huxley, 1952), as well
as a highly intricate dendritic tree (Larkman, 1991). The dendritic structures of cortical
neurons are known to contribute, among other things, to memory storage (Kastellakis
et al., 2015, 2016) and efficient information processing (Mel, 1994). Moreover, recent
experimental studies have shown that the distribution of E/I synapses along the dendritic
tree is linked to the sharpness of orientation selectivity of neurons in the visual cortex
(Wilson et al., 2016; Iacaruso et al., 2017; Weiler et al., 2022).

Here, taking inspiration from a long line of research using Hebbian plasticity models to
study the emergence of input selectivity (Bienenstock et al., 1982; Clopath et al., 2016;
Eckmann et al., 2024), we propose that these experimental findings linking dendritic
structures with a neuron’s orientation selectivity, could be potentially explained by the
influence that dendritic nonlinearities and the specificity of inputs on the dendritic tree
have on local E/I synaptic plasticity mechanisms.

6.2 Summary of results

Starting from an established protocol for creating orientation selectivity via interacting
E and I plasticity (Eckmann et al., 2024), we modify the original setting of a single
compartment postsynaptic rate neuron by randomly grouping inputs and passing their
sum through a sigmoid function before adding it to the somatic voltage. These external
nonlinearities are meant to approximate the effects of dendritic summation of inputs in
biological neurons.

• Dendritic nonlinearities encourage the emergence of orientation selectivity:
The original E/I plasticity protocol (Eckmann et al., 2024) is fairly sensitive to
the presence of noise, which damages the correlation structure of the inputs. We
find that the introduction of a sigmoid dendritic nonlinearity significantly improves
the capacity of the plasticity to produce input selectivity in the presence of noise.

• The shape of the dendritic nonlinearity controls the emerging neuron tuning:
The sigmoid dendritic nonlinearity is parametrized by its slope and centre. We use
simulation-based inference (Tejero-Cantero et al., 2020) to estimate the impact that
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6 Dendritic structures control synaptic learning

these parameters have on the sharpness of the learned orientation selectivity. We
find that the shape of the nonlinearity can effectively control the resulting tuning,
with steep sigmoids with a high threshold encouraging sharper, while sigmoids
that are less steep and shifted to the left encouraging a broader tuning.

• E/I synaptic specificity controls tuning: We finally test how the specificity of
inputs to a given dendrite (whether similar inputs are more likely to target the
same dendrite) affects the emerging tuning. We find that, as was experimentally
demonstrated in Weiler et al. (2022), the specificity of E and I synapses control
different aspects of the emerging orientation tuning, with E specificity regulating
the sharpness of tuning and I specificity the stability of the learned connectivity.

6.3 Discussion

The impact of the dendritic tree on single neuron activity (Bastian and Nguyenkim, 2001;
Gollo et al., 2009) and information processing (Smith et al., 2013; Eyal et al., 2014;
Branco et al., 2010) has been a topic of intense study, demonstrating that dendritic struc-
tures enable single neurons to perform highly non-linear computations (Poirazi et al.,
2003; Spieler et al., 2023). Additionally, experimental studies have shown an impact
of dendritic structures on orientation tuning (Wilson et al., 2016; Iacaruso et al., 2017;
Weiler et al., 2022) as well as an influence of dendritic dynamics on synaptic plasticity
(Golding et al., 2002; Kampa et al., 2007).

Our findings suggest a link between these two findings, by demonstrating how details
of the dendritic structures can drive the learning dynamics of a Hebbian plasticity proto-
col (Eckmann et al., 2024) and control the sharpness of the emerging orientation selec-
tivity. We show how distinct aspects of the dendritic tree structure (namely the shape of
the nonlinearity and the synaptic specificity) can act as strong inductive biases, pushing
the development of specific orientation tunings, which indicates that structural features
of single cells can effectively control the trajectories of synaptic learning rules. These
findings motivate the further study of such synergistic effects between cellular structure
and learning mechanisms that could potentially offer additional insights into biological
learning.
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7 Structural connectivity influences synaptic plasticity

This chapter is based on the publication (Giannakakis et al., 2024b) titled Structural
influences on synaptic plasticity: the role of presynaptic connectivity in the emergence of
E/I co-tuning, which has been published in PLOS Computational Biology.

7.1 Motivation

Biological neural networks are characterized by highly intricate connectivity patterns,
including clustering (Song et al., 2005; Perin et al., 2011), neuronal assemblies (Miehl
et al., 2023) and highly specific connectivity profiles for different neuron types (Jiang
et al., 2015). Many of these connectivity structures, such as clusters (Litwin-Kumar and
Doiron, 2012; Lagzi and Rotter, 2015) and different spatial distributions of excitatory
and inhibitory connectivity, (Rosenbaum and Doiron, 2014; Rosenbaum et al., 2017)
have been associated with distinct network dynamics. However, the extent to which
structured connectivities and the associated population dynamics affect synaptic learning
remains poorly understood.

In this paper, we investigated whether the introduction of structured E/I recurrent con-
nectivity in a spiking network, can generate population activity with a desired statistical
structure which enables synaptic plasticity to produce input selectivity and E/I weight
co-tuning in a postsynaptic readout neuron.

7.2 Summary of results

We simulated a large spiking network of excitatory and inhibitory neurons that project
with feedforward plastic connections to a single readout neuron. The network was di-
vided in different subpopulations, each of whom received the same spike train as exter-
nal input. We tested the ability of the synaptic plasticity to produce input selectivity and
matching E/I connectivity in the feedforward neuron under different conditions.

• Noise and random recurrent connectivity prevent the development of input
selectivity and E/I co-tuning: Synaptic plasticity is able to produce E/I co-tuning
and input selectivity on the postsynaptic neuron in the case of feedforward net-
works with low noise. However, we find that increasing the noise level in the input
or introducing random, fixed recurrent connections between the neurons of the
presynaptic network, changes the statistics of the population activity and prevents
the emergence of co-tuned and orientation selective feedforward connectivity.

• The introduction of structured fixed recurrent connectivity ameliorates the
effects of noise and recurrence: We use Approximate Bayesian Computation to
identify network structures that might restore the population statistics required for
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7 Structural connectivity influences synaptic plasticity

the plasticity to produce E/I co-tuning and input selectivity. Specifically, we vary
the strength of synapse-type specific assemblies, formed between E and I neurons
of the same subpopulation (neurons receiving the same input signal). We find
that a structure of strong E assemblies and intermediate strength I assemblies, can
restore the desired population statistics even in recurrent networks with high levels
of noise, which allows the synaptic plasticity protocol to produce co-tuning and
input selectivity in the postsynaptic neuron.

• The optimal connectivity structure depends on sparsity levels: We perform
Bayesian inference to identify the optimal assembly structure in networks with
varying sparsity levels, and we find that there is a shift in the inferred assemblies
strengths as the networks become sparser. Specifically, we find that for sparser
networks, the optimal inhibitory connectivity becomes even less specific, while
the excitatory connectivity remains at similar levels.

• Structured connectivity is beneficial even in fully plastic networks: We finally,
introduce plasticity in the recurrent connectivity of the presynaptic network and
test how the inferred connectivity structures from the static network impact the de-
velopment of input selectivity in a fully plastic network. We verify that the struc-
ture that we inferred for static networks can still influence the population statistics
of fully plastic networks, which boosts the ability of plasticity to produce input
selectivity.

7.3 Discussion

While the ability of synaptic plasticity to shape the connectivity of neural networks has
been the focus of multiple computational studies (Vogels et al., 2011; Litwin-Kumar
and Doiron, 2014; Zenke et al., 2015), the inverse influence, i.e. the ways in which
structural network features might impact the behaviour of different plasticity protocols,
has been largely neglected as a topic of study. However, biological neural networks are
characterized by highly complex connectivity patterns (Song et al., 2005) that largely
emerge during early development and change very little during an organism’s lifetime.
Thus, synaptic plasticity has to act within the constraint these highly intricate connectiv-
ity structures impose on the network activity and information flow.

In this paper, we demonstrated how the introduction of simple, biologically plausible
(Miehl et al., 2023), structured connectivity can have a massive impact on the statistics
of population activity that spike-timing dependent synaptic plasticity relies on to pro-
duce input selectivity. In essence, we provide a setting in which structural features of a
network that largely arise during early development can act as a very strong inductive
bias for synaptic learning, effectively regulating the emergence of input selectivity and
balanced E/I connectivity.
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8 Reservoir computing with structured E/I networks

This chapter is based on the manuscript titled Modularity in E/I networks controls the
dynamical regime and optimizes computational capabilities, which is currently in prepa-
ration for submission.

8.1 Motivation

In chapter 7 we showed how varying the strenghts of E and I assemblies in a recur-
rent network can modify the statistics of the population activity so that synaptic plastic-
ity manages to produce input selectivity in a post-synaptic neuron (Giannakakis et al.,
2024b). We then wondered whether similar E/I connectivity patterns can impact the
population activity in ways that could boost a network’s ability to perform much more
complex tasks. Modular connectivity patterns are known to create distinct dynamics in
neural networks (Litwin-Kumar and Doiron, 2012; Lagzi and Rotter, 2015) and multiple
studies have demonstrated that the computational capabilities of recurrent networks are
associated with their dynamical state (Boedecker et al., 2012; Legenstein and Maass,
2007).

Thus, in this study, we use dynamic mean-field theory (Kadmon and Sompolinsky,
2015) to systematically analyse the impact that different levels of E/I modularity have
on the dynamics of a recurrent neural network. Then, using a reservoir computing frame-
work (Schrauwen et al., 2007), we evaluate how the connectivity-induced dynamics af-
fect the network’s computational capabilities in a complex time series prediction task.

8.2 Summary of results

We use a rate network obeying Dale’s law which we train as an Echo State network
(Jaeger and Haas, 2004) to predict the trajectories of chaotic attractors.

• DMFT of E/I modular networks: Using dynamic mean-field theory, we show
that the network’s dynamics are controlled by its E/I modularity and its spectral
radius. We find that for sufficiently large spectral radius, the difference in E and I
modularity controls the distance from the edge of chaos.

• The network’s dynamical state affects the computational capabilities of the
ESN: We examine how networks with different E/I modularity levels behave as
reservoirs. We find that the analytically derived dynamical states can predict the
loss map of the ESN reasonable well, suggesting that the recurrent dynamics of the
network (and consequently the E/I modular structure that controls the dynamics)
determine the network’s computational capabilities.
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8 Reservoir computing with structured E/I networks

• Network size and time series dimensionality shift the critical point: Subse-
quently, we study the performance of ESNs which are tasked with reconstructing
multiple chaotic attractors simultaneously. We note that as the number of input
attractors increases, the loss pattern shifts, suggesting that the critical transition
to the chaotic state happens for smaller network spectral radius. We find that this
effect can be ameliorated by increasing network size proportionally to the number
of attractors.

• Input structure has a minor impact on the network’s performance: We finally
test whether the structure of the input has any impact on the performance of the
ESN. In particular, using an ESN with four modules which is reconstructing four
different chaotic attractors, we test whether different levels of E and I input speci-
ficity of each attractor targeting a different module would make a difference in
performance. Using simulation-based inference (Tejero-Cantero et al., 2020) to
better estimate this effect, we find that depending on the recurrent network’s dy-
namical state, different input structures may have a small but significant impact
on performance. This suggests that despite the overwhelming influence of recur-
rent dynamics (and the structural connectivity that controls it), structured input
connectivity may also play a small role in controlling computational capabilities.

8.3 Discussion

Our work suggests that in networks obeying Dale’s law, different modular structures for
the E and I connectivity may offer precise control of network dynamics, enabling the
network to tune its distance from the chaotic state. These findings complement our con-
clusions about how modularity/clustering can influence synaptic learning (Giannakakis
et al., 2024b) and suggest that neuron type-specific inhomogeneous connectivity struc-
tures - a commonly observed feature of biological neural networks (Lund, 2002; Call-
away, 2002; Fino et al., 2013) - may impact a network’s capacity to learn and process
information in a variety of different ways.

Additionally, our results suggest that reservoir computing (Schrauwen et al., 2007;
Nakajima and Fischer, 2021), despite potential shortcoming in terms of performance
compared to state-of-the-art methods (Schrauwen et al., 2007; Gauthier et al., 2021),
can perform quite well on challenging temporal tasks. These computational capabilities
along with the extreme efficiency of reservoir networks in terms of training resources
make reservoir computing not only a valuable framework for evaluating the computa-
tional capabilities of different biological neural network architectures, but also highlight
its potential as a component of high-performing artificial systems (Lukoševičius and
Jaeger, 2009). Specifically, as our understanding of ways to reliably control network
dynamics and the relationship between dynamical state and computational capacity in-
creases, a greater use of reservoir computing methods in different applications where
training cost needs to be kept at a minimum should be considered.
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9 Task structure drives the emergence of long
timescales in RNNs

This chapter is based on the publication (Khajehabdollahi et al., 2024) titled Emergent
mechanisms for long timescales depend on training curriculum and affect performance
in memory tasks, which was published in the proceedings of the Twelfth International
Conference on Learning Representations (ICLR 2024).

9.1 Motivation

Biological networks often face the challenge of solving tasks with complex temporal
dependencies that may span a wide range of timescales (Zeraati et al., 2024). In order
to effectively perform such computations, the underlying timescale of the task needs
to be reflected in the population activity of the network, leading to a tuning of intrinsic
network timescales across brain areas (Murray et al., 2014). Long timescales can emerge
via complex recurrent network interactions (Litwin-Kumar and Doiron, 2012; Zeraati
et al., 2023) or via the intrinsic properties of individual neurons (Gjorgjieva et al., 2016),
with both of these mechanisms having been observed in different settings. However, the
relative benefits and disadvantages of these two mechanisms for computation have not
been systematically studied.

Here, we demonstrate how the task structure itself can drive a network to utilize either
biophysical or network mediated mechanisms for developing long timescales. We more-
over provide a direct comparison of the two mechanisms in terms of task performance,
training speed and robustness.

9.2 Summary of results

We use a recurrent neural network (RNN) with trainable recurrent weights and intrinsic
timescales for each neuron. The network is presented with a binary sequence and trained
to solve one of two tasks (N-delayed match-to-sample or N-parity).

All RNNs are trained using a curriculum learning approach (Bengio et al., 2009).
Specifically, we develop two distinct training curricula.

1. Single-head: The network is first trained to solve the task for N = 2. The trained
network for each N is used the initial condition for training a network to solve the
task for N +1.

2. Multi-head: At each curriculum step, a new readout head is added, which is
trained to solve the task for increasing values of N. Thus, on the K-th step of
the curriculum, the network is simultaneously trained to solve the task for N =
2, . . . ,K.
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9 Task structure drives the emergence of long timescales in RNNs

Our main results are the following:

• The multi-head curriculum boosts performance: The multi-head curriculum
appears to be superior to the single-head one in all metrics considered. Specifically,
networks trained with the multi-head curriculum reach higher N, train faster and
are more robust to perturbations compared to networks trained with the single-head
curriculum

• Different training curricula lead to different timescale creation mechanisms:
While the average effective timescale (neuron autocorrelation time) increases with
N for all networks, we find that networks trained with the single-head curriculum,
rely on the trainable single-neuron (membrane) timescale of individual neurons
to create long timescales. On the contrary, networks trained with the multi-head
curriculum develop very fast single-neuron timescales and rely on network inter-
actions for developing longer timescales as N increases.

• The connectivity is tuned to match the membrane dynamics: The learned con-
nectivity of trained networks appears to be linked to the different timescale cre-
ation mechanisms. Multi-head networks maintain a balanced connectivity (aver-
age weight around 0) as N increases, while the connectivity of single-head net-
works becomes negatively skewed for higher Ns. The balanced E/I connectivity of
the multi-head networks is associated with the creation of long timescales (Bhatia
et al., 2019). On the contrary, the inhibition-dominated connectivity in the single-
head networks is presumably necessary to create stable dynamics in the presence
of long single-neuron timescales.

9.3 Discussion

While curriculum learning is well known to improve learning performance in both artifi-
cial and biological agents (Bengio et al., 2009; Lee et al., 2024a), the impact of different
curricula on the learned network structure has only recently become the subject of sys-
tematic study (Kepple et al., 2022).

In this work, we showed how different curricula can fundamentally alter the mecha-
nisms by which a learning objective is achieved. We found that a network’s reliance on
single neuron biophysical properties vs network structure for developing long timescales
can be effectively determined by the structure of the learning task. The massive differ-
ence in performance between the two network types indicates that structural properties
of neural networks (in this case the presence of large membrane time constants and the
associated inhibition-dominated connectivity vs fast single-neuron time constants com-
bined with E/I balance for achieving long timescales) can have a significant impact on
the ability of networks to learn complex tasks.
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10 Modular Growth of Hierarchical Networks

This chapter is based on the publication (Hamidi et al., 2024), titled Modular Growth of
Hierarchical Networks: Efficient, General, and Robust Curriculum Learning, which was
published at the proceedings of the 2024 conference on Artificial Life (ALIFE 2024).

10.1 Motivation

Structural modularity is a unifying characteristic of complex brains. The division into
functionally specialized subunits allows the compartmentalization of information pro-
cessing, increases efficiency (Clune et al., 2013) and enables mosaic evolution (Fong
et al., 2021; Schumacher and Carlson, 2022). Additionally, modular networks are as-
sociated with distinct dynamics (Litwin-Kumar and Doiron, 2012; Giannakakis et al.,
2024b) that are beneficial for temporal computations and learning. These features have
been frequently exploited for the design of artificial networks solving complex tasks
(Hihi and Bengio, 1995; Mohajerin and Waslander, 2014; Yuan et al., 2024).

Here, we apply these insights into the problem of creating long timescales in networks
solving temporal tasks. Following on our findings presented in chapter 9 and recent
research on self-assembling neural networks (Najarro et al., 2023), we propose a devel-
opmental curriculum (Bengio et al., 2009), which gradually assembles a network from
replicable modules, creating a hierarchical structure that is tuned to the demands of the
task at hand.

10.2 Summary of results

Following on the methodology of (Khajehabdollahi et al., 2024), which was presented in
chapter 9, we train both the connectivity and the single-neuron timescales of our models.
The curriculum we develop, starts with a very small RNN (5 - 15 neurons), which is
trained to solve a temporal task (either N-delayed match-to-sample or N-parity) for N =
2. Once a target accuracy has been achieved, the RNN is replicated and connected with
feedforward connections to the original RNN. The resulting structure is now trained
(the recurrent connections of the old and new modules, as well as the feedforward layer
connecting them) to solve the task for N = 2 and N = 3, with the readout layer from
the original module being tasked with solving it for N = 2 and the readout from the new
module solving it for N = 3. Once this network is trained, a new module (a copy of
the previous last module), solving the task for N = 4 is added creating a hierarchy of
modules solving the task for increasingly high Nmax.

• Modular vs. Non-Modular Networks: We compare a set of networks trained
with our growing curriculum with a set of equivalent non-modular networks (trained
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with the multi-head curriculum from chapter 9). We find that the modular networks
outperform the equivalent non-modular networks (with a comparable number of
trainable parameters) in terms of training time and the highest Nmax reached. Ad-
ditionally, we find that modular networks are more robust to perturbations of the
recurrent connectivity than their non-modular counterparts.

• Analysis of modular networks: The highly specific structure of the modular net-
works allows dissecting their function to a degree that it usually impossible with
classic RNNs. We first find that, similar to the multi-head networks from chap-
ter 9, modular networks converge to fast single-neuron timescales and rely on
their connectivity for the development of long intrinsic timescales. We further
study the contribution of different connections types (feed-forward between mod-
ules vs recurrent within modules). Via perturbation experiments, we find that the
feed-forward connections are much more sensitive to perturbation than the recur-
rent ones. Moreover, we note that during training, the feed-forward connectivity
changes significantly more than the recurrent connectivity across modules. These
findings suggest that the details of the recurrent connectivity matter much less than
the specific feed-forward connections. We verify this by comparing performance
when only one type of weights is trained while the other is replicated across mod-
ules. We find that freezing or duplicating recurrent connectivity barely affects
performance, while doing the same in the feed-forward connections essentially
destroys the network’s learning capabilities. These findings suggest that modular
networks function as deep reservoirs, where the complex dynamics of the recur-
rently connected modules are utilized by the specific feed-forward connections to
solve the task. Thus, by replicating the recurrent modules instead of training them
on every step, we can effectively half the number of trainable parameters without
any significant loss in performance.

10.3 Discussion

Biological networks are highly structured (Sporns, 2015), with modular topologies in
particular being a prominent feature of brain connectivity (Bertolero et al., 2015; Sporns
and Betzel, 2016). Modular architectures have been used in artificial networks, (Hap-
pel and Murre, 1994; Mohajerin and Waslander, 2014) increasing performance and effi-
ciency across a variety of tasks.

In this study, we have demonstrated how a developmental curriculum that imposes
a modular, task-specific structure to a network can significantly boost performance and
robustness while simultaneous decreasing training time and number of trainable param-
eters. Our findings suggest that the presence of replicable connectivity structures may
play an important role in biological learning and highlight how biologically plausible
structural constraints can be utilized for efficient learning in artificial networks.
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In this work, we have demonstrated a strong link between cellular and network structure
and the capacity of different learning mechanisms to perform various tasks. We have
shown how the form of meta-learned plasticity rules can be strongly affected by network
and task constraints, (Giannakakis et al., 2023, 2024a) and how biological structure on
both the cellular (dendritic structures) and network levels (E/I connectivity) can control
the learning dynamics of Hebbian plasticity rules (Giannakakis et al., 2024b). Finally, we
have demonstrated how the introduction of biological structural constraints on artificial
learning systems performing complex temporal tasks (time series prediction and short-
term memory tasks) can impact their performance (Khajehabdollahi et al., 2024; Hamidi
et al., 2024).

However, despite the novel insights these works bring on the relationship between
network structure and learning, our contributions remain limited by the proof of concept
approach we adopted for most of these works. Specifically, in all the works presented
here, we have used simplified neuron models and network structures that are far from
capturing the full complexity of biological systems in either the cellular or the network
level. Moreover, we have focused on relatively simple supervised and unsupervised tasks
that were largely selected for their interpretability but fail to capture the intricacies of
the complex behavioural tasks facing even the simplest biological organisms. These
shortcomings can be improved upon by future work focusing on greater biological detail
as well as more challenging applications. Thus, in this last section of the thesis, we will
outline some potential future research directions through which the main themes of this
thesis can be expanded upon.

11.1 Meta-learning Plasticity Rules and Network Structure

One of the uniting themes of the work presented in this thesis is the use of various op-
timization methods for discovering cellular and network structures, as well as plasticity
mechanisms that optimize the learning capabilities of a given system. This included us-
ing evolutionary algorithms (Beyer and Schwefel, 2002) for optimizing both the network
connectivity and the parameters of the plasticity rules in chapters 4 and 5, approximate
Bayesian computation (Beaumont, 2019) to infer beneficial E/I network topologies in
chapter 7 as well as simulation-based inference (Tejero-Cantero et al., 2020) to identify
optimal dendritic configurations in chapter 6 and input connectivity structures in chapter
8.

Such meta-learning approaches have been extensively used in the past to identify plas-
ticity rules that could learn a given task. To this end, a variety of methods has been
used, including evolutionary optimization (Jordan et al., 2021; Confavreux et al., 2020),
simulation-based inference (Confavreux et al., 2023, 2024), generative adversarial net-
works (Ramesh et al., 2024) and direct gradient-based optimization (Mehta et al., 2023),
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with varying degrees of success. Additionally, despite the focus of meta-learning studies
being overwhelmingly on the form of the plasticity rules, similar approaches have been
used on identifying specific connectivity structures that can influence learning (Laksh-
minarasimhan et al., 2024).

Our work argues for a greater focus on structure as a driver of synaptic learning and
proposes a synergistic study of plasticity mechanisms and network structure using meta-
learning methods. In particular, our approach could be extended by a simultaneous op-
timization of structure and plasticity (following a similar logic to the work presented in
chapters 4 and 5) in more realistic biological settings. This could involve the simultane-
ous meta-learning of network architectures or dendritic structures along with the parame-
ters of synaptic plasticity rules, focusing, for example, on the interaction between varying
levels of structural E/I clustering and the parameters of synaptic learning rules active in
a plastic recurrent setting. The increased dimensionality of this type of parametrization
would require an amount of data that could put a strain on computational resources, but as
inference techniques improve (Confavreux et al., 2023) such computations are becoming
more tractable.

11.2 Introducing greater Biological Plausibility in the
modeling of Learning

This thesis examined how biological structures can influence learning in neural networks.
Using dendritic nonlinearities in chapter 6 and clustered E/I connectivity patterns in
chapters 7 and 8, we demonstrated how such features of a biological network can act
as inductive biases for different learning mechanisms. However, despite the biological
plausibility of such structures (Hilgetag and Kaiser, 2004), our models remain very far
from even approaching the complexity of real biological cellular and network structures
since it only captures high-level features of biological systems. Future work could built
in this direction by focusing on integrating detailed experimental data about the structure
of biological neural networks in studies of biological learning.

At first, the complexity of individual neurons had been until very recently almost im-
possible to model, except by using very large and computationally intractable multi-
compartment models (Hodgkin and Huxley, 1952). However, as more flexible and effi-
cient phenomenological neuron models - that can nevertheless capture the full complex-
ity of biological neurons - are developed (Beniaguev et al., 2021; Spieler et al., 2023),
studying learning in networks of biologically plausible neurons becomes an increasingly
plausible research direction. This could involve the modeling of more detailed learning
rules, that take into account neuron morphology and other biophysical parameters.

Most importantly, the last years have seen an explosion in the volume of available
connectomic data, which has made the detailed study of large biological circuits a dis-
tinct possibility. In particular, the recent publications of detailed connectomic data from
the Drosophila Melanogaster larva (Winding et al., 2023) as well as the mouse cortex
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(Consortium et al., 2021; Eisenstein, 2024), has opened up new possibilities for data
driven studies of network structure. Using connectomic data to constraint the structure
of neural networks performing visual tasks has already revealed interesting insights on
the function of different neuron types in the fruit fly’s visual system (Lappalainen et al.,
2024). A similar approach for studying plasticity mechanisms, focusing on well mapped
plastic circuits such as the mushroom body (Smith et al., 2008; Menzel, 2014; Modi
et al., 2020), could provide useful insights on the form and function of plasticity rules
in biological circuits as well as the impact that detailed connectivity structures may have
on the function of these learning mechanisms.

11.3 Developing Artificial Learning Systems with Biological
Priors

The final part of the thesis dealt with the benefits of introducing biological structures
in artificial learning systems. We showed how different levels of E/I modularity can
control the dynamical regime and, consequently, the computational capabilities of recur-
rent networks in chapter 8. Furthermore, in chapters 9 and 10 we showed how different
biological mechanisms for creating long timescales (Murray et al., 2014) can impact
the performance and robustness of RNNs solving temporal tasks. In all these cases, we
showed how structural features of these neural networks can impact their learning pro-
cess and affect performance. Still, our examples were largely focused on the biological
aspects of the networks and used relatively simple tasks as a means to prove a general
concept. Nevertheless, integrating biological structures into artificial networks, in par-
ticular via the use of developmental approaches like the growing curriculum of chapter
10, is a promising direction in artificial intelligence that could increase the efficiency and
generalizability of artificial systems.

The reliance of biological organisms on inherent structures, that emerge during the
early stages of development, as opposed to sensory-dependent learning via their lifetime,
has led to suggestions that artificial systems should also adopt an approach of optimiz-
ing in-built properties as opposed to learning capabilities (Zador, 2019). This approach
emphasizes the ability of genetic encoding to compress vast amounts of information that
generate functional networks prior to any learning. Several applications of this principle
have produced promising results (Stanley and Miikkulainen, 2002; Ha et al., 2016; Na-
jarro et al., 2023; Shuvaev et al., 2024) by using different mechanisms to develop fully
functional networks that are not explicitly trained.

Our results on the interaction between synaptic plasticity and network structure, sug-
gest a complimentary approach that emphasizes both genetically encoded structure and
lifelong learning via local learning mechanisms. Several studies have demonstrated how
optimized local learning rules can produce state-of-the-art results in artificial networks
(Najarro and Risi, 2020; Pedersen and Risi, 2021b) and developmental approaches that
take into account both structure and local plasticity have shown promise in proof of
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concept tasks (Montero et al., 2024). Our findings encourage further research in this
direction, potentially with the inclusion of additional biological features such as Dale’s
law, diverse neuron time constants and explicit modular architectures that could interact
with different learning mechanisms.
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List of abbreviations

The following abbreviations are used throughout the text of the thesis for brevity. Their
meanings are given in the table below:

E Excitatory
I Inhibitory
STDP Spike Timing Dependent Plasticity
LTP Long-Term Potentiation
LTD Long-Term Depression
ANN Artificial Neural Network
RNN Recurrent Neural Network
SNN Spiking Neural Network
ABC Approximate Bayesian Computation
SBI Simulation-Based Inference
DMFT Dynamic Mean-Field Theory
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Abstract

The evolutionary balance between innate and learned behav-
iors is highly intricate, and different organisms have found
different solutions to this problem. We hypothesize that the
emergence and exact form of learning behaviors is naturally
connected with the statistics of environmental fluctuations
and tasks an organism needs to solve. Here, we study how
different aspects of simulated environments shape an evolved
synaptic plasticity rule in static and moving artificial agents.
We demonstrate that environmental fluctuation and uncer-
tainty control the reliance of artificial organisms on plastic-
ity. Interestingly, the form of the emerging plasticity rule is
additionally determined by the details of the task the artificial
organisms are aiming to solve. Moreover, we show that co-
evolution between static connectivity and interacting plastic-
ity mechanisms in distinct sub-networks changes the function
and form of the emerging plasticity rules in embodied agents
performing a foraging task.

Introduction
One of the defining features of living organisms is their abil-
ity to adapt to their environment and incorporate new infor-
mation to modify their behavior. It is unclear how the ability
to learn first evolved (Papini, 2012), but its utility appears
evident. Natural environments are too complex for all the
necessary information to be hardcoded genetically (Snell-
Rood, 2013) and more importantly, they keep changing dur-
ing an organism’s lifetime in ways that cannot be anticipated
(Ellefsen, 2014; Dunlap and Stephens, 2016). The link be-
tween learning and environmental uncertainty and fluctua-
tion has been extensively demonstrated in both natural (Kerr
and Feldman, 2003; Snell-Rood and Steck, 2019), and arti-
ficial environments (Nolfi and Parisi, 1996).

Nevertheless, the ability to learn does not come without
costs. For the capacity to learn to be beneficial in evolu-
tionary terms, a costly nurturing period is often required,
a phenomenon observed in both biological (Thornton and
Clutton-Brock, 2011), and artificial organisms (Eskridge
and Hougen, 2012). Additionally, it has been shown that in
some complex environments, hardcoded behaviors may be
superior to learned ones given limits in the agent’s lifetime

and environmental uncertainty (Dunlap and Stephens, 2009;
Fawcett et al., 2012; Lange and Sprekeler, 2020).

The theoretical investigation of the optimal balance be-
tween learned and innate behaviors in natural and artificial
systems goes back several decades. However, it has recently
found also a wide range of applications in applied AI sys-
tems (Lee and Lee, 2020; Biesialska et al., 2020). Most AI
systems are trained for specific tasks, and have no need for
modification after their training has been completed. Still,
technological advances and the necessity to solve broad fam-
ilies of tasks make discussions about life-like AI systems rel-
evant to a wide range of potential application areas. Thus the
idea of open-ended AI agents (Open Ended Learning Team
et al., 2021) that can continually interact with and adapt to
changing environments has become particularly appealing.

Many different approaches for introducing lifelong learn-
ing in artificial agents have been proposed. Some of
them draw direct inspiration from actual biological systems
(Schmidhuber, 1987; Parisi et al., 2019). Among them, the
most biologically plausible solution is to equip artificial neu-
ral networks with some local neural plasticity (Thangarasa
et al., 2020), similar to the large variety of synaptic plastic-
ity mechanisms (Citri and Malenka, 2008; Feldman, 2009;
Caroni et al., 2012) that performs the bulk of the learning
in the brains of living organisms (Magee and Grienberger,
2020). The artificial plasticity mechanisms can be optimized
to modify the connectivity of the artificial neural networks
toward solving a particular task. The optimization can use
a variety of approaches, most commonly evolutionary com-
putation.

The idea of meta-learning or optimizing synaptic plastic-
ity rules to perform specific functions has been recently es-
tablished as an engineering tool that can compete with state-
of-the-art machine learning algorithms on various complex
tasks (Burms et al., 2015; Najarro and Risi, 2020; Pedersen
and Risi, 2021; Yaman et al., 2021). Additionally, it can be
used to reverse engineer actual plasticity mechanisms found
in biological neural networks and uncover their functions
(Confavreux et al., 2020; Jordan et al., 2021).

Here, we study the effect that different factors (environ-
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mental fluctuation and reliability, task complexity) have on
the form of evolved functional reward-modulated plastic-
ity rules. We investigate the evolution of plasticity rules
in static, single-layer simple networks. Then we increase
the complexity by switching to moving agents performing a
complex foraging task. In both cases, we study the impact
of different environmental parameters on the form of the
evolved plasticity mechanisms and the interaction of learned
and static network connectivity. Interestingly, we find that
different environmental conditions and different combina-
tions of static and plastic connectivity have a very large im-
pact on the resulting plasticity rules.

Methods
Environment
We imagine an agent who must forage to survive in an envi-
ronment presenting various types of complex food particles.
Each food particle is composed of various amounts and com-
binations of N ingredients that can have positive (food) or
negative (poison) values. The value of a food particle is a
weighted sum of its ingredients. To predict the reward value
of a given resource, the agent must learn the values of these
ingredients by interacting with the environment. The priors
could be generated by genetic memory, but the exact values
are subject to change.

To introduce environmental variability, we stochastically
change the values of the ingredients. More precisely, we
define two ingredient-value distributions E1 and E2 (Gut-
tenberg, 2019) and switch between them, with probability
ptr for every time step. We control how (dis)similar the en-
vironments are by parametrically setting E2 = (1−2de)E1,
with de ∈ [0, 1] serving as a distance proxy for the environ-
ments; when de = 0, the environment remains unchanged,
and when de = 1 the value of each ingredient fully reverses
when the environmental transition happens. For simplicity,
we take values of the ingredients in E1 equally spaced be-
tween -1 and 1 (for the visualization, see Fig. 3a, b).

Static agent
The static agent receives passively presented food as a vector
of ingredients and can assess its compound value using the
linear summation of its sensors with the (learned or evolved)
weights, see Fig. 1. The network consists of N sensory neu-
rons that are projecting to a single post-synaptic neuron. At
each time step, an input Xt = (x1, . . . , xN ) is presented,
were the value xi, i ∈ {1, . . . , N} represents the quantity of
the ingredient i. We draw xi independently form a uniform
distribution on the [0, 1] interval (xi ∼ U(0, 1)). The value
of each ingredient wc

i is determined by the environment (E1

or E2).
The postsynaptic neuron outputs a prediction of the food

Xt value as yt = g(WXT
t ). Throughout the paper, g will

be either the identity function, in which case the prediction
neuron is linear, or a step-function; however, it could be any

other nonlinearity, such as a sigmoid or ReLU. After out-
putting the prediction, the neuron receives feedback in the
form of the real value of the input Rt. The real value is
computed as Rt = W cXT

t + ξ, where W c = (wc
1, . . . , w

c
N )

is the actual value of the ingredients, and ξ is a term summa-
rizing the noise of reward and sensing system ξ ∼ N (0, σ).

Sensors

Figure 1: An outline of the static agent’s network. The sen-
sor layer receives inputs representing the quantity of each
ingredient of a given food at each time step. The agent com-
putes the prediction of the food’s value yt and is then given
the true value Rt; it finally uses this information in the plas-
ticity rule to update the weight matrix.

For the evolutionary adjustment of the agent’s parameters,
the loss of the static agent is the sum of the mean squared
errors (MSE) between its prediction yt and the reward Rt

over the lifetime of the agent. The agent’s initial weights are
set to the average of the two ingredient value distributions,
which is the optimal initial value for the case of symmetric
switching of environments that we consider here.

Moving Agent
As a next step, we incorporate the sensory network of static
agents into embodied agents that can move around in an en-
vironment scattered with food. To this end, we merge the
static agent’s network with a second, non-plastic motor net-
work that is responsible for controlling the motion of the
agent in the environment. Specifically, the original plastic
network now provides the agent with information about the
value of the nearest food. The embodied agent has additional
sensors for the distance from the nearest food, the angle be-
tween the current velocity and the nearest food direction, its
own velocity, and its own energy level (sum of consumed
food values). These inputs are processed by two hidden lay-
ers (of 30 and 15 neurons) with tanh activation. The net-
work’s outputs are angular and linear acceleration, Fig. 2.

The embodied agents spawn in a 2D space with periodic
boundary conditions along with a number of food particles
that are selected such that the mean of the food value dis-
tribution is ∼ 0. An agent can eat food by approaching it
sufficiently closely, and each time a food particle is eaten,
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Motors

Hidden
Layers

Input
Layer

Sensory Network

Figure 2: An outline of the network controlling the foraging
agent. The sensor layer receives inputs at each time step
(the ingredients of the nearest food), which are processed
by the plastic layer in the same way as the static sensory
network, Fig. 1. The output of that network is given as input
to the motor network, along with the distance d and angle α
to the nearest food, the current velocity v, and energy E of
the agent. These signals are processed through two hidden
layers to the final output of motor commands as the linear
and angular acceleration of the agent

it is re-spawned with the same value somewhere randomly
on the grid (following the setup of (Khajehabdollahi et al.,
2022)). After 5000 time steps, the cumulative reward of the
agent (the sum of the values of all the food it consumed)
is taken as its fitness, at which point the best agents are se-
lected by the genetic algorithm and used to initialize the next
generation. The environment (food and agents’ positions)
is re-initialized at the start of each generation. During the
evolutionary optimization, the parameters for both the motor
network (connections) and plastic network (learning rule pa-
rameters) are evolved simultaneously (the genotype includes
both motor weights and plasticity parameters), and so agents
must learn to move and discriminate good/bad food at the
same time.

Plasticity rule parametrization

Reward-modulated plasticity is one of the most promising
explanations for biological credit assignment (Legenstein
et al., 2008). In our network, the plasticity rule that up-
dates the weights of the linear sensor network is a reward-
modulated rule which is parameterized as a linear combi-
nation of the input, the output, and the reward at each time

step:

∆Wt = ηp[Rt ·
Reward Modulated︷ ︸︸ ︷

(θ1Xtyt + θ2yt + θ3Xt + θ4)

+ (θ5Xtyt + θ6yt + θ7Xt + θ8)︸ ︷︷ ︸
Hebbian

]. (1)

Additionally, after each plasticity step, the weights are nor-
malized by mean subtraction, an important step for the sta-
bilization of Hebbian-like plasticity rules (Zenke and Gerst-
ner, 2017).

We use a genetic algorithm to optimize the learning rate
ηp and amplitudes of different terms θ = (θ1, . . . , θ8). The
successful plasticity rule after many food presentations must
converge to a weight vector that predicts the correct food
values (or allows the agent to correctly decide whether to
eat a food or avoid it).

To have comparable results, we divide θ = (θ1, . . . , θ8)
by θmax = maxk |θk|. So that θ/θmax = θnorm ∈ [−1, 1]8.
We then multiply the learning rate ηp with θmax to maintain
the rule’s evolved form unchanged, ηnormp = ηp · θmax. In
the following, we always use normalized ηp and θ, omitting
norm.

Evolutionary Algorithm
To evolve the plasticity rule and the moving agents’ motor
networks, we use a simple genetic algorithm with elitism
(Deb, 2011). The agents’ parameters are initialized at ran-
dom (drawn from a Gaussian distribution), then the sen-
sory network is trained by the plasticity rule and finally,
the agents are evaluated. After each generation, the best-
performing agents (top 10 % of the population size) are se-
lected and copied into the next generation. The remaining
90 % of the generation is repopulated with mutated copies
of the best-performing agents. We mutate agents by adding
independent Gaussian noise (σ = 0.1) to its parameters. Un-
less specified otherwise, we train a population of 100 agents
for 200 generations.

Results
Environmental and reward variability control the
evolved learning rates of the static agents
To start with, we consider a static agent whose goal is to
identify the value of presented food correctly. The static
reward-prediction network quickly evolves the parameters
of the learning rule, successfully solving the prediction task.
We first look at the evolved learning rate ηp, which deter-
mines how fast (if at all) the network’s weight vector is up-
dated during the lifetime of the agents. We identify three
factors that control the learning rate parameter the EA con-
verges to: the distance between the environments, the noisi-
ness of the reward, and the rate of environmental transition.

The first natural factor is the distance de between the
two environments, with a larger distance requiring a higher
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Figure 3: a. Schematic representation of two-states Markov model with transition probability ptr between two environments E1

and E2 defined by the ingredient value distributions. b. We vary the E2 environment by changing the ingredient values linearly
E2 = (1 − 2de)E1, the de is indicated by the color. c. The evolved learning rate ηp grows with the distance de between the
environments and decreases with the reward variance σ. d. The environment transition probability ptr (here for de = 1 and
σ = 0.25) has a non-monotonous relationship with the evolved learning rate ηp. Up to a certain point, more rapid transitions
lead to faster learning, but too rapid environmental transition leads to a reduction of the evolved learning rate. e. For slow
environmental transition (top), the agent fully adapts to the environment after each transition. If the transitions happen fast
(bottom), the agent maintains an intermediate position between the two environments and never fully adapts to either of them.

learning rate, Fig. 3c. This is an expected result since the
convergence time to the “correct” weights is highly depen-
dent on the initial conditions. If an agent is born at a point
very close to optimality, which naturally happens if the envi-
ronments are similar, the distance it needs to traverse on the
fitness landscape is small. Therefore it can afford to have
a small learning rate, which leads to a more stable conver-
gence and is not affected by noise.

A second parameter that impacts the learning rate is the
variance of the rewards. The reward an agent receives for
the plasticity step contains a noise term ξ that is drawn from
a zero mean Gaussian distribution with standard deviation
σ. This parameter controls the unreliability of the agent’s
sensory system, i.e., higher σ means that the information
the agent gets about the value of the foods it consumes can-
not be fully trusted to reflect the actual value of the foods.
As σ increases, the learning rate ηp decreases, which means
that the more unreliable an environment becomes, the less
an agent relies on plasticity to update its weights, Fig. 3c.

Indeed for some combinations of relatively small distance
de and high reward variance σ, the EA converges to a learn-
ing rate of ηp ≈ 0. This means that the agent opts to have
no adaptation during its lifetime and remain at the mean of
the two environments. It is an optimal solution when the ex-
pected loss due to ignoring the environmental transitions is,
on average, lower than the loss the plastic network will incur
by learning via the (often misleading because of the high σ)
environmental cues.

A final factor that affects the learning rate the EA will con-
verge to is the frequency of environmental change during an
agent’s lifetime. Since the environmental change is modeled
as a simple, two-state Markov process (Fig. 3a), the control
parameter is the transition probability ptr.

When keeping everything else the same, the learning rate
rapidly rises as we increase the transition probability from
0, and after reaching a peak, it begins to decline slowly,
eventually reaching zero (Fig. 3d). This means that when
environmental transition is very rare, agents opt for a very
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Figure 4: The evolved parameters θ = (θ1, . . . , θ8) of the plasticity rule for the reward prediction (a.) and the decision (b.)
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low learning rate, allowing a slow and stable convergence to
an environment-appropriate weight vector that leads to very
low losses while the agent remains in that environment. As
the rate of environmental transition increases, faster learn-
ing is required to speed up convergence in order to exploit
the (comparatively shorter) stays in each environment. Fi-
nally, as the environmental transition becomes too fast, the
agents opt for slower or even no learning, which keeps them
near the middle of the two environments, ensuring that the
average loss of the two environments is minimal (Fig. 3d).

The form of the evolved learning rule depends on
the task: Decision vs. Prediction
The plasticity parameters θ = (θ1, . . . , θ8) for the reward-
prediction task converge on approximately the same point,
regardless of the environmental parameters (Fig. 4a). In par-
ticular, θ3 → 1, θ5 → −1, θi → 0 for all other i, and thus
the learning rule converges to:

∆Wt = ηp[θ3XtRt + θ5Xtyt] ≈ ηpXt(Rt − yt). (2)

Since by definition yt = g(WtX
T
t ) = WtX

T
t (g(x) = x in

this experiment) and Rt = W cXT
t + ξ we get:

∆Wt = ηpXt(W
c −Wt)X

T
t + ηpξX

T
t . (3)

Thus the distribution of ∆Wt converges to a distribution
with mean 0 and variance depending on ηp and σ and W
converges to W c. So this learning rule will match the agent’s
weight vector with the vector of ingredient values in the en-
vironment.

We examine the robustness of the learning rule the EA
discovers by considering a slight modification of our task.
Instead of predicting the expected food value, the agent
now needs to decide whether to eat the presented food or
not. This is done by introducing a step-function nonlinearity
(g(x) = 1 if x ≥ 1 and 0 otherwise). Then the output y(t)

is computed as:

yt =

{
1, if WtX

T
t ≥ 0,

0, if WtX
T
t < 0.

(4)

Instead of the MSE loss between prediction and actual value,
the fitness of the agent is now defined as the sum of the food
values it chose to consume (by giving yt = 1). Besides these
two changes, the setup of the experiments remains exactly
the same.

The qualitative relation between ηp and parameters of en-
vironment de, σ and ptr is preserved in the changed exper-
iment. However, the resulting learning rule is significantly
different (Fig. 4). The evolution converges to the following
learning rule:

∆Wt =

{
ηpXt[θ3Rt + θ7], yt = 0,

ηpXt[(θ1 + θ3)Rt + (θ5 + θ7)], yt = 1.
(5)

In both cases, the rule has the form ∆Wt = ηpXt[αyRt +
βy]. Thus, the ∆Wt is positive or negative depending on
whether the reward Rt is above or below a threshold (γ =
−βy/αy) that depends on the output decision of the network
(yt = 0 or 1).

Both learning rules have a clear Hebbian form (coordina-
tion of pre- and post-synaptic activity) and use the incom-
ing reward signal as a threshold. These similarities indicate
some common organizing principles of reward-modulated
learning rules, but their significant differences highlight the
sensitivity of the optimization process to task details.

The learning rate of embodied agents depends on
environmental variability
We now turn to the moving embodied agents in the 2D envi-
ronment. To optimize these agents, both the motor network’s
connections and the sensory network’s plasticity parameters
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Figure 5: a. The trajectory of an agent (blue line) in the 2D environment. A well-trained agent will approach and consume food
with positive values (green dots) and avoid negative food (red dots). b. The learning rate of the plastic sensory network etap
grows with the distance between environments de c. and decreases with the frequency of environmental change. d. The fitness
of an agent (measured as the total food consumed over its lifetime) increases over generations of the EA for both the scalar and
binary readouts in the sensory network. e. The Pearson correlation coefficient of an evolved agent’s weights with the ingredient
value vector of the current environment (E1 - blue, E2 - red). In this example, the agent’s weights are anti-correlated with its
environment, which is not an issue for performance since the motor network can interpret the inverted signs of food.

evolve simultaneously. Since the motor network is initially
random and the agent has to move to find food, the num-
ber of interactions an agent experiences in its lifetime can
be small, slowing down the learning. However, having the
larger motor network also has benefits for evolution because
it allows the output of the plastic network to be read out and
transformed in different ways, resulting in a broad set of so-
lutions.

The agents can solve the task effectively by evolving a
functional motor network and a plasticity rule that converges
to interpretable weights (Fig. 5a). After ∼ 100 evolution-
ary steps (Fig. 5d), the agents can learn the ingredient value
distribution using the plastic network and reliably move to-
wards foods with positive values while avoiding the ones
with negative values.

We compare the dependence of the moving and the static
agents on the parameters of the environment: de and the
state transition probability ptr. At first, in order to simplify
the experiment, we set the transition probability to 0, but
fixed the initial weights to be the average of E1 and E2,
while the real state is E2. In this experiment, the distance
between states de indicates twice the distance between the
agent’s initial weights and the optimal weights (the environ-
ment’s ingredient values) since the agent is initialized at the
mean of the two environment distributions. Same as for the
static agent, the learning rate increases with the distance de
(Fig. 5b).

Then, we examine the effect of the environmental tran-

sition probability ptr on the evolved learning rate ηp. In
order for an agent to get sufficient exposure to each envi-
ronment, we scale down the probability ptr from the equiv-
alent experiment for the static agents. We find that as the
probability of transition increases, the evolved learning rate
ηp decreases (Fig. 5c). This fits with the larger trend for
the static agent, although there is a clear difference when
it comes to the increase for very small transition probabil-
ities that were clearly identifiable in the static but not the
moving agents. This could be due to much sparser data and
possibly the insufficiently long lifetime of the moving agent
(the necessity of scaling makes direct comparisons difficult).
Nevertheless, overall we see that the associations observed
in the static agents between environmental distance de and
transition probability ptr and the evolved learning rate ηp are
largely maintained in the moving agents. Still, more data
would be needed to make any conclusive assertions about
the exact effect of these environmental parameters on the
emerging plasticity mechanisms.

Rule redundancy in the embodied agents

A crucial difference between the static and the moving
agents is the function the plasticity has to perform. While
in the static agents, the plasticity has to effectively identify
the exact value distribution of the environment in order to
produce accurate predictions, in the embodied agents, the
plasticity has to merely produce a representation of the en-
vironment that the motor network can evolve to interpret
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Figure 6: The evolved parameters of moving agents’ plasticity rule for the g(s) = x, identity (a.) and the step function (Eq. 4)
(b.) sensory networks (the environmental parameters here are de ∈ [0, 1], σ = 0 and ptr = 0.001). The step function (binary
output) network evolved a more structured plasticity rule (e.g., θ3 > 0 for all realizations) than the linear network. Moreover,
the learned weights for the identity network (c.) have higher variance and correlate significantly less with the environment’s
ingredient distribution compared to the learned weights for the thresholded network (d.)

adequately enough to make decisions about which food to
consume.

To illustrate the difference, we plot the Pearson correla-
tion coefficient between an agent’s weights and the ingredi-
ent values of the environment it is moving in (Fig. 5e). We
use the correlation instead of the MSE loss (which we used
for the static agents in Fig. 3e) because the amplitude of the
weight vector varies a lot for different agents and meaningful
conclusions cannot be drawn from the MSE loss. For many
agents, the learned weights are consistently anti-correlated
with the actual ingredient values (an example of such an
agent is shown in Fig. 5e). This means that the output of
the sensory network will have the opposite sign from the
actual food value. While in the static network, this would
lead to very bad predictions and high loss, in the foraging
task, these agents perform exactly as well as the ones where
the weights and ingredients values are positively correlated,
since the motor network can simply learn to move towards
food for which it gets a negative instead of a positive sensory
input.

This additional step of the output of the plastic network
going through the motor network before producing any be-
havior has a strong effect on the plasticity rules that the em-
bodied agents evolve. Specifically, if we look at the emerg-
ing rules the top performing agents have evolved (Fig. 6a),
it becomes clear that, unlike the very well-structured rules

of the static agents (Fig. 4a), there is now virtually no dis-
cernible pattern or structure. The difference becomes even
clearer if we look at the learned weights (at the end of a sim-
ulation) of the best-performing agents (Fig. 6c). While there
is some correlation with the environment’s ingredient value
distribution, the variance is very large, and they do not seem
to converge on the “correct” values in any way. This is to
some extent expected since, unlike the static agents where
the network’s output has to be exactly correct, driving the
evolution of rules that converge to the precise environmental
distribution, in the embodied networks, the bulk of the pro-
cessing is done by the motor network which can evolve to
interpret the scalar value of the sensory network’s output in a
variety of ways. Thus, as long as the sensory network’s plas-
ticity rule co-evolves with the motor network, any plasticity
rule that learns to produce consistent information about the
value of encountered food can potentially be selected.

To further test this assumption, we introduce a bottleneck
of information propagation between the sensory and motor
networks by using a step-function nonlinearity on the output
of the sensory network (Eq. 4). Similarly to the decision task
of the static network, the output of the sensory network now
becomes binary. This effectively reduces the flow of infor-
mation from the sensory to the motor network, forcing the
sensory network to consistently decide whether food should
be consumed (with the caveat that the motor network can

D
ow

nloaded from
 http://direct.m

it.edu/isal/proceedings-pdf/isal2023/35/22/2354869/isal_a_00606.pdf by delete U
N

IVER
SITAET TU

EBIN
G

EN
 user on 15 June 2024



still interpret the binary sign in either of two ways, either
consuming food marked with 1 or the ones marked with 0
by the sensory network). The agents perform equally well
in this variation of the task as before (Fig. 5d), but now, the
evolved plasticity rules seem to be more structured (Fig. 6b).
Moreover, the variance of the learned weights in the best-
performing agents is significantly reduced (Fig. 6d), which
indicates that the bottleneck in the sensory network is in-
creasing selection pressure for rules that learn the environ-
ment’s food distribution accurately.

Discussion
We find that different sources of variability have a strong
impact on the extent to which evolving agents will develop
neuronal plasticity mechanisms for adapting to their envi-
ronment. A diverse environment, a reliable sensory system,
and a rate of environmental change that is neither too large
nor too small are necessary conditions for an agent to be able
to effectively adapt via synaptic plasticity. Additionally, we
find that minor variations of the task an agent has to solve
or the parametrization of the network can give rise to signif-
icantly different plasticity rules.

Our results partially extend to embodied artificial agents
performing a foraging task. We show that environmental
variability also pushes the development of plasticity in such
agents. Still, in contrast to the static agents, we find that
the interaction of a static motor network with a plastic sen-
sory network gives rise to a much greater variety of well-
functioning learning rules. We propose a potential cause of
this degeneracy; as the relatively complex motor network is
allowed to read out and process the outputs from the plas-
tic network, any consistent information coming out of these
outputs can be potentially interpreted in a behaviorally use-
ful way. Reducing the information the motor network can
extract from the sensory system significantly limits learning
rule variability.

Our findings on the effect of environmental variability
concur with the findings of previous studies (Lange and
Sprekeler, 2020) that have identified the constraints that en-
vironmental variability places on the evolutionary viability
of learning behaviors. We extend these findings in a mech-
anistic model which uses a biologically plausible learning
mechanism (synaptic plasticity). We show how a simple
evolutionary algorithm can optimize the different parame-
ters of a simple reward-modulated plasticity rule for solv-
ing simple prediction and decision tasks. Reward-modulated
plasticity has been extensively studied as a plausible mecha-
nism for credit assignment in the brain (Florian, 2007; Baras
and Meir, 2007; Legenstein et al., 2008) and has found sev-
eral applications in artificial intelligence and robotics tasks
(Burms et al., 2015; Bing et al., 2019). Here, we demon-
strate how such rules can be very well-tuned to take into
account different environmental parameters and produce op-
timal behavior in simple systems.

Additionally, we demonstrate how the co-evolution of
plasticity and static functional connectivity in different sub-
networks fundamentally changes the evolutionary pressures
on the resulting plasticity rules, allowing for greater di-
versity in the form of the learning rule and the resulting
learned connectivity. Several studies have demonstrated
how, in biological networks, synaptic plasticity heavily in-
teracts with (Butz et al., 2014; Stampanoni Bassi et al., 2019;
Bernáez Timón et al., 2022) and is driven by network topol-
ogy (Giannakakis et al., 2023). Moreover, it has been re-
cently demonstrated that biological plasticity mechanisms
are highly redundant in the sense that any observed neural
connectivity or recorded activity can be achieved with a va-
riety of distinct, unrelated learning rules (Ramesh, 2023).
This observed redundancy of learning rules in biological set-
tings complements our results and suggests that the function
of plasticity rules cannot be studied independently of the
connectivity and topology of the networks they are acting
on.

The optimization of functional plasticity in neural net-
works is a promising research direction both as a means to
understand biological learning processes and as a tool for
building more autonomous artificial systems. Our results
suggest that reward-modulated plasticity is highly adaptable
to different environments and can be incorporated into larger
systems that solve complex tasks.

Future work

This work studies a simplified toy model of neural network
learning in stochastic environments. Future work could be
built on this basic framework to examine more complex re-
ward distributions and sources of environmental variabil-
ity. Moreover, a greater degree of biological realism could
be added by studying more plausible network architectures
(possibly derived from connectomics data) and more sophis-
ticated plasticity rule parametrizations.

Additionally, our foraging simulations were constrained
by limited computational resources and were far from ex-
haustive. Further experiments can investigate environments
with different constraints, food distributions, and multiple
seasons as well as the inclusion of plasticity on the motor
parts of the artificial organisms.
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Network bottlenecks and task structure control the evolution of interpretable learning
rules in a foraging agent
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Developing reliable mechanisms for continuous local learning is a central challenge faced by bi-
ological and artificial systems. Yet, how the environmental factors and structural constraints on
the learning network influence the optimal plasticity mechanisms remains obscure even for simple
settings. To elucidate these dependencies, we study meta-learning via evolutionary optimization of
simple reward-modulated plasticity rules in embodied agents solving a foraging task. We show that
unconstrained meta-learning leads to the emergence of diverse plasticity rules. However, regulariza-
tion and bottlenecks to the model help reduce this variability, resulting in interpretable rules. Our
findings indicate that the meta-learning of plasticity rules is very sensitive to various parameters,
with this sensitivity possibly reflected in the learning rules found in biological networks. When
included in models, these dependencies can be used to discover potential objective functions and
details of biological learning via comparisons with experimental observations.

I. INTRODUCTION

A hallmark of living organisms is their ability to adapt
to their environment and assimilate new information to
modify their behaviour. It is unclear how the ability
to learn first evolved [1], yet their advantages are clear.
Natural environments are too complex for all the neces-
sary information to be encoded genetically [2] and more
importantly, they keep changing during an organism’s
lifetime in ways that cannot be anticipated [3, 4]. The
capacity to learn is so beneficial in evolutionary terms
that most organisms accept high costs, such as increased
energy consumption [5] and the need for lengthy nurtur-
ing periods [6] in order to maintain an ability to learn
throughout their lifetimes.

The most prominent mechanism by which learning
occurs in biological organisms is via changes to the
strengths of synaptic connections between neurons [7–
9]. Synaptic plasticity is observed across a wide variety
of organisms and remains active throughout most organ-
isms’ lifetimes [10]. Starting from the early days of com-
putational neuroscience [11, 12], many experimental and
theoretical studies have focused on identifying the basic
principles of synaptic modification and developing sim-
plified models of these processes [13–16].

Using an automated discovery of optimal plasticity
rules for solving particular tasks, meta-learning of plas-
ticity, can be successfully applied for training artificial
neural networks. There the advantage of plasticity lies
in its time-continuous nature (compatible with life-long
learning) and its local nature [17–19]. Often this meta-
learning is implemented using evolutionary computations
[20–22]. Several applications following this approach
can compete with state-of-the-art machine learning al-
gorithms on various complex tasks [23–25].

The meta-learning of synaptic plasticity rules in arti-
ficial networks is a promising approach for investigating
the functions of synaptic plasticity in biological networks.
Experimental measurements of synaptic plasticity can

correlate the impact that pre- and post-synaptic activity
have on the synaptic strength but can rarely identify the
objective function that the learning process is optimising
for or the exact impact different plasticity parameters
have on the learning task [26]. Optimizing learning rules
in artificial networks can help uncover the functions of
different plasticity forms in biological networks [27–32].

Still, most of the meta-learning studies focus on the
inference of the optimal rules for minimising specific ob-
jective functions while ignoring other biophysical con-
straints that may influence the learning process. In par-
ticular, while it has been shown that network structure
[33] can excerpt a strong effect on the performance of
synaptic plasticity and that multiple compensatory pro-
cesses heavily interact with classical plasticity mecha-
nisms is biological systems [34], such factors are rarely
considered in meta-learning studies of plasticity. Addi-
tionally, a recent study [35] has demonstrated that meta-
learning can uncover diverse families of plasticity rules
leading to identical learning outcomes. While this find-
ing encourages a more holistic understanding of plasticity
that focuses on shared learning outcomes, rather than in-
dividual rules, it nevertheless raises the need for methods
to classify and assess learning rules in different settings.

Here, extending previous work [36], we model embod-
ied agents equipped with plastic sensory networks that
learn about the agents environment during a foraging
task. We study the effect that different structural fea-
tures of the network and parameters of the evolutionary
process have on the form of evolved functional reward-
modulated plasticity rules. We find that the apparent
redundancy of evolved learning rules can be significantly
reduced by the introduction of simple regularization tech-
niques and information bottlenecks. We further find that
small changes in the plastic network’s structure (such
as changes in the activation function of a neuron or the
method of weight normalization) can have a significant
effect on the form of the meta-learned plasticity rules. Fi-
nally, we separate the plastic sensory networks from the
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moving agents and we attempt to re-create the plasticity
rules that co-evolved with the agents motor networks.
We find that different assumptions about the function
of the motor networks as well as the function that the
plasticity performs in the embodied system can lead to
the emergence of distinct rules in the static sensory net-
works. We argue that such effects can enable us to infer
important facts about the objective functions and learn-
ing processes of biological learning systems.

II. METHODS

Our model consists of an environment with food par-
ticles of different values and agents that can sense the
nearest food to them and decide what to eat. To this
end, the agent must move to the target food using its
motors and the motor network that controls them. The
sensory system of the agents can learn using synaptic
plasticity, which is encoded genetically and evolves to-
gether with the agent’s motor network. In the following,
we describe the parts of the model in more detail.

A. Environment

A number of food particles (usually 100, unless other-
wise specified) are randomly placed in a 300 × 300, 2D
space with periodic boundary conditions. Each food par-
ticle consists of various amounts of N ingredients with
positive (food) or negative (poison) values. The value of
a food particle is a weighted sum of its ingredients. To
predict the reward value of a given resource, the agent
must learn the values of these ingredients by interacting
with the environment.

The values of the N ingredients W c = {W c
1 , . . . ,W

c
N},

with W c
i = −1 + 2(i−1)

N−1 , i = 1, . . . , N are equally spaced
between -1 and 1. Each food particle is encoded as an
N -dimensional vector Xt = (x1, . . . , xN ) is presented,
where the value xi, i ∈ {1, . . . , N} represents the quan-
tity of the ingredient i. The value of the food particle is
W cXT =

∑
i W

c
i · xi. We draw xi independently form a

uniform distribution on the [0, 1] interval (xi ∼ U(0, 1)).
Each time a food particle is eaten, it is re-spawned with
the same value somewhere randomly on the grid (follow-
ing the setup of [37]). This re-spawning algorithm guar-
antees that even if the agents have already evolved to
eat only non-poisonous food, the mean of the food value
distribution in the environment remains ≈ 0.

B. Agent

The agent (Fig. 1a) consists of a motor network, which
controls their movement across the 2D space and a plas-
tic sensory network that learns the values of different in-
gredients via synaptic plasticity and provides the agent

with information about the value (food or poison) of the
nearest food (Fig. 1b).

1. Motor network

An agent’s motor network is not plastic but trained
via evolution across generations and remains constant
throughout an agent’s lifetime. The motor network con-
sists of 4 layers. An input layer with sensors that provide
the agents with information such as the distance from the
nearest food, the angle between the current velocity and
the nearest food direction, its own velocity, and its own
energy level (sum of consumed food values). Finally, one
of the sensors is connected to the plastic sensory net-
work, which provides the agent with an estimation of the
nearest food’s value. Two hidden layers (of 30 and 15
neurons with tanh activation) process these inputs. The
network’s outputs are the angular and linear acceleration
of the agent.

2. Sensory network

The sensory network consists of N sensory neurons
(one for each type of the ingredients, loosely resembling
the olfactory system of drosophila melanogaster [38, 39] )
that are projecting to a single post-synaptic neuron sig-
nalling the food value to the motor network. At each
time step, an input Xt = (x1, . . . , xN ), representing the
nearest food to the agents, is given. The postsynaptic
neuron outputs an assessment of the food Xt value as
yt = g(WtX

T
t ). Throughout the paper, g will be either

the identity function, in which case the prediction neu-
ron is linear, or a step-function; however, it could be any
other nonlinearity, such as a sigmoid or ReLU. When
a food particle is consumed, the agent receives the real
value of the input Rt = W cXT

t as feedback for learning.
Once an agent consumes a food particle, the input Xt,
output yt and feedback Rt are used by the plasticity rule
to update the sensory weights Wt+1 ←Wt +∆Wt where
∆Wt = F (Xt, yt, Rt).

C. Plasticity rule parametrization

Reward-modulated plasticity is one of the most
promising explanations for biological credit assignment
[40]. In our network, the plasticity rule that updates the
weights of the sensor network is a reward-modulated rule
which is parameterized as a linear combination of the
input, the output, and the reward at each time step:

∆Wt = F (Xt, yt, Rt) = ηp[Rt·
Reward Modulated︷ ︸︸ ︷

(θ1Xtyt + θ2yt + θ3Xt + θ4)

+ (θ5Xtyt + θ6yt + θ7Xt + θ8)︸ ︷︷ ︸
Hebbian

]. (1)
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FIG. 1. Structure of the neural network controlling the embodied foraging agent. a. A diagram of the network controlling the
foraging agent. The sensor layer receives inputs at each time step (the ingredients of the nearest food). The output of that
network is given as input to the motor network, along with the distance d and angle α to the nearest food, the current velocity
v, and energy E of the agent. These signals are processed through two hidden layers to the final output of motor commands as
the linear and angular acceleration of the agent b. Details of the sensory network. The sensor layer receives inputs representing
the quantity of each ingredient of the nearest food at each time step. The agent outputs its assessment of the food’s value yt,
and when a food particle is consumed it receives the true value Rt as feedback; it finally uses this information to update the
weight matrix according to the plasticity rule.

Additionally, after each plasticity step, the weights are
normalized to maintain a constant sum, an important
step for the stabilization of Hebbian-like plasticity rules
[34]. Unless specified otherwise, the normalization hap-
pens via mean subtraction.

We use a genetic algorithm to optimize the learning
rate ηp and amplitudes of different terms θ = (θ1, . . . , θ8).
The successful plasticity rule after many food presenta-
tions must converge to a weight vector that predicts the
correct food values (or allows the agent to correctly de-
cide whether to eat a food or avoid it).

To have comparable results, we divide θ = (θ1, . . . , θ8)
by θmax = maxk |θk|. So that θ/θmax = θnorm ∈ [−1, 1]8.
We then multiply the learning rate ηp with θmax to main-
tain the rule’s evolved form unchanged, ηnormp = ηp ·θmax.
In the following, we always use normalized ηp and θ, omit-
ting norm.

D. Evolutionary algorithm

To evolve the plasticity rule and the moving agents’
motor networks, we use a simple genetic algorithm with
elitism [41]. Each agent is initialized in a separate in-
stance of the 2D environment. The agents’ evolvable pa-
rameters (motor weights and plasticity parameters) are

initialized at random (drawn from a Gaussian distribu-
tion), then the sensory network is trained by the plastic-
ity rule and after 5000 time steps the agent is evaluated.
The energy of an agent at the beginning of its lifetime
is initialized to be positive (E0 = 2) but if the agent’s
energy becomes negative during its lifetime (due to eat-
ing too many negative food particles), the agent can no
longer move. The fitness of an agent is its energy at the
end of its lifetime, given as the sum of the values of the
foods it consumed:

E =
∑

t∈Teat

Rt (2)

where Teat are the timesteps where the agents consumed a
food particle. After each generation, the best-performing
agents (top 10 % of the population size) are selected and
copied into the next generation. The remaining 90 %
of the generation is repopulated with mutated copies of
the best-performing agents. We mutate agents by adding
independent Gaussian noise (σ = 0.1) to its parameters.
Unless specified otherwise, we train a population of 100
agents for 250 generations.
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E. Curriculum

The task of evolving the motor network weights and
plasticity rule from scratch is very hard. To assist the
evolutionary process of the moving agents, we developed
a curriculum that progressively initializes the agents’ sen-
sory networks farther from the ground truth, making
correct plasticity rule more and more essential to distin-
guish eatable from poisonous food particles rapidly. To
do so, we add a normally distributed noise (N (0, σ)) to
the ground truth values with the progressively increas-
ing variance per curriculum σ ∈ {0, 1, 2, 3, 4, 5}. The
populations train within each curriculum for 250 gener-
ations before moving to the next curriculum step. All
results presented are from populations trained until the
final curriculum step.

III. SUMMMARY OF PREVIOUS RESULTS

In previous work [36], we studied the effect of different
factors (environmental fluctuations, reliability of sensory
input, and task complexity) on the evolved learning rate
and form of reward-modulated plasticity rules. In par-
ticular, we investigated the speed at which agents need
to learn about their environment (i.e., learning rate).
Here, we extend that study by focusing on the impact
of network and task parameters on the resulting plastic-
ity rules.

IV. RESULTS

A. The agents evolve to solve the foraging task

We begin by evolving 20 populations of 100 agents with
a linear sensory readout (g(x) = x). At each step of the
curriculum, the agents evolve a functional motor network
and a plasticity rule for the sensory network. The con-
verged sensory weights allow the agent’s motor network
to adequately interpret the quality of food, enabling it to
effectively approach food particles with positive values
while avoiding the ones with negative values (Fig. 2a).

We see that after ∼ 100 evolutionary steps (Fig. 2b),
the agents reach a stable high fitness (> 250). To put
this value into context, we train 5 populations of ”Ora-
cle” agents without a plastic sensory network, who are
given the real values of nearby foods as direct input.
These populations of agents reach a maximum fitness of
383 ± 37 at the end of their training. Thus, the plas-
tic agents’ fitness is about as good as they could possi-
bly get. This effectively means that the best-performing
agents can accurately navigate and rapidly learn the cor-
rect ingredient values via their plastic sensory networks
and subsequently only consume foods with positive val-
ues.

The weights of the best-performing agent’s sensory net-
works subject to synaptic plasticity converge to the val-

ues strongly correlated (Pearson correlation coefficient
of 0.92 ± 0.09) but not identical to the correct ingredi-
ent values (Fig. 2c). Thus, the evolutionary algorithm
produces learning rules that can reliably learn a rough
approximation of the real distribution of ingredient val-
ues, enabling the motor network to decide which food
particles the agent should consume.

B. Redundancy in the plasticity rules and its
diminution by the information bottleneck

Once the evolution has converged, we look at the
evolved plasticity parameters θ = (θ1, . . . , θ8) of the best-
performing agents of each population (Fig. 2d). We ob-
serve that despite the fact that all the rules seem to
be converging to similar sensory weights (Fig. 2c), the
plasticity parameters are quite different between differ-
ent rules and effectively present no visible pattern. Such
redundancy of plasticity rules has been observed in pre-
vious studies [35] of meta-learning.
We hypothesize that the redundancy of learning rules

is due to the superfluous information the sensory network
passes on to the motor network. For good task perfor-
mance, the motor network only needs to know whether to
approach or avoid a food particle (depending on whether
its value is positive or negative). Since the output of the
sensory network is a scalar value, any learning rule which
produces output that allows the network to distinguish
between positive and negative foods will perform equally
well.
To test this hypothesis, we introduce a bottleneck of

information propagation between the sensory and mo-
tor networks by using a step-function nonlinearity on the
output of the sensory network:

g(x) =

{
1, if x ≥ 0,

−1, if x < 0.
(3)

After convergence, we observe that despite the variabil-
ity of the resulting learning rules being high, a general
pattern begins to emerge in the form of the rules. Specifi-
cally, the third parameter θ3, is consistently positive and
close to 1(Fig. 2e). This means that the term Rt · Xt,
which correlates the presence or absence of ingredients
with positive/negative rewards becomes prominent in the
rule, indicating some form of Hebbian-like learning.

C. The information bottleneck improves
performance and generalizability

We compare the performance of scalar and binary sen-
sory readout agents in multiple realisations of the 2D
environment. In both cases, we observe a high level of
variability in the resulting finesses. This variability is
in part due to the fact that depending on the sequence
of food particles an agent encounters early on during its
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FIG. 2. Diverse learning rules lead to high performance in the foraging task a. The trajectory of an agent (grey line) in the
2D environment. A well-trained agent will approach and consume food with positive values (green dots) and avoid negative food
(red dots). The × signs denote the locations of food particles consumed by the agent b. The fitness of the best performing agent
from 5 evolving populations (Eq. 2) increases over generations of the evolutionary algorithm. The dotted gray line indicates the
maximum fitness of the ”Oracle” non-plastic agents who are given the correct food values as input c. The learned weights of the
sensory network (blue dots) correlate strongly with the actual ingredient values (Pearson cc of 0.92± 0.09). d, e. The evolved
plasticity rules across 20 runs for agents with scalar/binary readout, respectively.

lifetime, an agent can either learn the ingredient value
distribution, which will lead to a relatively high fitness or
encounter too many negative foods and remain stagnant
during its lifetime (due to the energy constraint), which
leads to a fitness of ≈ 0 (Fig. 3b, d). This risk of an agent
encountering too many negative foods at the beginning of
its lifetime means that even very well-performing agents
will fail for a small fraction of environment initializations.
Nevertheless, despite the high variability, we observe a
significantly higher average fitness among the agents with
binary (Fig. 3d, average fitness ⟨E⟩ = 287), compared to
the ones with scalar sensory readouts (Fig. 3b, average

fitness ⟨E⟩ = 137), suggesting that the information bot-
tleneck helps with task performance.

We then examine how well the evolved rules can gener-
alize between different motor networks. We swap the sen-
sory and motor networks of different evolved agents and
test the fitness of the resulting mixed agents (Fig. 3a).
We observe a statistically significant reduction (pvalue =
0.00087) in the average fitness (Fig. 3c) of agents re-
combined in this way compared to agents with co-evolved
sensory and motor networks in the case of scalar sensory
readouts (here and later we use paired t-test comparing
the mean fitness across 100 environment realizations for
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FIG. 3. Agents with binary sensory readouts perform and generalize better than those with scalar readouts. a, b. The histogram
of fitnesses of the top-ranking agent in each of the 20 runs over 100 independent environment realizations for scalar/binary
networks times, respectively. c. Schematic of swapping networks: Motor and sensor networks are swapped between the fittest
agents from each run. d, e. The swapped networks’ fitnesses plotted against the mean fitness of the original configurations for
the scalar/binary networks, respectively. The mean fitnesses for the swapped agents were significantly different (paired two-sided
t-test) for the networks with a scalar readout (pvalue = 0.00087) but not for the ones with a binary readout (pvalue = 0.1457).

each tested agent against the mean fitness of the swapped
agents with the same motor network - mean across 100
environments for each swapped agenda and 19 different
swapped versions - that is approximately Gaussian). This
suggests that the motor network evolves to interpret the
specific output of a given learning rule, and thus, the
differences between the converged sensory weights of dif-
ferent rules (Fig. 2c) make a significant difference in the
resulting sensory readout. On the contrary, in the case
of binary readouts (Fig. 3f), the average fitness remains
the same, i.e. agents perform equally well with learning
rules that co-evolved with the motor networks of differ-
ent agents (pvalue = 0.1457). Thus, adding the informa-
tion bottleneck in the sensory network, not only improves
performance, but it makes the agents much more gener-
alizable and enables modular evolution

D. Regularization of the plasticity parameters
leads to interpretable rules

We now test how the regularization of the plasticity
rules decreases the outcome’s variability. To this end, we
regularize the plasticity parameters θ = {θ1, . . . , θ8} us-
ing an L1 norm, implemented as a weight decay of these

parameters after each generation: θi ← θi − κ · sign(θi),
where κ is a weight-decay velocity taken in further ex-
periments to be κ = 0.05. We evolve agents with the
scalar and binary versions of the sensory network, and we
observe that evolved plasticity rules show minimal rule
patterns, different between binary and scalar networks
(Fig. 4c, e).
In the case of agents with a scalar sensory readout,

the plasticity parameters θ = (θ1, . . . , θ8) converge on
approximately the same point for most of the evolved
agents (Fig. 4c). In particular, θ3 → 1, θ5 → −1, θi → 0
for all other i, and thus the learning rule converges to:

∆Wt = ηp[θ3XtRt + θ5Xtyt] ≈ ηpXt(Rt − yt). (4)

Since by definition g(x) = x in this experiment, thus
yt = g(WtX

T
t ) = WtX

T
t and Rt = W cXT

t . For the
weight update we get:

∆Wt = ηpXt(W
c −Wt)X

T
t (5)

Thus, ∆Wt → 0 as W → W c, and consequently, this
learning rule will match the agent’s weight vector with
the vector of ingredient values in the environment. We
further observe a slight increase in the scalar agent’s av-
erage fitness (Fig. 4a), compare first and second violins).
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Finally, we note that when mixing different scalar agent’s
sensory and motor networks, as in the previous section,
the same reduction in the resulting fitness we observed
for non-normalized rules persists. This suggests that de-
spite the overall pattern being the same, differences be-
tween learning rules are still significant enough to require
specialization of the motor networks for particular rules.

In the case of a binary readout, we see that all param-
eters converge to ≈ 0 except for θ3 that converges to 1
(Fig. 4e). This leads to a learning rule of the form:

∆Wt = ηpθ3Xt ·Rt ≈ ηpRt · (x1, . . . , xn) (6)

This rule clearly does not depend on the network’s sen-
sory weights Wt and thus has no fixed points. Still, we
see that the rule creates a Hebbian-like learning process:
if a wi > 0 and the reward is positive Rt > 0, then the ab-
solute value of wi would increase; the same if wi < 0 and

Rt < 0, then the absolute value of wi would also increase.
Thus the rule strengthens the weights that are positively
correlated with positive rewards (and also increases the
absolute value of the weights negatively correlated with
negative rewards) Overall, the learning rule leads to a
sensory output yt that is highly correlated with the sign
of the reward Rt but develops weights with diverging ab-
solute values.

For the binary sensory readouts, similar to the ex-
periment in the previous section, swapping motor and
sensory networks of different agents does not lead to
a significant reduction in fitness, which indicates that
binary readout networks maintain their generalizability
and modularity under regularization of the plasticity pa-
rameters.
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E. The method of weight normalization impacts
the evolved learning rule

Most studies of Hebbian-like plasticity include a weight
normalization mechanism that is necessary for stabiliz-
ing the learning dynamics over time [34, 42]. However, a
particular form of normalization can be essential for the
learning outcome. As we have established in the previous
sections, introducing an information bottleneck between
the sensory and motor networks leads to superior per-
formance and generalizability. Still, we showed that the
resulting learning rule generates divergent weights. We
hypothesize that this can be changed by adjusting the
weight normalization.

So far, for normalizing the weights, we have used a
mean subtraction after each plasticity step [43, 44], which
maintains the mean weight at 0:

Wt = Wt−1 +∆Wt

Wt ←Wt − ⟨Wt⟩
(7)

However, it is just one option out of a wide range of mech-
anisms for normalizing synaptic weights that have been
proposed in neuroscientific and AI studies [45]. More-
over, some normalization mechanisms have been shown
to have a significant effect on the performance of Hebbian
learning [46]. To examine how the choice of weight nor-
malization mechanisms may affect the evolution of the
learning rule, we repeated the experiments described in
the previous section for both network settings (scalar and
binary) using a divisive normalization. This mechanism
maintains the sum of the absolute values of the weights
constant and equal to a given target Sg which is set to
Sg = 3 for all the experiments:

Wt = Wt−1 +∆Wt

Wt ←Wt ·
Sg∑N

i=1 |wi(t)|
,

(8)

Using this weight normalization mechanism after each
plasticity step, we evolve 20 populations each, for both
scalar and binary sensory networks. We see that the net-
works with a scalar sensory readout converge to a differ-
ent learning rule (Fig. 4d) than the equivalent networks
with subtractive normalization (Fig. 4c). Specifically, we
see that instead of θ5 → −1 and θ6 → 0, under the divi-
sive normalization θ5 → 0 and θ6 < 0, which makes the
learning rule to take the form:

∆Wt = ηp[θ1XtRt + θ6yt] (9)

where θ1 ≈ 1 and θ6 < 0 . In combination with the
divisive normalization, this rule converges to a close ap-
proximation of the correct ingredient distribution W c.

The trained agents maintain a similar fitness to previ-
ous experiments (Fig. 4b), and as expected from networks
with scalar sensory readouts, the performance declines
significantly (pvalue = 0.0003, paired two-sided t-test)

when we test agents with motor and sensory networks
that did not co-evolve.
The networks with a binary sensory readout evolve a

learning rule similar to all other binary readout networks
(i.e. most parameters converge to the vicinity of 0 except
for θ3 → 1). A small but significant difference between
the networks that evolved with divisive normalization
and those that evolved with subtractive normalization
is that the former evolves a parameter θ6 < 0 (Fig. 4f).
The same pattern is observed much more prominently for
networks with a scalar readout (Fig. 4d), which suggests
that a negative θ6 parameter is important for networks
with divisive normalization.
The divisive normalization successfully constrains the

learned weights to be rather small (in contrast to other
binary networks whose plasticity converges to very large
sensory weights), and this does not seem to affect their
fitness that remains relatively high (Fig. 4a). Also, as
with the other binary readout networks, swapping motor
and sensory networks between different agents does not
lead to a significant reduction in performance (pvalue =
0.067, paired two-sided t-test).

F. Trainable nonlinearity on the sensory readout

We now assess the impact the nonlinearity of the sen-
sory network has on the evolved learning rule. To test
this, we allow the steepness of the nonlinearity to evolve
by setting:

g(x, α) =
2

1 + e−α·x − 1 (10)

and making α an evolvable parameter. For small values
of α the function becomes effectively linear, while for
large values α→∞ it becomes a step function.
We evolve 40 populations of agents with the trainable

sigmoid nonlinearity on the sensory network, half with
subtractive and half with divisive weight normalization.
For both types of normalization, we observe that in most
cases, the resulting learning rules look similar to the ones
evolved for the networks with a binary readout (Fig. 5a,
b). Still, the two cases are visibly different in terms of the
steepness of the evolved sigmoid functions. The divisive
normalization evolves higher α (and consequently steeper
nonlinearities), while the networks with subtractive nor-
malization evolve relatively steep sigmoids (Fig. 5c), but
much more diverse than the ones with divisive normal-
ization (Fig. 5d).
In terms of fitness, both network types perform simi-

larly (Fig. 5e), but when testing agents with motor and
sensory networks that did not evolve together (Fig. 5f),
the networks with subtractive normalization show a sig-
nificant (pvalue = 0.00098) difference in performance,
while for the ones with divisive normalization, the perfor-
mance remains largely unchanged (pvalue = 0.267). We
hypothesize this is due to the motor network adjusting to
the specific slope of the sigmoid nonlinearity of its own
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FIG. 5. Trainable readout nonlinearity leads to different rules depending on weight normalization. a. The evolved plasticity
rules across 20 runs for agents with trainable sigmoid sensory network outputs and subtractive weight normalization. b. The
sigmoid nonlinearities evolve a range of different slopes for subtractive normalization. c. The evolved plasticity rules with
divisive weight normalization are similar to the ones developed for the binary networks with fixed nonlinearity, Fig. 4. b.
The evolved sigmoid nonlinearities are still broad but steeper in networks trained with divisive normalization. e. The fitness
distribution for subtractive (-, light green) vs divisive (÷, dark green) weight normalization. f. The fitness difference between
the original and swapped agents.

sensory network (Fig. 5b,d), which makes the more di-
verse nonlinearities of the networks with subtractive nor-
malization generate some fraction of the swapped agents
that cannot perform (fitness close to 0) thus also perform
significantly worse on average.

G. Static agents: The distribution of presented
foods affects the emerging rule in static networks

To better study the convergence of plasticity rules, we
remove the motor network and leave only the sensory
network subject to the plasticity rule. For the following
experiments, we define a new static agent whose plas-
ticity rule we optimize to perform a simplified version
of the task: to decide whether a presented food particle
should be consumed or not. We use regularization (from
Section IVD) and divisive weight normalization to avoid
diverging weights. A new food particle is presented to the
sensory network each of 125 time steps, and if the output
of the network is positive yt = 1 (which we take to mean
the agent decides to consume the food particle), feedback
is given to the agent and the sensory weights are updated

according to the network’s learning rule. The network’s
fitness is assessed by the sum of the values of the foods
it consumed.
After 15 generations, the plasticity parameters con-

verge, at which point the average trained agent at the end
of its lifetime can recognize poisonous foods with > 99%
accuracy. However, the evolved parameters of plasticity
rules differ from the ones evolved in the binary-readout
moving agents with regularization and divisive normal-
ization (compare Fig. 6a and Fig. 4f). Specifically, in con-
trast to the rules from the moving agents where θ3 → 1
and θ1 → 0, in the static networks, we observe that on
average 0 < θ1, θ3 < 1. We particularly note that in
the static networks θ1 + θ3 ≈ 1. Moreover, in the static
networks, we see that θ6 → 0 in contrast to the moving
agent’s plasticity rules where on average θ6 < 0 (Fig. 6a).
We hypothesize that this discrepancy is due to the fact
that in the static networks, the plasticity step only oc-
curs when yt = 1, which effectively means the plasticity
rule becomes:

∆Wt = ηp[θ1XtRtyt + θ3XtRt]

yt=1
= ηp(θ1 + θ3)XtRt ≈ ηpXtRt (11)
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FIG. 6. The distribution of presented food values influences the evolved sensory learning rules. The evolved plasticity rules
across 20 runs for static sensory networks with binary outputs, trained with divisive normalization. a. The evolved rules when
the plasticity step happens only when the network’s readout is positive yt = 1. b. The evolved rules when the plasticity step
happens after every training step.

which is similar to the plasticity rule that evolved in the
moving agent’s sensory networks, albeit without the neg-
ative θ6 term (Fig. 4f).

To test this hypothesis, we repeat the experiment, but
now the plasticity step happens at every time step, re-
gardless of the sensory network’s output. We now observe
that the resulting learning rule is much more similar to
the equivalent rule of the moving agents (specifically, we
see that θ1 → 0, θ3 → 1 and θ1 < 0 (Fig. 6b).

This suggests that the original discrepancy between
the evolved rules of the static and moving networks was
due to the assumption of perfect accuracy in the mo-
tor network when simulating only the sensory network
(only the food particles to whom the sensory network as-
signs positive values were consumed). In reality, during a
training generation, the moving agents tend to consume
quite a few food particles to whom the sensory network
assigns a negative value (yt = −1) due to imperfections
in the motor network and environmental variability (see
the example trajectory, Fig. 2a). Thus, the fact that the
embodied agents’ motor networks make mistakes leads
to the development of a different learning rule from the
one that the agent would evolve in a simplified scenario,
where the locomotion of the agent is removed, and the
food is instead presented to it sequentially.

H. Different objective functions lead to different
evolved rules in static networks

We finally repeat the same experiment by testing static
agents with a linear readout (g(x) = x) while following
the same normalization standard as before (L1 regular-
ization, divisive weight normalization). In this exper-
iment, the readout is a scalar, and thus we train the
networks to predict a given food particle’s real value as
accurately as possible. To do so, we use the mean squared
error (MSE) between the actual value of a given food par-

ticle and the sensory network’s prediction as a training
loss for the plasticity parameters L =

∑
t(Rt − yt)

2.

We see that the resulting rule (Fig. 7a) is not matching
the equivalent rule from the moving networks (Fig. 4d),
but rather evolved the classic Hebbian form ∆Wt ≈
ηpXt(Rt−yt), associated with subtractive normalization
in the moving agents (Fig. 4a).

We hypothesize that the difference in the resulting
rules is due to the loss we use to train the static network.
In the moving agents, the way the output of the sensory
network is processed by the motor network is unclear, but
due to the nature of the task, we can relatively safely as-
sume that the only information the motor network really
uses is whether a presented food has a positive or neg-
ative value. Thus, by testing the static network on the
accuracy of its prediction of the presented food’s value,
we optimized for a different goal than the EA does for
the motor networks.

To test this assumption, we retrain the agents with a
scalar readout yt, but we assess its performance using
the same loss as in the binary networks (if yt > 0, the
presented food is consumed, and the agent’s total fitness
is the sum of all consumed foods). Thus, the plasticity
rule has access to a scalar value of the readout (unlike the
binary networks, where the yt that the plasticity sees is
always 1 or −1) but is optimized to perform a binary ver-
sion of the task; decide whether a food is to be consumed
rather than predict its value. We find that the resulting
rule in this case (Fig. 7b) is more similar to the equiva-
lent rule for the moving agents (Fig. 4d), with a strongly
negative θ6 parameter (albeit the static networks also
develop a slightly negative θ5 parameter which is absent
for the moving agents’ rules). Nevertheless, the similar-
ity suggests that the evolutionary pressure the moving
agent’s plasticity rule is under is better approximated by
the decision rather than the prediction task in the static
networks.
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V. DISCUSSION

We study the emergence of plasticity rules in simple
embodied agents that learn to perform a foraging task in
a 2D environment. We show how a simple evolutionary
algorithm can optimize the different parameters of a lin-
ear reward-modulated plasticity rule for solving sensory
tasks with sufficient accuracy for guiding the foraging
behaviour of embodied agents. Reward-modulated plas-
ticity has been extensively studied as a plausible mecha-
nism for credit assignment in the brain [40, 47, 48] and
has found several applications in artificial intelligence and
robotics tasks [23, 49]. Here, we demonstrate how such
rules can be well-tuned to take into account different
parameters and produce optimal behaviour in relatively
complex systems with multiple interacting parts.

Recent studies on meta-learning plasticity rules have
conclusively shown that identical learning outcomes can
be reached via a diverse family of distinct learning rules
[35]. Our findings suggest that learning rule redundancy
can appear even in very simple systems, such as a single-
layer feed-forward linear network. We propose a poten-
tial cause of this degeneracy in our network; as the rel-
atively complex motor network is allowed to read out
and process the outputs from the plastic network, any
consistent information coming out of these outputs can
be potentially interpreted in a behaviorally useful way.
We find that while introducing an information bottle-
neck between the sensory and motor networks can en-
force some rudimentary structure to the emerging rules,
the variability remains high. Still, the introduction of a
simple regularization scheme in the evolutionary process
[30] forces the development of minimal rules that follow
interpretable patterns and allow analytical treatment of
the learning process.

Traditionally, plasticity rules are formalized in terms
of the pre and post-synaptic activity of individual neu-
rons, despite evidence of heavy bidirectional interaction

between synaptic plasticity mechanisms, the structure
of individual neurons [50], the topology of neural net-
works [33, 51] and various compensatory mechanisms
[34]. Here, we show that small changes in the neuronal
nonlinearity of a single readout unit (linear vs step func-
tion) or the weight normalization mechanism (subtrac-
tive vs divisive) can strongly affect the evolutionary tra-
jectory of reward-modulated plasticity rules, and lead to
convergence on significantly different forms. Addition-
ally, we see that the use of different activation functions
and weight normalization schemes can impact the ability
of learning rules to generalize across networks. Increased
generalizability can potentially enable the mosaic evolu-
tion of artificial learning systems, a process that is well
documented in biological systems [52, 53] and is associ-
ated with increased specialization and complexity [54].

We finally study how abstracting the learning process
that takes place in the sensory network away from its
interaction with the motor network affects the evolved
learning rules. We find that small assumptions about im-
portant components in the learning process of the moving
agents (such as the distribution of values of the food par-
ticles the agent consumes) or the precise objective the
plasticity is optimizing for (decision vs prediction) can
have a strong effect on the resulting plasticity rules. Fol-
lowing the insights of earlier studies [27, 28, 30, 32], this
observation can be used for reverse engineering biologi-
cally observed plasticity rules and uncovering their objec-
tive function via simulation of simplified (and thus more
controlled) learning processes. In particular, comparing
the form of a learning rule observed in a complex, em-
bodied system with simplified learning rules, optimized
to solve known objective functions, can offer insights into
the function of the learning rule in the original system,
whose objective function cannot be directly known.

The optimization of functional plasticity in neural net-
works is a promising research direction both as a means
to understand biological learning processes and as a tool
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for building more autonomous artificial systems. Our re-
sults suggest that reward-modulated plasticity is highly
adaptable to different environments and can be incorpo-
rated into larger systems that solve complex tasks.
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Pyramidal neurons are characterized by a complex dendritic structure that enables connectivity
across large networks. Computations within dendritic branches augment somatic computations and
influence multiple functions, including the shaping of neuron’s orientation selectivity. However, the
influences of different aspects of dendritic architectures and specific dendritic wiring on the synaptic
plasticity mechanisms via which orientation preference emerges during development remain unclear.
Here, we study how dendritic structures can determine the emergence of specific orientation tunings
by acting as inductive biases for competitive excitatory and inhibitory Hebbian plasticity. We first
show that dendritic nonlinearities can significantly increase the robustness of plasticity to input noise.
Moreover, using simulation-based inference, we find that the shape of the dendritic nonlinearity can
effectively control the tuning width of the emerging orientation preference. Finally, we show how
differences in the synaptic distribution of E/I inputs on the dendritic tree control the stability
of learned orientation preference and the sharpness of tuning. Our findings indicate that different
features of dendritic structures can jointly regulate the emergence and form of orientation selectivity
in pyramidal neurons by influencing the learning dynamics of synaptic plasticity.

I. INTRODUCTION

Pyramidal neurons throughout the cortex are charac-
terized by an intricate morphology [1, 2] and highly non-
linear dynamics across their dendrites [3, 4], which endow
them with the ability to process complex inputs [5–7].
The dendritic structure of pyramidal neurons [8] is par-
ticularly important in this respect, since their intrinsic
dynamics [9, 10] are known to play an important role in
driving spiking activity [11, 12], controlling neural infor-
mation processing [13–16] and contributing to plasticity
[17–20]. Moreover, the dendritic trees of pyramidal neu-
rons are known to develop very differently in different
cortical areas [21–23] and specific parts of the dendritic
tree have been found to receive diverse types of feedfor-
ward and feedback input [24, 25], which they subject to
a complex nonlinear integration process [26–29].

The shape of dendritic nonlinearities [30] varies sig-
nificantly, even among the dendrites of the same neuron
[16, 31] and is crucial for efficient computations [32, 33]
and the regulation of local synaptic plasticity [34]. Ad-
ditionally, the specificity of inputs on distinct parts of
the dendritic tree [35, 36] has been linked to various as-
pects of information processing, including the tuning of
orientation-selective neurons. For example, a study of
layer 2/3 pyramidal neurons in the ferret visual cortex
[37], showed that clustering of similarly tuned inputs on
the dendritic tree was correlated with sharper tuning. A
later study on mouse V1 visual cortex [38] also found
that similar visual inputs on the dendritic tree tend to
cluster and related this finding to orientation selectivity.
Finally, a recent study [39] showed how dendritic mor-
phology and the distribution of E and I synapses on the

dendritic tree correlate with orientation tuning in mouse
V1 pyramidal neurons.

These findings create a strong case for a link between
the distribution of synapses along the dendritic tree and
the orientation tuning of the neuron. However, orienta-
tion selectivity is commonly thought to emerge via Heb-
bian synaptic plasticity [40]. Indeed, the idea that differ-
ent variations of Hebbian learning could produce orien-
tation selectivity has been known for decades [41, 42]. A
significant number of theoretical studies have focused on
proposing different protocols that account for additional
constraints such as robustness and stability [43–45], and
the inclusion of selective inhibitory neurons with plastic
connections [46–49]. Thus, a question arises about the
potential interaction between the learning and dendritic
structures. Specifically, whether and how the emergence
of orientation selectivity via Hebbian-like synaptic plas-
ticity can be affected by different dendritic structures.

The impact of dendritic dynamics on synaptic plastic-
ity has been established in several studies, showing that
dendritic action potentials can induce long-term poten-
tiation [50, 51] and demonstrating the impact of synap-
tic clustering on dendrites on memory encoding [52–54].
Moreover, theoretical studies have shown how synap-
tic plasticity rules accounting for dendritic morphology
can better capture different experimental observations
[55, 56]. Nevertheless, the impact of different active den-
dritic structures on the learning dynamics of Hebbian
rules at spatially clustered synapses has not been explic-
itly studied before.

Here, we study how the shape of dendritic nonlineari-
ties and the distribution of E/I synapses along the den-
dritic tree can effectively control the learning dynamics
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FIG. 1. A dendritic nonlinearity makes learning orientation selectivity robust to noise. (a) A diagram of the
modelled circuit. Groups of orientation-tuned excitatory and inhibitory neurons target a single postsynaptic cell with plastic
connections. The blue and red lines indicate plastic excitatory and inhibitory connections, respectively, while the black arrows
indicate fixed excitatory connections. (b) The dendritic nonlinearity is a sigmoid parametrized by its slope (α) and centre (β).
(c) The tuning of an excitatory and an inhibitory (scaled) neuron centred at π/2. Inhibitory tuning is broader. (d) Noisy
inputs lead to a collapse of the developing weight trajectories when inputs are summed linearly. (e) This lack of diversity in the
learned weights prevents the emergence of input selectivity. (f) The introduction of dendritic nonlinearities increases diversity
among the learned weights, which leads to the emergence of (g) robust orientation selectivity (here centered at π/2).

and orientation tuning developing via interacting E/I
Hebbian plasticity. We find that simple dendritic struc-
tures can significantly increase the robustness to noise of
a previously proposed plasticity protocol [49]. We show
that the steepness and threshold of the dendritic nonlin-
earity and the clustering of similar E and I inputs on the
dendritic tree control the sharpness of the learned orien-
tation preference. Our findings highlight the interdepen-
dence between neuronal structures and synaptic learning
and offer testable predictions that could guide future ex-
perimental work on the development of selectivity.

II. RESULTS

We model the development of orientation selectivity in
an abstract pyramidal neuron receiving input from mul-
tiple orientation selective subpopulations (each tuned to
a different orientation) of excitatory and inhibitory neu-
rons, Fig. 1a). The feedforward input connections to the
pyramidal neuron are plastic, following classic Hebbian
modification with additional synapse-type specific com-
petitive normalization [49] and homeostatic plasticity [57]
that maintains a constant post-synaptic firing rate.

A. The presence of dendritic nonlinearities enables
the learning of noisy inputs

The plasticity protocol with competitive normaliza-
tion, proposed by [49], relies on the input covariance
structure to create orientation selectivity via interact-
ing excitatory and inhibitory plasticity. However, as has
been previously shown [58], the presence of input noise
damages the input covariance structure and compromises
the emergence of selectivity. We begin by investigat-
ing whether the introduction of a rudimentary dendritic
structure can result in the emergence of selectivity de-
spite the presence of strong decorrelating noise.

Starting with the rate neuron model from [49], we add
a number of dendrites Fig. 1a), which we model as sig-
moid functions parametrized by their centre and slope
(Fig. 1b). Incoming E/I inputs to the neuron are ran-
domly assigned to a dendrite, and the total input to each
dendrite passes through the sigmoid nonlinearity before
being added to the somatic voltage. Additionally, to in-
crease biological realism we introduce broader inhibitory
tuning (Fig. 1c) in the input population [59] and an in-
hibitory delay [60], which makes the learning task even
more challenging.

The addition of noise in the input population decorre-
lates the co-tuned inputs, which, in the absence of den-
dritic nonlinearities, leads to a collapse of the learning dy-
namics to a single point (Fig. 1d). The lack of diversity in
the learned weights, essentially ensuring the same post-
synaptic response regardless of the tuning of the presy-
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FIG. 2. The shape of the dendritic nonlinearity controls the sharpness of the emergent tuning. a. Using
simulation-based inference, we map the slope and centre of the dendritic nonlinearity to the sharpness of the emerging tuning.
b. The posterior distribution of the nonlinearity parameters for different postsynaptic tuning widths. c. An illustration of
the postsynaptic neuron responses for neurons with the three MAP (c-e) dendritic nonlinearities. The lines illustrate response
curves with the target tuning widths σ∗ = 10o, σ∗ = 15o and, σ∗ = 20o respectively. The neuron responses match the target
tuning curves quite well. For illustration purposes, the responses have been scaled to 1 and centred at π/2. f. Sampled
nonlinearities for the three different target tuning widths. g. The distribution of the learned tuning widths for the MAP
nonlinearity of each posterior. Despite the stochastic nature of the data, different nonlinearities lead to statistically significant
differences in the resulting tuning width.

naptic inputs, effectively prevents the emergence of input
selectivity (Fig. 1e).

The introduction of dendritic nonlinearities greatly
ameliorates this effect. In particular, we notice that a
nonlinear summation of different inputs before the to-
tal input is added to the somatic voltage, significantly
increases the diversity of the learned weights (Fig. 1f),
which leads to the emergence of stable orientation se-
lectivity in the post-synaptic neuron. Specifically, af-
ter a relatively brief period of rapid change, the learned
weights settle to fixed values that follow the correlation
structure of the input population (connection weights
from similarly tuned neurons will have similar values)
which leads to the post-synaptic neuron producing con-
sistent and diverse responses to the presentation of dif-
ferent stimuli (Fig. 1g).

This result is relatively robust to the parameters of
the sigmoid nonlinearity. Specifically, we observe that
almost any sufficiently steep sigmoid will produce orien-
tation selectivity in the face of noisy input. However, we
note that steeper nonlinearities with more right-shifted
centres (higher thresholds) tend to produce more robust
and sharper orientation tuning.

B. The shape of the nonlinearity controls the
sharpness of the emerging tuning

Given that the presence of a nonlinearity generally im-
proves robustness to input noise, we turn to the question
of what impact the precise shape of the nonlinearity has
on tuning and selectivity. We quantify the tuning width
of the postsynaptic neuron by the standard deviation of
a Gaussian, fitted to the neuron’s responses to different
stimuli, and study how this tuning width is affected by
changes in the shape of the dendritic nonlinearity.
Due to the highly stochastic nature of the learning dy-

namics and neural responses, we employ a statistical ap-
proach, using simulation-based inference [61] to estimate
the impact of different sigmoid shapes on the resulting
tuning. Specifically, we wish to estimate the posterior
p(α, β|σ∗), i.e. the most likely parameters of the nonlin-
earity (centre α and slope β) that would lead to a given
tuning width σ∗ (Fig. 2a). Using a simplified form of fil-
ter SBI (fSBI) [62], we begin by sampling sigmoid param-
eters from a uniform prior and simulating the learning
trajectory of a network for each of them. Once an ade-
quate number of samples has been collected, we filter out
the ones that do not satisfy a number of metrics. Specif-
ically, we look at the weight development of the collected
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samples and filter for high weight stability (i.e no drift in
the preferred orientation), strong E/I weight co-tuning
(ensuring E and I connectivity profiles match) and high
R2 for the fitted tuning curve on the post-synaptic neu-
ron’s responses. Using the remaining samples, which give
us the likelihood p(σ∗|α, β), we estimate the posterior us-
ing a neural posterior estimator.

After this fitting process, we look at the resulting pos-
terior distributions for different target tunings of σ∗ =
10o, σ∗ = 15o and σ∗ = 20o. We observe that the distri-
butions are quite distinct (Fig. 2b), with sharper target
tuning leading to right-shifted centre and steeper slope
for the nonlinearity. In order to establish the accuracy
of the inference process, we sample from the posteriors
and verify the different tuning widths (Fig. 2c-e) of net-
works simulated with the corresponding dendritic non-
linearities (Fig. 2f). Finally, using the maximum a pos-
teriori (MAP) of each network, we simulate multiple net-
works and establish that they lead to statistically signifi-
cant differences between the resulting orientation tunings
(Fig. 2g). Our findings, suggest that the shape of the
nonlinearity can very reliably direct the learning dynam-
ics towards developing different tuning widths.

C. The distribution of E/I synapses on dendrites
affects the learning

Having shown how the presence and shape of the den-
dritic nonlinearity affect the emergence of orientation
tuning, we return to our original question of the impact
that E/I synaptic distribution across the active dendritic
tree has on the tuning.

In our model, we simulate N dendrites and N input
groups (each selective to one orientation), which allows us
to make a 1-1 mapping, nominally “assigning” a dendrite
to each input group. We define a dendritic specificity
metric SA, A ∈ {E, I}, such that SA = 1 if the neurons
of type A from each input group target exactly only their
assigned dendrite (i.e. each dendrite receives input only
from neurons selective to a specific orientation). SA = 0
if inputs target any dendrite with equal probability (this
is the case we have studied so far with SE = SI = 0) and
intermediate values indicate the likelihood that neurons
from a given group target their corresponding dendrite
preferentially compared to target any dendrite randomly
(Fig. 3a). Finally, while for excitatory inputs SE ∈ [0, 1],
we allow negative specificity for inhibitory inputs, with
SI ∈ [−1, 1]. If SI < 0 the specificity indicates that
the inhibitory inputs are less likely to target their ori-
entation’s corresponding dendrite as opposed to other
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dendrites, with SI = −1 is denoting a situation where
inhibitory inputs never target their orientation’s corre-
sponding dendrite.

We simulate networks with a fixed dendritic nonlin-
earity for different dendritic specificities in the range
SE × SI ∈ [0, 1] × [−1, 1] and measure the stability of
the learned weights as well as the resulting tuning width
of the postsynaptic neuron. We first observe that high
inhibitory specificity tends to lead to higher instabil-
ity, while SI < 0 usually leads to more stable weight
dynamics (Fig. 3b). Additionally, excitatory specificity
has virtually no impact on stability, but controls the re-
sulting orientation tuning, with higher excitatory speci-
ficity leading to sharper tuning and more random exci-
tatory targeting of dendrites leading to broader neuron
responses (Fig. 3c). This finding is in agreement with
the experimental studies linking clustering of similar in-
puts in the same parts of the dendritic tree with sharper
tuning [37, 39].

We finally, we repeat the SBI posterior estimation, fit-
ting both the nonlinearity (slope and centre) and speci-
ficity (E and I) parameters (Fig. 3d). For the nonlinear-
ity parameters, we see that the same pattern observed in
the original case (Fig. 2b) is maintained (i.e. sharper tun-
ing is associated with steeper and right-shifted sigmoids).
Additionally, we see that the excitatory specificity inter-
acts with the sigmoid shape, especially the tuning, in a
way that allows for the two parameters to compensate for
each other in order for a specific tuning width to emerge.
Finally, as expected from the grid search on the speci-
ficity parameters (Fig. 3c), we see that the inhibitory
specificity has almost no influence on the tuning, a result
that agrees with the experimental findings of [39].

III. DISCUSSION

Branched dendritic trees fundamentally allow for con-
nectivity between neurons across large networks and so
allow the brain to carry out complex computations at
scale [63]. The dendrites themselves, however, also pro-
vide a space upon which important functions can be im-
plemented at the level of a single neuron [6, 64]. Here
we have shown how nonlinear dendrites enable neurons
to robustly learn orientation preferences via competitive
Hebbian plasticity, and further how the spatial specificity
of connectivity interacts with the shape of local nonlin-
earities to control the sharpness of the learned neuronal
selectivity.

We have demonstrated this effect on an abstract model
of a visual sensory neuron, where the computational task
is relatively well-defined, but believe that the relationship
between synaptic spatial specificity and the parameters
of local nonlinearities will apply generally across different
neural circuits. The question of how neurons can form
and make use of dendritic compartments to enhance their
computational power has been investigated in a number
of other studies. Two in particular, are highly comple-

mentary to our results here. Legenstein and Maass (2011)
used experimental data on the plasticity of dendritic non-
linearities in different cell types [56, 65] and investigated
how competition between excitable branches could allow
the development of clustered effective connectivity and
solve a feature binding problem [20]. There are two ma-
jor differences between the mechanisms investigated in
this study and ours. Firstly, they take an initial case of
uniformly distributed excitatory inputs; in the current
study we consider how preferential spatial targeting, as
observed in some systems [66], might provide an induc-
tive bias that shapes learning. Secondly, they allow for
plasticity in the coupling of dendritic activity in each
compartment to the soma, effectively the magnitudes of
the dendritic nonlinearities. We rather consider the ques-
tion of how nonlinearities with different thresholds and
sensitivities, but homogeneous across the neuron, might
lead to the emergence of different orientation tunings.
Kirchner and Gjorgjieva (2021) considered a mechanis-
tic model of the emergence of synaptic organisation on
developing cortical dendrites [67] . Their study did not
focus on dendritic nonlinearities, but found that steeper
activation functions lead to spatially smaller and more
highly correlated clusters of synapses. Both of these pa-
pers imply interesting extensions to our work; by allowing
both the dendritic nonlinearity and the spatial specificity
to vary dynamically with inputs it might be possible for
single neurons to efficiently develop a range of responses
to distinct inputs and participate in multiple coding en-
sembles [68–70]

Overall, our results have demonstrated how two major
advantages allowed by spatially extended dendrites, the
separation and hierarchical filtering of inputs, interact
and enable the robust development of useful computa-
tional function.

IV. MATERIALS & METHODS

A. Neuron Model

We model a single layer 2/3 pyramidal neuron with 10
dendrites. Each dendrite sums the incoming E and I and
passes the sum through a simple nonlinear function. The
input to each dendrite d is given by:

Id =
∑

i∈SE(d)

WE
i sEi −

∑

i∈SI(d)

W I
i s

I
i − λ · v, (1)

where SE(d) and SI(d) the indices of the excitatory and
inhibitory input neurons targeting the dendrite d respec-
tively, WE

i and W I
i the connection strengths of the ith

excitatory and the ith inhibitory input neurons, sEi and
sIi the activity of the ith excitatory and the ith inhibitory
input neurons, v is the somatic voltage and λ is a small
leak constant. The dendritic inputs are summed in the
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soma, whose voltage is given by:

τ
dv

dt
= −v +

∑

d∈D

θ(Id), (2)

where τ is the membrane time constant, D is the set of
dendrites and θ(x) is the dendritic nonlinearity, given by:

θ(x) = σ(x)− σ(0) (3)

the subtraction of σ(0) ensures that θ(0) = 0, which pre-
vents violations of Dale’s law due to shifts in the nonlin-
earity. σ(x) is the sigmoid function:

σ(x) =
1

1 + eβ·(x−α)
(4)

The parameters α, β determine the slope and centre of
the function respectively and are optimized via evolution-
ary computation. Finally, the firing rate of the neuron is
given as:

r(t) = κ · [v(t)− v0]
n
+ (5)

Following [49] we set κ = 1, v0 = 0.25 and n = 2 for all
our simulations.

B. Input

The input consists of 200 excitatory and 50 inhibitory
neurons, divided in 10 groups of equal size (each contain-
ing 20 excitatory and 5 inhibitory neurons). Each group
is tuned to a specific orientation, equally spaced between
0o. and 180o.

Every 200 mS an input with orientation θstimt uniformly
drawn from the interval [0o, 1800] is presented to the neu-
ron. The response to the stimulus of the input neurons
is then given by:

FRi = Rmax · exp
[
(θstimt − θi)

2

2σ2
i

]
(6)

where Rmax is the neuron’s maximum firing rate, θi is
the neuron’s preferred orientation and σi is the neuron’s
tuning width. The inhibitory neurons follow the same
orientation preferences and activation function, but they
have a significantly broader tuning of 45o as opposed to
30o and respond to stimuli with a delay of 20 mS.

Finally, the noise of the network is quantified by ns ∈
[0, 1] and the input to the postsynaptic neuron from a
presynaptic neuron i is given by:

Inpi = (1− ns) · FRi + ns · ξu (7)

where ξu ∼ U(0, 2Rmax). This maintains a similar aver-
age input strength for different levels of noise.

C. Plasticity

We use a very simple Hebbian [71] learning rule for
both E and I synapses

∆WX
k = f(Xk, r) = ηX ·Xk · r, X ∈ {E, I} (8)

In order to stabilize the weights and promote the de-
velopment of input selectivity, we apply synapse type-
specific [49] competitive normalization of weights in the
post synaptic neuron

WX
k ←WX

k ·
WX

target∑
i W

X
i

, X ∈ {E, I} (9)

Finally, in order to maintain a stable postsynaptic fir-
ing rate across experiments, we scale the E target weight
sum WE

target as:

WE
target ← (1− ϵ) ·WE

target − ϵ ·WE
target · [r − ρ0], (10)

where ρ0 is a target firing rate and ϵ is a normalization
rate.

D. Analysis of learned connectivity and activity

We are trying to achieve the emergence of stable orien-
tation selectivity in the postsynaptic neuron. To measure
the extent to which this objective has been achieved in a
simulation, we use the following metrics:

1. Weight Instability

The learned weights need to stabilize after a period
of learning and remain more or less constant in order to
produce consistent orientation selectivity in the postsy-
naptic neuron.
We measure this by an instability metric, defined as the

standard deviation of the weights after a time point t0 at
which the plasticity would be expected to have converged:

S =
∑

k

std(WE
k (t))t>t0 +

∑

k

std(W I
k (t))t>t0 (11)

where WE
k (t) and W I

k (t) the vectors of the development
over time of the k-th excitatory and inhibitory weight
respectively.

2. E/I Weight co-tuning

In addition to have a stable feedforward connectivity,
we additionally expect a co-tuning of the E and I con-
nectivity. Specifically, the inhibitory connections should
match the excitatory connections coming from groups
with similar orientation preference.
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We quantify this with a weight balance metric, which
is measured as the Pearson correlation coefficient of the
average E and I learned weights for each input group:

B =
cov(W̄E , W̄ I)

std(W̄E) · std(W̄ I)
(12)

where W̄E and W̄ I are the average learned weights for
each E and I input group (i.e. population of neurons
with a given orientation selectivity).

3. Orientation Tuning

We measure the postsynaptic neuron’s orientation
preference by fitting the average responses to different
stimuli to a Gaussian with periodic boundaries, given
by:

R(x) = A · exp
[
(x− µ)2

2σ2

]
+R0, (13)

where A is the amplitude, µ is the mean indicating the
preferred orientation, sigma is the standard deviation,

which we use as a proxy for the tuning width and R0 is
a baseline firing rate.
The parameters (A,µ, σ,R0) are fitted to the neuron’s

average responses during the presentation of each stimuli
and the R2 of the fit is used to estimate how well the
neuron’s response function resembles a Gaussian.

E. Simulation-based inference

The SBI process for estimating the posteriors described
in sections II B and IIC was performed using the sbi
package from [61].
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Tübingen AI Center(FKZ: 01IS18039B). AL is a mem-
ber of the Machine Learning Cluster of Excellence, EXC
number 2064/1 – Project number 39072764.

[1] Ruth Benavides-Piccione, Lidia Blazquez-Llorca, Asta
Kastanauskaite, Isabel Fernaud-Espinosa, Silvia Tapia-
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Abstract

Cortical neurons are versatile and efficient coding units that develop strong preferences for

specific stimulus characteristics. The sharpness of tuning and coding efficiency is hypothe-

sized to be controlled by delicately balanced excitation and inhibition. These observations

suggest a need for detailed co-tuning of excitatory and inhibitory populations. Theoretical

studies have demonstrated that a combination of plasticity rules can lead to the emergence

of excitation/inhibition (E/I) co-tuning in neurons driven by independent, low-noise signals.

However, cortical signals are typically noisy and originate from highly recurrent networks,

generating correlations in the inputs. This raises questions about the ability of plasticity

mechanisms to self-organize co-tuned connectivity in neurons receiving noisy, correlated

inputs. Here, we study the emergence of input selectivity and weight co-tuning in a neuron

receiving input from a recurrent network via plastic feedforward connections. We demon-

strate that while strong noise levels destroy the emergence of co-tuning in the readout neu-

ron, introducing specific structures in the non-plastic pre-synaptic connectivity can re-

establish it by generating a favourable correlation structure in the population activity. We fur-

ther show that structured recurrent connectivity can impact the statistics in fully plastic recur-

rent networks, driving the formation of co-tuning in neurons that do not receive direct input

from other areas. Our findings indicate that the network dynamics created by simple, biologi-

cally plausible structural connectivity patterns can enhance the ability of synaptic plasticity

to learn input-output relationships in higher brain areas.

Author summary

Many studies of learning in biological neural networks have focused on how plausible

plasticity rules shape individual connections between neurons in a recurrent network or

in feed-forward projections. However, in the latter case, the presynaptic network proper-

ties, such as clustered connectivity, strongly influence population dynamics and, thus, the

learning process of the projections. Here, we aim to close this gap by showing how non-

plastic network structure can strongly influence the outcomes of synaptic learning. We
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show that unstructured recurrent connectivity and the presence of noise can significantly

reduce the ability of synaptic plasticity to separate presynaptic input populations and

coordinate excitatory and inhibitory connection development, while the introduction of

overlapping clustered structures in fixed or plastic recurrent connectivity can boost synap-

tic learning. Using Bayesian inference, we identify the optimal connectivity structures for

a recurrent network and demonstrate the strong effects that relatively simple connectivity

patterns can have on the ability of a network to learn via local plasticity.

Introduction

Stimulus selectivity, the ability of neurons to respond differently to distinct stimuli, is one of

the primary mechanisms for encoding information in the nervous system. This selectivity can

range from simple orientation selectivity in lower sensory areas [1–3] to more complex spatio-

temporal pattern selectivity in higher areas [4–6]. Such selectivity is shown to be self-organized

under the influence of structured input, enabling, for example, the emergence of visual orien-

tation preference in non-visual sensory areas upon rewiring [7] or changing the whiskers

representation in the barrel cortex of rats depending on the level of sensory input [8]. The

mechanisms underlying the emergence of input selectivity have been the subject of extensive

investigation, both through experimental and computational modelling studies, and still

remain under active discussion [9–13].

Despite initially attributing stimulus-selectivity to excitatory neurons and their network

structure, we now know that inhibitory neurons are also tuned to stimuli, and the coordina-

tion of the E/I currents is a central component of efficient neural computation [14, 15]. In par-

ticular, it has been shown that excitatory and inhibitory inputs are often correlated [16], with

preferred stimuli eliciting stronger excitatory and, with the small delay, stronger inhibitory

responses compared to the non-preferred stimuli [17, 18]. This co-tuning of excitation and

inhibition is theorized to be beneficial for a variety of computations such as gain control [19,

20], visual surround suppression [21, 22], novelty detection [23] and optimal spike-timing [15,

24].

Although it is still unclear how E/I co-tuning emerges, the dominant view is that it arises

via the interaction of several synaptic plasticity mechanisms [25], a hypothesis that has been

reinforced by the findings of multiple theoretical studies over the last decade. First, it has been

demonstrated that different inhibitory plasticity rules can match static excitatory connectivity

[26–29]. More recently, it was also shown that various combinations of plasticity and diverse

normalisation mechanisms allow for the simultaneous development of matching excitatory

and inhibitory connectivity in feedforward settings [12, 30–32]. Moreover, a variety of plastic-

ity mechanisms has been associated with the formation of stable assemblies [33–37], the crea-

tion of E/I balance [38] and the emergence of tuning selectivity [39] in recurrent networks.

However, so far, most of the theoretical studies of synaptic plasticity have focused on identi-

fying the optimal parameters of individual learning rules and normalization mechanisms for

specific tasks and ignore the ways in which these mechanisms act within complex network

structures that may influence their function. Specifically, biological networks are characterized

by highly non-trivial connectivity structures that are known to display varied degrees of clus-

tering and neuron type-specific connectivity patterns [40]. Such network structures give rise to

distinct neural dynamics; for example, clustering in recurrent network structure introduces

correlations in the activity of similarly tuned neurons [41] and complex interaction between

subpopulations of neurons [42]. These types of dynamics fundamentally alter the statistics of
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population activity that most synaptic plasticity mechanisms rely on for modifying synaptic

strength.

Here, we investigate how the development of matching E/I input selectivity in a down-

stream neuron via synaptic plasticity can be driven by the structure of recurrent connectivity

in the input network. We combine excitatory and inhibitory plasticity rules [26, 31, 43] in the

feedforward connections of spiking network to develop detailed co-tuning of excitatory and

inhibitory connectivity, and we demonstrate that the ability of these plasticity mechanisms to

create co-tuning is significantly reduced in the presence of noise and (non-plastic) random

recurrent connectivity between the input neurons. We further show that the effects of recur-

rence and noise on the population activity that drives the formation of matching E/I feedfor-

ward weights on a downstream neuron can be fully ameliorated by the introduction of

synapse-type specific assemblies of neurons, characterized by local excitation and relatively

homogeneous inhibition, an often-observed pattern of cortical connectivity [44, 45]. Our find-

ings demonstrate that network structure can, by influencing population dynamics, signifi-

cantly modulate the capacity of synaptic plasticity to generate input selectivity in downstream

neurons. This highlights a synergistic interaction between structural connectivity and learning

mechanisms that can enhance the computational capabilities of brain networks.

Results

We begin by reproducing previously reported results, validating the emergence of co-tuning

in a plastic feedforward network, and introducing measures to capture weight diversity and

co-tuning for subsequent analysis. Next, we show that the introduction of strong noise or a

random static recurrent connectivity in the presynaptic networks impairs the development of

co-tuning by destroying the correlation structure in the activity of the presynaptic population.

We then illustrate how specific structures in the static recurrent connectivity can restore the

ability of plastic synapses to generate co-tuning. Using analytical results from a reduced linear

neural mass model and Bayesian inference for the full network, we identify the optimal con-

nectivity structures in static networks, demonstrating that optimal connectivity is influenced

by network sparsity. Finally, we simulate fully plastic networks, confirming that our key obser-

vations hold true.

Co-tuning and its self-organization by synaptic plasticity in a low-noise

feedforward setting

We simulate a single postsynaptic read-out unit driven by a population of N = 1000 neurons.

The pre-synaptic population is divided into M groups Gi, i 2 {1, . . ., M}. Each group is com-

prised of n = N/M neurons, of which 80% are excitatory and 20% are inhibitory. These neurons

are driven by an identical, group-specific Poisson spike train—a shared external input. Addi-

tionally, each neuron receives low-intensity independent external noise [26] that prevents

unrealistic total synchrony between the input neurons. This setting, depicted in (Fig 1a), leads

to correlated firing among neurons of the same input group (Fig 1b), which is a common set-

ting for studying the effect of different plasticity rules [12, 26, 31].

Input selectivity develops when the post-synaptic neuron responds differently to inputs

from different groups (by adjusting its firing rate). This happens when the average excitatory

feedforward projections are sufficiently diverse between pre-synaptic groups (Fig 1d and 1f),

which leads to groups with stronger feedforward connections eliciting stronger post-synaptic

responses upon activation. Moreover, connections from neurons with highly correlated firing

(i.e., from the same group) should have a similar strength. To quantify this feature of the
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network, we define a diversity metric,

D ¼ 1�
1

M � StdðWEÞ

XM

i¼1

StdðWE
Gi
Þ; ð1Þ

where WE 2 RN
is the set of excitatory feedforward connection weights, WE

Gi
2 RN=M

is the

subset of excitatory feedforward connection weights from input group i and Std(�) denotes the

standard deviation. Diversity D 2 [0, 1] equals unity when the feedforward connections from

the same group are the same but differ across groups; D is close to zero when the feedforward

connections from each group follow the same distribution and different groups cannot be

meaningfully distinguished (Fig 1e and 1g).

Brain networks are characterized by a balance of excitatory and inhibitory currents [18, 46,

47]. For a neuron to be balanced, the average inhibitory current must be equal to the average

excitatory current during a (relatively short—usually a few mS) time window. Depending on

the temporal resolution of this canceling out, the balance can be more “loose” or “tight”, with

detailed (“tight”) balance associated with efficient coding [14, 15] and the ability to encode for

multiple stimuli [19] (Further discussion in S1 Text Section A). In our specific setting, due to

the highly correlated firing in each group, detailed balance can be achieved by matching the

relative strengths of the excitatory and inhibitory weights from each group.

To quantify the E/I weight co-tuning, which generates the detailed balance in our simplified

network, we use the Pearson correlation coefficient between the mean excitatory and

Fig 1. Emergence of co-tuning in a feedforward network. a. A diagram of the feedforward network with plastic connections from the different inputs group to the

readout neuron.b. The correlation matrix of the network’s activity. In the absence of noise, neurons of the same input group are highly correlated. c. The development of

average E and I weights in an ideal feedforward network with very low noise leads to co-tuned and diverse feedforward connectivity. d. An illustration of feedforward

connectivity that exhibits both co-tuning and diversity. Different input groups are clearly distinct, and the E and I weights for each group are correlated. The colours of

the distribution indicate different groups, and the shading (light to dark) is matched for the corresponding E and I populations; the points and error bars indicate the

mean and std of the E and I connectivity of each group. e. A co-tuned but not diverse connectivity. E/I weight correlation is maintained, but there is hardly any

distinction between groups f. A diverse connectivity without E/I weight co-tuning. While each group is distinct from the others, there is no coordination of the E and I

connections from the same group g. In the absence of weights co-tuning and diversity, the feedforward connectivity lacks any discernible pattern.

https://doi.org/10.1371/journal.pcbi.1012510.g001
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inhibitory weights of each group,

CTW ¼
CovðhWE

Gi; hW
I
GiÞ

StdðhWE
GiÞ � StdðhWI

GiÞ
; ð2Þ

where hWA
Gi ¼ ðhW

A
G1
i; hWA

G2
i; . . . ; hWA

Gm
iÞ, A 2 {I, E} and hWA

Gi
i is the average projection

weight from the excitatory (A = E) or inhibitory (A = I) neurons in group i, and Cov(x1, x2)

denotes the covariance of the variables x1 and x2. In networks with strong weight co-tuning

CTW, the strength of incoming E and I currents is highly correlated (Fig 1d).

We verify that high diversity (D� 1) and weight co-tuning (CTW� 1) can organically

emerge via a combination of plasticity mechanisms in the feedforward connections whose tra-

jectories are initialized at the same (small) value. Specifically, the excitatory connections follow

the triplet Hebbian STDP rule [48], and the inhibitory connections follow a symmetric rule

[26]. We additionally use competitive normalization in both the inhibitory and excitatory con-

nections, which amplifies small transient differences between the firing rates of different input

groups and leads to the development of input selectivity [31]. Since neurons in different groups

are independent, while neurons in the same group share a strong correlation (Fig 1b), the plas-

ticity protocol generates very strongly correlated E/I weights and strong input selectivity, as

shown in (Fig 1c). (For more details on the network’s firing activity, see S1 Text Section C).

Postsynaptic weights with high diversity can be well separated, while those with co-tuned

weights produce a match between E and I incoming connections. (Fig 1d) illustrates four pos-

sible situations. Observe that it is possible to have weights that are, e.g., diverse (so they can be

distinguished) but not co-tuned (so E-I are not correlated) and vice versa: E-I weights are cor-

related, but weights cannot be separated.

Noise and recurrent connectivity compromise the ability of STDP to

produce E/I co-tuning

Strictly feed-forward networks with relatively low noise levels are unrealistic approximations

of complex cortical circuits (which are characterized by noisy inputs and complex recurrent

connectivity), and thus their dynamics might deviate significantly from those observed in

experiments. Thus, we introduce noise and non-plastic recurrent connectivity in our pre-syn-

aptic network, both ubiquitously present in biological networks [49, 50]. First, we investigate

how they individually affect the emerging E/I co-tuning by changing the structure of the corre-

lations between the neurons of the input network. Then, we examine ways in which different

connectivity structures can ameliorate these effects.

We vary the level of noise by changing the fraction of input spikes that are specific to each

neuron (noise) vs the shared (signal) input (Fig 2a). This allows us to control the signal-to-

noise ratio while keeping the average number of incoming spikes the same. As the noise inten-

sity increases, the cross-correlations within each input group decrease, while the cross-correla-

tions between neurons of different input groups remain very low, (Fig 2b). The effect of this

in-group decorrelation is an increased variability in the learned projections to the postsynaptic

neuron from neurons of the same input group and, thus, a decrease in the resulting diversity

(Fig 2). At the same time, this decorrelation has a much weaker effect on the ability of the plas-

ticity to match E and I feedforward weights from the same groups. This is reflected in the

slower reduction of the E/I weight co-tuning, which visibly declines only once the noise

becomes overwhelmingly stronger than the input (more than 80% incoming spikes are not

shared between neurons of the same group, Fig 2c). Raster plots illustrating the dynamics for

different values of noise are shown in (Fig 2d).
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Recurrent connectivity in the pre-synaptic network introduces cross-correlations between

the neurons from different input groups, which compromises both diversity and E/I weight

co-tuning. To test the extent of this effect, we connect the N presynaptic neurons (creating a

non-plastic recurrent network) with connection probability p and use coupling strength W
(which denotes the mean synaptic strength) as a control parameter. Initially, we only consider

fully-connected networks (p = 1). By changing W, we can control the ratio between the input

received from the feedforward connections (whose rate and connection strength are fixed)

and the other neurons in the network via recurrent connectivity (Fig 2e). The recurrent con-

nectivity increases cross-correlations between groups while maintaining the high correlation

within each input group, (Fig 2f). The effect of these cross-correlations is stronger than the

effect of the noise since they affect both the diversity and the weight co-tuning, both of which

decline as the recurrent connections become stronger (Fig 2g). As with noise, raster plots for

different recurrent connectivity strengths are shown in (Fig 2h).

The combination of noise and recurrent connectivity affects both in-group and between-

group correlations (Fig 3c and 3d), resulting in a reduction of weight co-tuning and diversity

Fig 2. Noise and Recurrence Destroy E/I Co-Tuning. a. An illustration of increasing levels of noise in a single input group. In low noise settings, all neurons of the

same groups fire at the same time, while as the noise level increases, each neuron fires more and more individual spikes. Joint inputs are shown as black, and individual

noise spikes are yellow. b. The increase in noise leads to a decrease in in-group correlation (orange), while the between-group correlation (blue) remains low. c. An

increase in the input noise leads to a reduction in diversity (teal) and, for larger noise intensities, also co-tuning of E/I weights (purple). d. Raster plots of input

populations’ activity (red, inhibitory neurons; blue, excitatory ones; gray, corresponding firing rate). As the noise increases, the spiking in each group becomes more

asynchronous. The traces below (gray line) show the spike count over all neurons in 2ms bins. e. An illustration of recurrent connectivity (for three input groups). The

coupling parameter W controls the mean connection strength. As W increases (indicated by thicker connections in the diagram), more of the input a neuron receives

comes from other neurons in the recurrently connected network than from the feedforward input. f. An increase in the recurrent coupling strength W leads to an

increase in the between-group correlation (blue), while the in-group correlation (orange) remains high. g. The decrease in weight co-tuning and diversity with an

increase in the coupling strength. h. The spiking activity becomes more synchronous across groups as the coupling strength increases. The traces below (gray line)

show the spike count over all neurons in 2ms bins. Simulation parameters not indicated in the text can be found in Tables A, B and C in S1 Text.

https://doi.org/10.1371/journal.pcbi.1012510.g002
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as the noise and recurrent connection strength increase, (Fig 3e and 3f). The effects of com-

bined noise and unstructured recurrence are not only a sum of their independent effects, but

they can lead to novel effects compounding the impact on the emergence of input selectivity.

For example, for strong recurrence (Fig 3d), increasing noise levels seem to lead to an increase

of between-group correlations (a counter-intuitive effect, given the decorrelating effects of

noise). This is due to the absence of synchronous input to neurons of the same group (due to

increased noise, i.e., reduced in-group correlation), which makes synchronisation across

groups (and consequently the increase of the between-group correlation) due to recurrent

input easier. More details on the effects of noise and recurrence on the network firing are dis-

cussed in S1 Text Section C and and D).

We develop a formal description of the effect of noise and recurrence on the correlation

structure in a simplified linear neural mass model. To this end, we consider M = 8 mesoscopic

units instead of the previously studied M inter-connected groups, represented by continuous

rate variables xj(t), j = 1, . . ., M. These units evolve in time, subject to stochastic white noise.

The linear approximation is justified for any system at a stationary state with a constant aver-

age firing rate, and it serves as a simplified model for a wide range of parameters of the spiking

network (for details on the linear model and its relation to the spiking network, (see S1 Text

Section F and H).

In this simplified case, it is possible to derive analytical equations for all the relevant in- and

between-group covariances, which yield the correlation coefficients. These correlations are the

solution to a linear system of equations, which can be obtained exactly using numerical meth-

ods. Furthermore, one can find close-form solutions in some simple scenarios. For example, in

the case of a completely homogeneous network, where all coupling weights are the same,

Fig 3. Optimized assemblies of neurons restore the co-tuning in recurrent noisy networks. a. Diagram of the network with uniform connectivity b. The network

activity is characterized by synchronous events across groups. The traces below (gray line) show the spike count over all neurons in 2ms bins. The in-group (c.) and

between-group (d.) correlations for different levels of noise and recurrent connection strength in the uniformly connected network lead to a reduction in the weight

co-tuning (e.) and weight diversity (f.) metrics for different noise and recurrent strength combinations. g. Diagram of the network with optimal assembly structure h.

The network activity becomes more decorrelated across groups. The traces below (gray line) show the spike count over all neurons in 2ms bins. i. Approximate

posterior distributions of optimal excitatory and inhibitory assemblies strength. The in-group (j.) and between-groups (k.) correlations for different levels of noise and

recurrent connection strength can be almost fully restored by the assembly structure, leading to a restoration of (l.) strong weight co-tuning and (m.) weight diversity.

https://doi.org/10.1371/journal.pcbi.1012510.g003
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correlation coefficients can be written explicitly (see S1 Text Section F and H). If the coupling

strength increases W! +1, all correlations grow to 1 as 1�Oð1=W2Þ. On the contrary, if

we reduce the noise r! 0+ the correlations will decrease to to MW=ðM � 1Þ
2
þOðr�2Þ. Both

cases eliminate any possible differentiation between the groups, thus compromising the ability

of the plasticity mechanisms to create high diversity D� 1. Another observation is that in the

linear network, increasing noise affects the correlation coefficient quadratically, while coupling

increases it linearly. Therefore, since r< 1, increasing the coupling has a larger impact on the

co-tuning, a consequence that is recovered in the spiking network, consistent with the results

shown in (Fig 2b) and (Fig 2e).

Neuronal type-specific assemblies restore the ability of STDP to produce

co-tuning

The homogeneous all-to-all connectivity (Fig 3a and 3b) that we have examined so far is not a

realistic assumption and could be particularly detrimental to the self-organization of co-tuning

in higher areas. Thus, we examine the impact of different types of inhomogeneous connectiv-

ity. In particular, using the idea of functional assemblies (strongly connected neurons that are

tuned to the same stimulus [25]), we study whether stronger recurrent connectivity between

neurons of the same input group can introduce the necessary correlation structure in the pop-

ulation activity that will allow the plasticity to produce weight diversity and co-tuning.

We maintain the total recurrent input to a neuron constant (the fraction of input coming

from the signal/noise vs. the other neurons in the recurrent network, excluding the input from

the feedforward connections) while using the ratio of input coming from neurons of the same

vs. other input groups as a control parameter. Since we want to vary this ratio independently

for each connection type, we define a metric of assembly strength as:

rab ¼
Cab

in

Cab
in þ Cab

out

¼
Wab

in � r
Wab

in � r þ ðM � 1Þ �Wab
out � r

¼
Wab

in

Wab
in þ ðM � 1Þ �Wab

out

; ð3Þ

where Cab
in in the total recurrent input a neuron of type b receives from neurons of type a, for a,

b 2 {E, I}, of its own input group and Cab
out is the total recurrent input the neuron receives from

other input groups, Wab
in the connection strength between neurons of the same group, Wab

out the

connection strength between neurons of different groups and r is the average firing rate of net-

work neurons (we assume a uniform firing across the network, which can be simplified out of

the equation).

We vary assembly strengths for each type of connection rEE, rEI, rIE, and rII while keeping

the total recurrent input to a neuron Cab
in þ Cab

out ¼
p�N
M � ðW

ab
in þ ðM � 1Þ �Wab

outÞ ¼: p � N �W
constant. Here W is the average coupling strength, and p is the recurrent connection probabil-

ity. As in the network without assemblies, for now, we consider fully connected networks

(p = 1). Thus, we can vary the fraction of input coming to a neuron from its own input group

without changing the total recurrent E, or I input it receives.

Since the structure of the feedforward connectivity (diversity and weight co-tuning) that

the plasticity converges to is controlled by the correlation structure of the inputs, we can use

the correlations as a proxy that is easier to optimize than the connectivity metrics. Specifically,

we want to maximize the in-group and minimize the between-group correlations, and we seek

the assembly structure that leads to that objective. In the reduced linear neural mass model, we

compute the optimal assembly strengths (see S1 Text Section H) analytically and find that

strong local excitation and dispersed inhibition restore the desired correlation structure in the

network’s activity (see S1 Text Section I). We find that for all combinations of noise and suffi-

ciently strong recurrent connectivity, strong excitatory assemblies (high rEE and rEI) and
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uniform inhibitory connectivity (low rIE and rII) allow the correlating excitatory currents to

remain mostly within the input the input group/assembly and maintain high in-group correla-

tion, while the diffused inhibitory currents reduce correlations between groups (for a more

detailed discussion of this mechanism see S1 Text Section J). Still, since the reduced model

does not account for many essential features of the spiking network, like sparsity of connec-

tions, in-group interactions between neurons of the same type, and non-stationary dynamical

states of the groups, the analytic solution obtained for the linear neural mass model can serve

to develop intuition, but the results need to be validated for the recurrent spiking network.

We now study the effect of various assembly strengths on weight co-tuning and diversity.

Instead of directly assessing it, we turn again to the impact of assembly strength on the spiking

network’s activity correlation structure. Thus, we search for combinations rEE, rEI, rIE, rII that

lead to the correlation structure (high in-group and low between-group correlations) that is

associated with strong E/I weight co-tuning (CTW� 1) and maximum weight diversity (D�
1). To this end, we use sequential Approximate Bayesian Computation (ABC) [51] to minimize

a loss function defined to be zero when the in-group correlations are equal one and all

between-group correlations vanish (for details, see Methods).

This method allows us to find the approximate posterior distribution of network parame-

ters (the four assembly strengths) that minimize the loss. Afterward, we verify whether connec-

tivity parameters sampled from the approximate posterior lead to the emergence of diversity

and co-tuning in the post-synaptic neuron.

Networks with optimized assemblies largely regain the ability to develop E/I co-tuning

despite the noise and the non-plastic recurrent connectivity. Assembly strengths that are

drawn from the approximate posterior result in a correlation structure very similar to the one

observed in a feedforward/low noise network (Fig 3j and 3k), which allows the plasticity to

produce a near-optimal structure in the feedforward connections (Fig 3l and 3m). We find

that the optimal assembly structure involves very strong E E and I E assemblies and

medium-strength E I and I I (Fig 3g and 3i). For details on the impact of assemblies on

the network firing and the learned connectivity, see S1 Text Section C and S1 Text Section D.

This connectivity pattern is similar to the optimal pattern of the reduced linear model,

albeit with the difference that the reduced model predicted optimal performance for uniform

inhibitory weights (i.e., no inhibitory assemblies, rIE = rII = 0). This difference can be attributed

to the more complex dynamics of the spiking network that require some degree of local inhibi-

tion to prevent extreme synchronization (see S1 Text Section G), which can negatively impact

the STDP’s ability to produce co-tuning.

This partial specificity of inhibitory recurrent connectivity can be linked to the role of

inhibitory tuning in stabilizing network dynamics at the cost of reduced network feature selec-

tivity [52]. In theory, the optimal connectivity pattern in the network would promote competi-

tion between different groups, for which completely uniform inhibitory connectivity would be

ideal [42]. However, the instability in the population activity induced by such connectivity is

detrimental to the emergence of E/I weight co-tuning and input selectivity. Therefore, an

intermediate level of specificity in inhibitory recurrent connectivity achieves a balance by max-

imizing between-group competition (and thus the desired correlation structure) while main-

taining stable network dynamics (see S1 Text Section G).

The sparsity of a network’s recurrent connectivity shifts the optimal

assembly structure

Biological neural networks are usually very sparsely connected [53–55], and the sparsity of

connections is associated with distinct dynamics [56]. We observed that the impact of noise
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and recurrence on the deterioration of weight co-tuning and diversity in sparse networks with-

out assemblies is qualitatively similar to fully connected networks. Thus, we examined the abil-

ity of neuronal assemblies to produce activity that restores weight co-tuning and diversity in

sparsely connected recurrent networks that receive noisy input.

The optimal assembly strength values depend on sparsity levels. We use ABC to discover

the approximate posterior distribution of assembly strengths for 5 different levels of sparsity,

corresponding to the probability of connection p = 1.0, p = 0.75, p = 0.5, p = 0.25, and p = 0.1

(Fig 4a). We preserve the total input per neuron across different sparsity levels by scaling the

coupling strength inversely proportional to p.

As sparsity increases, the ability of assemblies to improve the tuning diminishes. After 21

ABC steps, the overall loss is larger for the sparse networks than for fully connected networks

and increases with sparseness, (Fig 4b). Therefore, despite an improvement in the tuning met-

rics for most sparse networks (compare the dashed and solid lines in (Fig 4a), particularly diver-

sity is strongly affected by sparseness and cannot be recovered by assemblies to the same extent

as for the fully connected networks, (Fig 4a). This reduced effectiveness is expected, given the

smaller number of connections and the greater variance in the network’s connectivity.

The optimal strength of most assemblies is reduced as the connection probability is decreased

(Fig 4c). Specifically, we find that all but E E assemblies should be weaker in sparser networks,

with the greatest decrease observed in the I I assemblies that completely disappear for very

sparse networks. This could be due to a reduced (compared to fully connected networks) need

for within-group recurrent inhibition to prevent completely synchronized behaviours.

Structured connectivity promotes the emergence of co-tuning in fully

plastic recurrent networks

In the previous sections, we analyzed a fixed recurrent presynaptic network that projected

onto a single postsynaptic neuron via plastic synapses. While this setup provides valuable

insights into how structural features can shape population activity for input selectivity to

emerge via STDP, it does not fully capture the dynamics of biological neural networks. In this

section, we extend our model to a fully plastic and fully recurrent network, offering a more

realistic approximation of the behaviour observed in actual biological systems.

In addition to making the recurrent connections between input neurons plastic, we treat

the readout neuron as part of the network, and thus, we also introduce sparse feedback

Fig 4. Assemblies improve co-tuning and allow for co-tuning in sparse networks. a. weight co-tuning (purple) and diversity (teal) in the networks

with assemblies compared to non-structured networks (dashed lines), error bars—standard deviation. The noise level is 0.1 for all sparsities, and the

coupling is 1.7 (scaled by 1/p). b. Loss for the sparser networks is higher, which results in the overall worse performance; the inset shows the loss for 50

accepted samples at the last ABC step. c. Posterior distributions of all assembly strengths change with sparsity. Sparser networks require weaker

inhibitory assemblies (more uniform connections) to produce co-tuning.

https://doi.org/10.1371/journal.pcbi.1012510.g004
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connections from the readout neuron to the input neurons (Fig 5a). Since the recurrent con-

nections are now plastic, we cannot implement the assemblies by changing the in-group con-

nection strength. Thus, we use a sparse network (connection probability p = 0.25) and control

the in-group connection probability. Following the same logic as with the in-group and

between-group connection weights (described in Eq 3), we produce in-group and between-

group connection probabilities such that the total connection probability (and consequently

the total recurrent input) remains constant while the ratio of recurrent input received by a

neuron from neurons of its own vs from other groups varies.

We simulate the network with three connectivity structures. A fully random one, where the

sparse connections are implemented without any regard for the neurons’ input groups; a fully

clustered one, where each input group is almost fully connected, and connections between

groups are extremely sparse, and finally, a putative optimally clustered network, which is struc-

tured according to the connectivity derived in the previous section for the fixed-weights sparse

recurrent network via the Bayesian optimization for the networks of sparsity of p = 0.25 (Fig

4c). We measure the co-tuning and weight diversity of the readout neuron, which has now

been embedded in the network, projecting randomly with plastic connections to the neurons

in the presynaptic network with probability p.

The fully random network displays very low co-tuning and diversity; the fully clustered net-

work develops stronger co-tuning and diversity, which are then surpassed by the optimally

clustered network (Fig 5b and 5c). Thus, the putatively optimally clustered network outper-

forms the other two: after the convergence of the plasticity, the population activity becomes

much less noisy, and the activity of different groups can be more easily distinguished, which

presumably also enables the development of input selectivity in the post-synaptic neuron (Fig

5d, 5e and 5f). The correlation structure of the converged plastic networks verifies this obser-

vation, with the putative optimally clustered network having very high in-group and near-zero

between-group correlation. This structure is introduced at the beginning of the simulation by

Fig 5. Structured recurrent connectivity can drive synaptic learning even in fully plastic networks. a. A diagram of the fully recurrent plastic network. A comparison

of the (b.) weight co-tuning (CTw) and (c.) diversity (D) metrics for plastic networks with fully random, fully clustered and optimal connectivity structure. Spike trains

of the converged networks with (d.) fully random, (e.) fully clustered, and (f.) optimal recurrent connectivity structures. The activity of different input groups is much

more correlated, allowing for easier discrimination in the last network.

https://doi.org/10.1371/journal.pcbi.1012510.g005
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the structural connectivity and is maintained throughout the learning process, driving the

development of input selectivity in the postsynaptic neuron.

Directly optimizing the fully plastic network is not computationally feasible because, for

simulation-based inference, we would need to simulate the network’s activity until all the plas-

tic connections converge in each simulation. However, the connectivity from the static sparse

presynaptic network appears to give a good prior for a beneficial connectivity in the fully plas-

tic networks.

Our findings suggest that structured connectivity can drive the statistics of activity even in

fully plastic networks and enable the development of specific connectivity in neurons that do

not receive direct input from other areas.

Discussion

Synaptic plasticity is theorized to be responsible for the formation of input selectivity across

brain hierarchies, including in brain areas that only receive input from highly recurrent net-

works. Here, we demonstrated how the structure of non-plastic presynaptic recurrent connec-

tivity could hinder or boost the ability of synaptic plasticity mechanisms [12, 26, 27, 31] to

generate input selectivity in neurons of higher areas. We find that strong excitatory connectiv-

ity among neurons tuned to the same input, combined with broader inhibition, creates popu-

lation activity with a beneficial statistical structure that enables the formation of co-tuned

projections by plasticity, potentially fostering input selectivity.

How different plasticity mechanisms shape neural connectivity, such as the formation of E/

I co-tuning [12, 26, 27, 31] in feedforward networks or neural assemblies in recurrent net-

works [26, 34–36], has been a topic of extensive theoretical research. Nevertheless, the opposite

effect -the ways in which fixed connectivity can shape the effects of synaptic plasticity—has

only been studied in very specialized cases [57]. This omission partially obscures the two-way

interaction between connectivity and synaptic plasticity in biological neural networks. While

synaptic plasticity constantly modifies some aspects of neural connectivity, it acts within the

many constraints of network structure that are either constant throughout an organism’s life-

time or change via structural adaptation mechanisms that act on timescales slower than synap-

tic plasticity [58, 59]. Effectively, this means that synaptic plasticity relies on population

activity originating from networks with highly intricate connectivity structures very different

from those of random networks [33, 60]. Given that most synaptic plasticity mechanisms fun-

damentally depend on the statistics imposed by network activity, it is reasonable to assume

that the network structure highly impacts the behaviour of synaptic plasticity.

Cortical connectivity is known to be highly clustered [61], and the clustering has functional

as well as spatial determinants. For example, neurons that share common inputs [62] or targets

[63] are more likely to form recurrent connections between themselves [64, 65]. Moreover,

excitatory cells with similar receptive fields are known to form strong reciprocal connections

[66], which determine neural responses. Additionally, cortical networks have been shown to

present specific correlation structures early in development [67], suggesting that recurrent cor-

tical connectivity is at least partially structured before sensory inputs are present.

Clustered networks display distinct dynamics, including competition between clusters [42,

68] and slower timescales [41, 69], both of which can be useful for computations. Additionally,

there is strong evidence that groups of highly interconnected neurons (neuronal assemblies)

share common functions within recurrent networks [37, 70, 71]. Moreover, evidence has accu-

mulated [72, 73] that different neuron types (excitatory and inhibitory subtypes) follow dis-

tinct spatial connectivity patterns, which have implications for neural computation [74]. Thus,

our findings complement the ongoing research on computational implications of recurrent
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neural connectivity in biological networks by suggesting a link between specific, fixed connec-

tivity patterns and local learning in feedforward projections to downstream populations via

synaptic plasticity.

While the connectivity pattern we identify in our study is biologically plausible, the extent

to which it is realized in vivo remains unclear. Further experimental studies in the connectivity

patterns of different neuron types are necessary to model different network connectivities and

study their dynamics effectively. On a theoretical side, more research is needed to uncover

whether the synapse-type specific assembly structures we identify can emerge in plastic net-

works without any prior structure. Specifically, while there have been several studies investi-

gating the emergence of stable assemblies via STDP [33–35, 75], the protocols by which

assemblies of different pre-selected strengths for each connection type could arise remain

unclear. Potential mechanisms include structural plasticity and variation in the learning rates

of different synaptic types. Additionally, the presence of different regulatory interneurons,

which have already been studied in the context of assembly formation [34], could play a role in

modulating the relative assembly strengths of different connections.

For our study, we parameterized the network connectivity by adopting a quantitative metric

for the strength of different types of neuronal assemblies. This resulted in a low-dimensional

parameter space and allowed us to use rejection sampling-based ABC [51] to infer the optimal

assembly strengths. One limitation of this technique is that it suffers from the curse of

dimensionality and typically requires a large simulation budget [76, 77]. Therefore, extensions

of the current work using higher dimensional connectivity parameters or simultaneous infer-

ence of the connectivity and neuron parameters will require more efficient simulation-based

methods such as neural posterior estimation [78]. Alternatively, direct optimization of each

recurrent weight via gradient-based methods [79, 80] may uncover more intricate connectivity

patterns that are not limited to the specific network parametrization we chose.

To summarize, we identified how particular presynaptic connectivity structures could be a

favourable or detrimental substrate for plasticity to develop co-tuning of excitation and inhibi-

tion on neuronal projections. Our study is the first step in illuminating the two-way depen-

dence between the non-plastic structural features of a network’s connectivity and synaptic

plasticity, which can motivate further research on this intricate interaction.

Materials and methods

Neuron model

We modelled all neurons of our networks as leaky integrate-and-fire (LIF) neurons with leaky

synapses [81]. The evolution of their membrane potential is given by the ODE:

Cm �
dVðtÞ
dt
¼ gleak � ðVrest � VðtÞÞ þ gIðtÞ � ðVI � VðtÞÞ þ gEðtÞ � ðVE � VðtÞÞ; ð4Þ

where Vrest is the neuron’s resting potential, VE, VI are the excitatory and inhibitory reversal

potentials and gleak the leak conductance. Additionally, the excitatory and inhibitory conduc-

tances gE, gI decay exponentially over time and get boosts upon excitatory or inhibitory pre-

synaptic spiking, respectively, as

dgEðtÞ
dt

¼ �
gEðtÞ
tE
þ gE �

X

j

WE
j �
X

f

dðt � tfj Þ;

dgIðtÞ
dt

¼ �
gIðtÞ
tI
þ gI �

X

j

WI
j �
X

f

dðt � tfj Þ:

ð5Þ
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Here tfj denotes the time at which the f-th spike of the j − th neuron happened and δ(t) is the

Dirac’s delta function. When the membrane potential reaches the spiking threshold Vth, a

spike is emitted, and the potential is changed to a reset potential Vreset. Finally, the neurons

have an absolute refractory period (during which no spikes are emitted even when the spiking

threshold is reached) between spikes of τref = 5ms.
We would like to remark that both WE

i ;W
I
i > 0, since the effect of inhibition is encoded on

Eq (4). However, for illustration purposes inhibitory weights are currents are shown to be neg-

ative. For instance, this happens in (Fig 1b). An alternative neuron model is discussed in S1

Text Section B.

Network input

The external input to each of the 1000 pre-synaptic neurons is the mixture of two Poisson

spike trains. The first Poisson spike train is shared with all the other neurons of the same

group, while the second Poisson spike train is the individual noise of the neuron,

Ctotal ¼ Csignal þ Cnoise; ð6Þ

where Csignal * Poisson((1 − c) � f0) and Cnoise * Poisson(c � f0). Here, f0 is the total firing rate

of the input, and c is the strength of the noise. Csignal is the same for all neurons of the same

input group, while Cnoise is individual to each neuron.

Recurrent connectivity

The recurrent connectivity is implemented in two different versions for the fixed and plastic

versions.

Non-plastic recurrent connectivity. The non-plastic recurrent connectivity between the

input neurons is defined by a coupling strength parameter W, which defines the average syn-

aptic strength and a connection probability p, which defines the sparsity. The connectivity is

implemented as follows:

At first, an adjacency matrix A is defined, which implements an Erdős–Rényi connectivity

with connection probability p (i.e., a connection between any two neurons is implemented

with connectivity p, independently of any other connection). Then, using the coupling

strength parameter W, and the given assembly strength for each connection type rEE, rEI, rIE,

and rII, we extract the parameters Wab
in and Wab

out for each connection type (a, b 2 {E, I}) accord-

ing to Eq 3. The inhibitory weights WIE
in ;W

IE
out;W

II
in and WII

out are scaled by a parameter gs which

is set to counterbalance the slower inhibitory synapse dynamics and the smaller number of I
neurons. This scaling leads to an approximately balanced network across implementations.

Once the connectivity strengths are calculated, for each pre and post-synaptic neuron pair i
and j, we set the connection between them as

wij ¼

0; if Aij ¼ 0

aij � jN ðWij; c �WijÞj; if Aij ¼ 1

8
<

:
ð7Þ

where Wij is the appropriate connectivity strength (Wab
in , Wab

out for a, b 2 {E, I}) depending on

the neuron type of neurons i and j and whether they belong to same assembly or not. The

parameter c, which scales the standard deviation, was normally set to 0.1, but we also examined

narrower and broader distributions with similar results.

We finally considered an alternative, log-normal distribution of weights, which increased

variability but largely lead to the same results.
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Plastic recurrent connectivity. In the plastic recurrent network case, instead of varying

the connection strengths for in-group and between-group connections, we use the total con-

nection probability p and given assembly strength for each connection type rEE, rEI, rIE, and rII,
we extract parameters pab

in and pab
out for each connection type (a, b 2 {E, I}) according to Eq 3.

These parameters give the probability that a connection of a specific type is implemented in

the recurrent network, which creates an inhomogeneous adjacency matrix A that implements

the different levels of clustering for each connection type.

Once the adjacency matrix has been defined, we set the initial connection strength for pre

and post-synaptic neuron pair i and j as:

wij ¼

0; if Aij ¼ 0

aij � jN ðW; c �WÞj; if Aij ¼ 1

8
<

:
ð8Þ

where W is the coupling strength parameter, which we scale for inhibitory connections, simi-

larly to the non-plastic network. The resulting connectivity reflects the initial conditions for

the plastic recurrent network and the non-zero connections are updated according to the same

plasticity protocol that is used to learn the feedforward connectivity in the networks with fixed

recurrent connectivity.

Plasticity

Triplet excitatory STDP. The excitatory connections are modified according to a simpli-

fied form of the triplet STDP rule [43], which has been shown to generalize the Bienenstock–

Cooper–Munro (BCM) rule [9] for higher-order correlations [48]. In our implementation of

the triplet rule, the firing rates of the pre-synaptic excitatory neurons and the post-synaptic

neuron are approximated by traces with two different timescales (we use the same timescales

for the fast and slow traces of the pre and postsynaptic neuron):

dyEkðtÞ
dt
¼ �

yEkðtÞ
t
estdp
1

þ
X

f

dðt � tfkÞ; ð9aÞ

dzEk ðtÞ
dt
¼ �

zEk ðtÞ
t
estdp
2

þ
X

f

dðt � tfkÞ; ð9bÞ

dx1ðtÞ
dt
¼ �

x1ðtÞ
t
estdp
1

þ
X

f

dðt � tfxÞ; ð9cÞ

dx2ðtÞ
dt
¼ �

x2ðtÞ
t
estdp
2

þ
X

f

dðt � tfxÞ; ð9dÞ

where t
estdp
1 < t

estdp
2 are the two timescales of the plasticity rule, yEkðtÞ; z

E
k ðtÞ and x1(t), x2(t) rep-

resent the slow and fast traces of the k-th excitatory pre-synaptic and the single post-synaptic

neuron respectively while tfk and tfx are their respective firing times The function δ(x) repre-

sents a Dirac’s delta. The connection weights are updated upon pre and post-synaptic spiking

according to

DWE
k ¼ ZE � ALTP � x2ðtÞ � yEkðtÞ �

X

f

Rðt � tfxÞ � ZE � ALTD � x1ðtÞ � z
E
k ðtÞ �

X

f

Rðt � tfkÞ; ð10Þ
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where ηE is the excitatory learning rate and ALTP, ALTD the amplitudes of long term depression

and potentiation respectively. Despite scaling down the LTD amplitude to account for higher

presynaptic firing rates, the rule remains slightly LTD dominated in our experiments, a setting

that has been observed in experimental studies [82, 83]. The function R(x) is defined as:

RðxÞ ¼
1; x ¼ 0

0; x 6¼ 0

(

ð11Þ

In numerical simulation, if spikes have been produced in the last few timesteps, so in prac-

tice R(t) = 1 for t 2 [−δt, 0] for a small δt. Hence, R(t) is a rectangular function. Different

parameters and learning rules for the excitatory plasticity are discussed in (S1 Text Section E.i

and E.ii).

Inhibitory STDP. We used the learning rule first proposed in [26] for the inhibitory con-

nections. Approximations of the firing rates are kept via a trace for each of the pre-synaptic

inhibitory neurons as well as the post-synaptic neuron,

dyIk
dt
¼ �

yIk
tistdp
þ
X

f

dðt � tfkÞ; ð12aÞ

dx
dt
¼ �

x
tistdp
þ
X

f

dðt � tfxÞ; ð12bÞ

where τistdp is the single timescale of the plasticity rule, yIk and x are the traces of the the kth
inhibitory pre-synaptic and the single post-synaptic neuron, and tfk; tfx are their respective

spike times. The connection weights are updated upon pre and post-synaptic spiking as

DWI
k ¼ ZI � ðxðtÞ � 2r0t

istdpÞ �
X

f

Rðt � tfkÞ þ ZI � y
I
kðtÞ �

X

f

Rðt � tfxÞ: ð13Þ

Here, ηI is the inhibitory learning rate, and ρ0 is the target firing rate of the post-synaptic neu-

ron. The rectangular function R(t) is defined in Eq (10).

Weight normalization. Due to the instability of the triplet STDP rule, some normaliza-

tion mechanism is needed to constrain weight development. We use a modified version of the

competitive normalization protocol proposed in [31], which we adapt for spiking neurons.

Specifically, we normalize the k-th connection every time there is a weight update (i.e.,

upon pre or postsynaptic spiking):

WA
k ðtÞ  1� ZNð Þ �WA

k ðtÞ þ ZN �W
A
k ðtÞ �

WA
target

PNA
i¼1

WA
i ðtÞ

; A 2 fE; Ig: ð14Þ

Where WA
target is the target total weight of each connection type and ηN is the normalization

rate. In the recurrent plastic networks, the WA
target for the recurrent neurons is determined by

the coupling strength W. The normalization pushes the sum of the excitatory and the sum of

the inhibitory feedforward connections weights close to the set target total weights WE
target and

WI
target over time. The implications of implementing a regular normalization step (on every

time step only when spiking occurs) are discussed in S1 Text Section E.iv.1. Moreover, the

implications of using different normalization rates ηN are discussed in S1 Text Section E.iv.2.

An alternative way to stabilize the weights via subtractive normalization of only the excit-

atory synapses [12, 23, 33] was also considered leading to comparable results (see S1 Text Sec-

tion E.v).
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Approximating the posterior distribution of the model parameters

To estimate the set of parameters that lead to high in-group correlations and low out-group

correlations, we used simulation-based inference [76]. The basic idea is to use simulation with

known parameters to approximate the full posterior distributions for the model given the

required output, i.e., the distribution of parameters and samples from which produce the

required correlation structure. We use sequential Approximate Bayesian Computation (ABC)

[51] to approximate the posterior distribution. We define a loss function that maximizes in-

group correlations and minimizes between-group correlations:

L ¼ �aC2
in � b½ð1� CEE

outÞ
2
þ ð1� CEI

outÞ
2
þ ð1� CII

outÞ
2
� ð15Þ

We define a uniform prior p(θ). A set of parameters θ = [ree, rei, rie, rii] is sampled from it

and used to run the simulations for 3 seconds. From the simulation results, correlations are

computed, which allows us to obtain the loss. We accept a parameter set if the loss is below the

error �, and keep sampling until the number of accepted samples is 60. We use the kernel den-

sity estimate on the accepted samples to obtain an approximate posterior. Next, we rescale this

approximate posterior with the original prior to obtain a proposal distribution that we use as a

prior in the next step of the ABC. In each step, we reduce � by setting it to the 75th percentile

of the losses for the accepted samples (see [51] for more details). As a rule, we run 20 to 30

steps of the sequential ABC until the loss converges. We run separate fits for networks with dif-

ferent levels of sparsity with connection probabilities p = 0.1, 0.25, 0.5, 0.75, 1.0. The fitting

was done using a modified version of the simple-abc toolbox https://github.com/rcmorehead/

simpleabc/ for python.

Reduced model

The dynamics of the system can be studied analytically using a simplified, reduced linear

model. Here, each pair of variables (xi, yi) represents the excitatory and inhibitory mean firing

rate of a neuron group. In theory, these variables display complicated non-linear interactions

that arise from the microscopic details of the LIF spiking network and synapse dynamics.

However, in the stationary state –and away from any critical point– a linearised model can

capture the essential features of the correlations between different populations.

Internal noise, modelled as independent Poisson trains to each individual neuron, becomes

Gaussian white noise in the large-population limit, characterized by zero mean and variance

σint. Each population is affected by different internal fluctuations. For simplicity, external

noise, which is applied as the same train of Poisson spikes to all the neurons inside an input

group, will also be approximated as a Gaussian white noise of mean η0 and variance σext.

Therefore, the simplified linear model reads:

_xi ¼ axi þ byi þ
1

M � 1

X

j6¼i

WE Exj þWE Iyj
� �

þ sintx
x
i tð Þ þ sextZi tð Þ þ Z0; ð16aÞ

_yi ¼ cxi þ dyi þ
1

M � 1

X

j6¼i

WI Exj þWI Iyj
� �

þ sintx
y
i tð Þ þ sextZi tð Þ þ Z0; ð16bÞ

where M is the number of populations, a, b, c, d are parameters controlling in-group recurrent

coupling, and WE E, WE I, WI E, WI I are couplings between different clusters. Inter-

nal noise for each population is represented by x
x;y
i ðtÞ, while external noise is notated as ηi(t).
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All noises are uncorrelated, meaning that

hx
c
ix

c0

j i ¼ dcc0dijdðt � t0Þ; ð17aÞ

hx
c
iðtÞZjðt

0Þi ¼ 0 8i; j; t; t0; ð17bÞ

hZiðtÞZjðt0Þi ¼ dijdðt � t0Þ; ð17cÞ

with c, c0 = {x, y}, and where h. . .i represents an ensemble average, i.e., an average over noise

realizations. From this model, it is possible to obtain closed equations for Pearson correlation

coefficients (see S1 Text Section H for details). Notice that stochastic differential equations are

never complete without an interpretation, and we choose to interpret these in the Itô sense,

which will be relevant for computations. Tables of all the parameters used in our simulations

are given in S1 Text Section K Tables A, B and C.
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A. E/I co-tuning and input selectivity

In our study, we use the weight diversity as a proxy for input selectivity. Verify that this mapping is reasonable
even for networks with very detailed E/I balance. Specifically, we model 2 networks with fixed, perfectly balanced
connectivity. The first of the two has tuned excitation (Fig Aa) and totally flat inhibition (leading to loose balance),
while the second has near-perfect co-tuning of its incoming E and I incoming weights, which leads to tight balance
(Fig Ab).

We sequentially activate different input groups and record the post-synaptic neuron’s response in terms of incoming
currents and firing rate. We see that while there is a small difference between the incoming currents in the two cases
(Fig Ab and d), the firing rate of the postsynaptic neuron is significantly different between the two networks (Fig Ae).

In particular, we see that compared to the network with flat inhibition, the responses of the network with the
co-tuned E/I weights are significantly reduced but still clearly different for different inputs, allowing discrimination.
This is consistent with recent theoretical findings [1] about inhibitory tuning reducing input selectivity.



2

However, the co-tuned network displays a reduced firing rate, which suggests the possibility for more efficient
encoding as well as a partial encoding for non-preferred inputs (i.e., a small but detectable response for the input
group associated with small input weights) in contrast to the neuron with flat inhibition, which is fully silent for the
non-preferred inputs (i.e., those for which it receives stronger inhibition than excitation). This agrees with earlier
findings on the benefits of weights co-tuning in terms of efficiency and coding [2].
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FIG. A. E/I Weights and input selectivity: a. The feedforward connectivity and b. the resulting postsynaptic currents
for a network with flat co-tuned E/I feedforward weights feedforward inhibition. c. The feedforward connectivity and d. the
resulting postsynaptic currents for a network with flat feedforward inhibition. e. The firing of the postsynaptic neuron upon
activation of different input groups for each network. Flat inhibition leads to sharper responses while co-tuning leads to lower
FR and a more gradual increase of activity for different input activation.

This suggests that while the detailed co-tuning of feedforward E/I weights might lead to a reduction in the
sharpness of the post-synaptic neuron’s tuning, it still enables discrimination between inputs and, indeed, can encode
for a broader range of inputs (responses even for non-preferred stimuli) in a more energetically efficient way (lower
firing rate).

B. The effects of inhomogeneous connectivity on the population activity are independent of the neuron
model

In order to ensure that our results are independent of the exact neuron model we are using, we repeated the bayesian
fitting with a simplified network of LIF neurons with current based synapses.

Specifically, the voltage is given by:

dV (t)

dt
= (Vrest − V (t))/τ +

∑

j

WE
j ·
∑

f

δ(t− tfj )−
∑

j

W I
j ·
∑

f

δ(t− tfj ), (1)

where Vrest is the neuron’s resting potential and τ is the membrane timescale. Here tfj denotes the time at which the
f -th spike of the j−th neuron happened. When the membrane potential reaches the spiking threshold Vth, a spike is
emitted, and the potential is changed to a reset potential Vreset.

We repeat the fitting with ABC for a network with this model, using the same objective function (maximizing
in-group and minimizing between-group correlations) and we find that the optimal assembly strength distribution for
all four connection types we identified for the original network remains very similar to the ones we identified for the
original model.

C. Firing behaviour of the presynaptic network

In order to better understand the effects that the introduction of noise and non-plastic recurrent connections has
on the population activity of the presynaptic network, we calculate a number of metrics that quantify population
activity for different connectivity structures.
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At first, we look at a feedforward network with relatively low noise (noise intensity is set to 0.15). This setting
produces activity that is ideal for the plasticity to produce diverse and co-tuned E/I weights.

As expected, due to the Poisson input and the absence of any recurrent interactions, the networks have a broad ISI
distribution, a relatively narrow distribution of the CV of the ISI and a Fano Factor very close to 1 (Fig Ba-c). The
activity of the network is highly correlated within groups, but different groups fire independently (Fig Bd).

FIG. B. The firing of a feedforward network: a. The inter-spike interval distribution. b. The distribution of the Coefficient
of variation ((CVs) of the ISIs (c)The distribution of the Fano Factor is very close to 1, indicating the Poisson input the neurons
receive. (d) A raster plot visualizing 3 seconds of the network’s activity (Here blue indicates excitatory and red inhibitory
neurons)

We then examine a case that is particularly detrimental to the emergence of co-tuning. We introduce unstructured
(no assemblies) recurrent connectivity (p = 0.5 and W = 2) and high noise (noise intensity is set to 0.6).

The resulting distribution of the inter-spike intervals becomes somewhat skewed, as does the distribution of the CV
of the ISI, while the Fano Factor remains very close to 1 (Fig Ca-c). The network develops occasional large bursts of
synchronized activity involving neurons from all groups (Fig Cd).

FIG. C. The firing of a network with strong noise (noise intensity = 0.6) and strong random recurrence (p = 0.5
and W = 2): a. The inter-spike interval distribution. b. The distribution of the Coefficient of variation ((CVs) of the ISIs
(c)The distribution of the Fano Factor remains very close to 1. (d) A raster plot visualizing 3 seconds of the network’s activity
(Here blue indicates excitatory and red inhibitory neurons)

Finally, we look at the previous network, albeit with the introduction of optimal assembly structure (rEE = rEI =
1.0 and rIE = rII = 0.4).

This network is characterized by short synchronized firing periods of each group, during which neurons of other
groups are largely silent (Fig Dd). This leads to a bimodal distribution of the mean ISI and a very skewed distribution
of the CV of the ISI, which indicates relatively irregular firing (largely due to the combination of bursts and longer
periods of silence). Finally, the Fano Factor remains close to 1 (Fig Da-c).
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FIG. D. The firing of a network with near-optimal clustering (rEE = rEI = 1.0 and rIE = rII = 0.4): a. The
inter-spike interval distribution. b. The distribution of the Coefficient of variation ((CVs) of the ISIs. The average increases
slightly compared to the previous networks. (c)The distribution of the Fano Factor remains very close to 1. (d) A raster plot
visualizing 3 seconds of the network’s activity (Here blue indicates excitatory and red inhibitory neurons)

D. Learned connectivity and the dynamics of the post-synaptic neuron

Since synaptic plasticity depends not only on presynaptic network statistics but also on postsynaptic neuron activity,
we examine the learned connectivity of different networks (the ones we examined in the last section) and visualize the
activity of the postsynaptic neuron.

At first, the feedforward, low-noise network leads to a very strongly co-tuned E/I connectivity (Fig Ea) and diverse
weights between different groups. The incoming currents are highly correlated (Fig Eb) and the post-synaptic neuron
fires (Fig Ec) relatively sparsely (〈ISI〉 = 0.398, CVISI = 1.15, Fano Factor = 0.991).

FIG. E. Connectivity and firing of a postsynaptic neuron receiving input from a feedforward network: a. The
learned connectivity is co-tuned and diverse. b. The incoming currents are tightly balanced. c The voltage trace and spikes of
the readout neuron.

On the contrary, the noisy and recurrent network fails to develop any structure in the learned connectivity. The
coordinated firing across groups, visualized in (Fig Fa), leads to occasional large current influxes (Fig Fb), but
otherwise, the neuron remains relatively tightly balanced. The neuron’s firing (Fig Fc) becomes slightly more frequent
(〈ISI〉 = 0.21, CVISI = 1.23, Fano Factor = 0.991).

Finally, the network with the optimized assembly structure, due to the restored statistics of the input (Fig Ga),
develops co-tuned E/I connectivity and relatively diverse weights between groups. The currents arriving to the
postynaptic neurons are tightly balanced (Fig Gb) and the firing of the postynaptic neuron (Fig Gc) becomes again
more sparse and relatively irregular (〈ISI〉 = 0.61, CVISI = 1.14, Fano Factor = 0.993).
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FIG. F. Connectivity and firing of a postsynaptic neuron receiving input from a noisy, recurrent network: a.
The learned connectivity is completely unstructured. b. The incoming currents are tightly balanced despite occasional large
influxes. c The voltage trace and spikes of the readout neuron.

FIG. G. Connectivity and firing of a postsynaptic neuron receiving input from a network with optimal assembly
structure: a. The learned connectivity is restored to be co-tuned and diverse. b. The incoming currents are tightly balanced.
c The voltage trace and spikes of the readout neuron.

E. The effects of inhomogeneous connectivity are independent of the plasticity protocols’ details

We examined whether our results are dependent on the particular plasticity protocol we used, and we verified
that they hold for alternative plasticity mechanisms. Specifically, we tested whether a variety of different plasticity
protocols produces co-tuning in the simple feedforward case, whether the effects of noise and recurrence on the resulting
connectivity are consistent, and whether the inferred optimal fixed pre-synaptic recurrent connectivity restores the
ability of the plasticity to produce co-tuning.

Starting with the plasticity protocol we used in our original experiments, we visualize the development of excitatory
(Fig Ha) and inhibitory weights (Fig Hb), the matching resulting connectivity (Fig Hc) and the incoming E/I currents
to the post-synaptic neuron after convergence (Fig Hd) in a setting with optimal connectivity for comparison with
the other plasticity protocols simulated with the same connectivity and noise levels.

i. Excitatory plasticity: Parameters of the Triplet rule

In our experiments presented in the main text, we have used a simplified form of the triplet STDP rule for the
excitatory synapses, which relies on identical slow and fast timescales for the pre and postsynaptic traces. We first
tested how robust our results are to changes on the LTD/LTP ratio (varying the ALTD ∈ [0.05, 1.2] and ALTP ∈
[0.05, 1.0]) as well as the timescale of the fast and slow traces. We found that qualitatively our results are robust to
these changes in the plasticity protocol.

Moreover, in order to ensure that our results did not depend on the particular form of the rule we used, we
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FIG. H. Weight development under the original protocol. The development of a. excitatory and b. inhibitory weights
over a minute of simulation time. c. The convergence point of excitatory (blue) and inhibitory weights (red). The inhibitory
weights are scaled to account for the slower synaptic constant of the inhibitory synapses and the smaller number of inhibitory
neurons. d. The resulting E/I currents on the postsynaptic neuron are tightly balanced.

replicated our main simulations using the original implementation of the triplet rule from [3], which implemented
different timescales for the pre and postsynaptic fast and slow traces.

Specifically, in this implementation, the pre and post-synaptic activity is tracked by the traces:

dyEk (t)

dt
=
−yEk (t)

τ fastpre

+
∑

f

δ(t− tfk), (2a)

dzEk (t)

dt
=
−zEk (t)

τ slowpre

+
∑

f

δ(t− tfk), (2b)

dx1(t)

dt
=
−x1(t)

τ fastpost

+
∑

f

δ(t− tfx), (2c)

dx2(t)

dt
=
−x2(t)

τ slowpost

+
∑

f

δ(t− tfx), (2d)

where τ fastpre = 16.8 ms, τ slowpre = 101 ms, τ fastpost = 33.7 ms and τ slowpost = 125 ms following the parameters from [3, 4].

Additionally, yEk (t), zEk (t) and x1(t), x2(t) represent the slow and fast traces of the k-th excitatory pre-synaptic

and the single post-synaptic neuron respectively while tfk and tfx are their respective firing times. The function δ(x)
represents a Dirac’s delta. The connection weights are updated upon pre and post-synaptic spiking according to

∆WE
k = ηE · yEk (t) · (A+

2 +A+
3 · x2(t)) ·

∑

f

R(t− tfx)− ηE · x1(t) · (A−2 +A−3 · zEk (t))
∑

f

R(t− tfk), (3)

where A−2 = 0.7, A−3 = 0.023, A+
2 = 7.5 · 10−8, A+

3 = 0.93 and ηE = 10−2, following the parameters of [3, 4]. We
see that under this protocol (Fig Ia, b), the weights develop very similarly to the one we used for our experiments
(Fig Ha, b) under optimal connectivity. Moreover, we see that strong co-tuning emerges (Fig Ic) as well as tightly
balanced E/I currents to the postsynaptic neuron as expected (Fig Id).
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FIG. I. Weight development with the original triplet rule parameters. The development of a. excitatory and b.
inhibitory weights over a minute of simulation time. c. The convergence point of excitatory (blue) and inhibitory weights
(red). The inhibitory weights are scaled to account for the slower synaptic constant of the inhibitory synapses and the smaller
number of inhibitory neurons. d. The resulting E/I currents on the postsynaptic neuron are tightly balanced.

ii. Excitatory plasticity: Triplet vs Pair rule

We further examined whether a different Hebbian learning rule in the excitatory synapses has any impact on our
results. In particular, we replaced the triplet rule [3] with a classic spike pair Hebbian rule [5], which relies on a single
pre and postsynaptic trace:

dyEk (t)

dt
=
−yEk (t)

τ
+
∑

f

δ(t− tfk), (4a)

dx(t)

dt
=
−x(t)

τ
+
∑

f

δ(t− tfx), (4b)

where yEk (t) the trace of the k-th presynaptic excitatory neuron, x(t) the trace of the postsynaptic neuron and
τ = 10 ms the time constant of the decay. The weight update happens as:

∆WE
k = ηE ·ALTP · yEk (t) ·

∑

f

R(t− tfx)− ηE ·ALTD · x(t)
∑

f

R(t− tfk), (5)

where ALTP = 1.0 and ALTD = 0.2 same as for the simplified triplet rule. Using the same competitive, synapse-
type specific normalization, we found that in this setting, the weight development as well as the impact of noise and
recurrence are similar to our original setting.

iii. Inhibitory learning rule target rate

We additionally examined several different target rates ρ0 (ranging from 0 to 6 Hz) for the inhibitory plasticity rule
(setting the rate to ρ0 = 0, i.e., making the inhibitory plasticity into a pure symmetric Hebbian rule, as was used in
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the original study of the normalization mechanism by [6]). Besides an expected change in the postsynaptic firing rate
after the convergence of the weights, we did not observe any other noticeable changes in our findings regarding the
emergence of co-tuning and input selectivity.

iv. Alternative implementations of the competitive Normalization

1. Regular vs event-based normalization steps

For reasons of numerical simulation speed, we implemented the weight normalisation in an asynchronous manner.
Specifically, we apply a normalisation step after every weight update occurs (i.e., after each postsynaptic spike all
connections get normalised and after each presynaptic spike the corresponding connection gets normalised). Since
the presynaptic population has a homogeneous firing rate (i.e., all neurons spike approximately the same number of
times) all connections are normalised approximately equally often, which makes this implementation behave similarly
to implementing the normalisation step on each time step of the simulation.

To test that this assumption is correct, we simulated a network with a regular normalization update, where all
connections are normalized simultaneously every time step (dt = 0.1 ms). Besides a modification of the rate of the
normalization ηN (necessary to counter the higher frequency of normalization in the regular case), we maintain the
exact same parameters as in the original experiment.
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FIG. J. Weight development with a regular normalization update. The development of a. excitatory and b. inhibitory
weights over a minute of simulation time. c. The convergence point of excitatory (blue) and inhibitory weights (red). The
inhibitory weights are scaled to account for the slower synaptic constant of the inhibitory synapses and the smaller number of
inhibitory neurons. d. The resulting E/I currents on the postsynaptic neuron are tightly balanced.

We observe that in this setting, the weight development happens very similar to the original experiment (Fig Ja,
b), producing co-tuning in cases with optimal input connectivity (Fig Jc) and tight E/I current balance (Fig Jd). In
summary, we find that the two normalization methods behave similarly for our setting, suggesting that our findings
are independent of how the weight normalization is implemented. However, in settings different from ours, where the
pre-synaptic rates are largely inhomogeneous, we would expect that the two normalization methods would produce
different results (since some weights would be normalized more often than others), which might lead to different
weight dynamics. Thus, the numerical convenience of the asynchronous normalization updates cannot be generally
used in simulations of other types of networks with potentially very different distributions of firing rates.
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2. “Soft” vs. “Strict” normalization: The impact of the normalization rate

As described in the ”Methods” section of the main text, we implement our normalization step as follows:

WA
k (t)← (1− ηN ) ·WA

k (t) + ηN ·WA
k (t) · WA

target∑NA

i=1W
A
i (t)

, A ∈ {E, I}. (6)

where ηN = 3 ·10−3 to match the equivalent excitatory and inhibitory learning rates. This essentially implements a
“soft” normalization, where the total sum of the incoming weights to the postsynaptic neuron is not kept constant in
each timestep but rather pushed towards maintaining a sum as close as possible to the target weight sum over time.

However, if we treated the normalization strictly as the preservation of synaptic resources over time following [6],
we would need to set ηN = 1, in order to preserve the exact weight sum constant for each time step. This approach
would impose a very strict condition, which, in combination with the small learning rates of the E and I plasticity,
would prevent weight diversification.

One way of countering this is by massively increasing the E and I learning rates, but this tends to make the learning
dynamics unstable. Another way of solving this problem is by implementing the normalisation regularly but not on
every time step (a solution that has been used previously in [4]), for example, implementing it every 20 ms. This
does lead to stable learning, but it also occasionally promotes winner-take-all connectivity, which is not in itself
problematic, but may be undesirable for some types of coding. The emergence of winner-take-all connectivity can,
in turn, be potentially countered by faster inhibitory plasticity relative to the excitatory plasticity, but finding the
exact parameters can involve a fair amount of fine-tuning. For our experiment, the “soft” which can be biologically
justified as a competition for synaptic resources among multiple neurons, happening on a very slow timescale, clearly
leads to more plausible and stable results.

v. Subtractive Normalization with modified input

FIG. K. Alternative normalization protocol. The development of a. excitatory and b. inhibitory weights over a minute
of simulation time. c. The convergence point of excitatory (blue) and inhibitory weights (red). The inhibitory weights are
scaled to account for the slower synaptic constant of the inhibitory synapses and the smaller number of inhibitory neurons. d.
The resulting E/I currents on the postsynaptic neuron are tightly balanced.

Finally, in order to fully demonstrate that our results are independent of the exact normalization protocol, we studied
both the triplet [3] and pair [5] excitatory Hebbian rules combined with a subtractive normalization mechanism that
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has been previously used in plasticity studies [4, 7]. Following our setting for the multiplicative normalization, we
applied this rule also as a “soft” normalization in the excitatory synapses (the inhibitory synapses are not normalized
in this setting):

WE
k (t)← (1− ηN ) ·WE

k (t) + ηN ·WE
k (t) ·

∑NE

i=1W
E
i −W target

NE
. (7)

In 2016 [8], it was demonstrated that subtractive normalization only on the excitatory connections will lead to all
the weights converging on the same point due to the inhibitory plasticity creating a moving threshold. In order to
prevent this collapse of the receptive field, enforced inhomogeneity on the firing rates of different groups is needed.
We solved this problem by giving the network’s input as pulses of 100 mS during which some of the input groups
firing rate quadruples. This enforces inhomogeneous firing rates, which result in the emergence of stable, diverse, and
co-tuned feedforward connectivity (Fig Ka - c). We also verified that the post-synaptic neuron is tightly balanced
(Fig Kd) and maintains a stable firing rate.

We verified that the co-tuning achieved in this setting, similar to the mechanism presented in the main text, suffers
from the introduction of noise and recurrent connectivity. Furthermore, the assembling principles that we derived
for the original network seem to have a similarly beneficial effect on this setting, restoring the original covariance
structure of the network’s activity and leading to detailed co-tuning between the excitatory and inhibitory feedforward
connections.

F. Convergence of weights to an eigenvector of a modified covariance matrix under plasticity

The study that introduced the competitive synapse type-specific normalization [6] analytically predicted that for
Hebbian E and I feedforward plasticity, the convergence point of the weights is an eigenvector of the modified covariance
matrix (Fig La):

C =

〈(
EET −EIT
IET −IIT

)〉
(8)

where E, I are the activities of the excitatory and inhibitory populations, respectively.

We test whether in our modified plasticity protocol (simplified Triplet STDP in E connections, slower normalization),
the convergence point can be approximated by an eigenvector of the above matrix.

FIG. L. Weights converge to an eigenvector of the covariance matrix. a: The estimated covariance matrix for a
feedforward network. b. We verify that the convergence point of the weights is an eigenvector of the covariance matrix.

Specifically, we multiply the converged weight vector with a numerical calculation of the covariance (estimated via
binning of the spike trains with a bin size of 1 mS), for different noise and recurrence settings, and we verify that
the resulting product is approximately equal to a multiple of the original weight matrix (Fig Lb). This indicates that
despite the differences in the learning protocol, the plasticity converge point is largely controlled by the covariance
structure of the population activity.
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FIG. M. Changes of the various assemblies strengths differently affect weight co-tuning and diversity. a. We
sequentially vary the value of each assembly strength while keeping the rest of the parameters fixed at the maximum a posteriori
(MAP) solution (d). b. A decrease in the E ← E, assembly strength (RE�E) introduces synchronous burst-like events that
jeopardize co-tuning and weight diversity. Further reduction of the E ← E assembly strength results in sparse, asynchronous
spiking, which significantly reduces tuning quality. c. Reduction of I ← E assembly strength first leads to synchronous
inhibitory firing across groups, and further reduction leads to persistent activity of the whole inhibitory population combined
with bursts of excitatory activity that prevent the development of diversity. e. Decreasing the E ← I assembly strength leads
to persistent activation of a single group of neurons (which affects the tuning only marginally). While the increase of the E ← I
assembly strength leads to synchronized behavior of the whole network. f. Weakening the I ← I assemblies decreases the
weight diversity by introducing occasional synchronous bursts in the network while strengthening them leads to asynchronous
inhibitory activity.

G. Perturbation of the optimal assembly strengths leads to diverse effects on the network’s activity

To investigate the relative importance of the different connection types, we perturb various assemblies away from
the optimal solutions inferred with ABC and check the resulting changes on the network activity as well as how fast
the weight co-tuning and diversity deteriorate.

We find that E ← I assemblies have a strong impact on the resulting network dynamics and, consequently, the
statistics that determine the emergence of co-tuning (Fig Me). Thus, when E ← I assemblies are too strong, the
network exhibits synchronous behaviour that does not allow discrimination between neuron groups and, consequently,
the emergence of co-tuned connectivity. In contrast, when E ← I assemblies are too weak, one group of neurons is
constantly active. This eventually leads to perfect discrimination of only a single input.

E ← E assemblies also have a strong effect on the resulting learned connectivity. When they are reduced, the
weight diversity rapidly reduces, while the weight co-tuning metric first decreases and then restores. This behaviour
is related to two different bifurcations in the population dynamics. First, synchronous full-network bursts emerge on
top of the stimulus-induced firing (Fig Ma). Then, as E ← E are reduced further, the network enters an asynchronous
irregular state (Fig Ma).

Perturbations of I ← I and I ← E assemblies have a weaker effect on the weight co-tuning and diversity. Specifically,
when I ← I assemblies are weakened, the network displays synchronous bursts on top of the stimulus-driven activity
that only minimally reduces the weight co-tuning and diversity (Fig Md). When I ← E assemblies are reduced, the
weight diversity slowly decreases due to a decrease in the diversity of inhibitory weights. Thus, the activity of the
inhibitory population becomes more discoordinated (Fig Mc). On the other hand, a network with uniform I ← E
connections (i.e., without I ← E assemblies), shows a dramatic reduction in the weight co-tuning metric because of
very strong activation of a single neuron group accompanied by the simultaneous activity of all inhibitory neurons
(Fig Mc).
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H. Reduced model calculations

i. Derivation of the equations

In this Appendix, we start from the main text Eqs. 14,

ẋi =axi + byi +
1

M − 1

∑

j 6=i

(
WE�Exj +WE�Iyj

)
+ σintξ

x
i (t) + σextηi (t) + η0, (9a)

ẏi =cxi + dyi +
1

M − 1

∑

j 6=i

(
W I�Exj +W I�Iyj

)
+ σintξ

y
i (t) + σextηi (t) + η0. (9b)

where we consider M groups composed by excitatory xi(t) and inhibitory yi(t) populations (i = 1, . . . , n) coupled
linearly (see also Methods). Internal noise of each population is represented by ξxi (t) and ξyi (t) for excitatory and
inhibitory populations, respectively. On the other hand, external noise ηi(t) is shared among both populations. All
the noises have zero mean and correlations

〈
ξci ξ

c′
j

〉
=δcc′δijδ (t− t′) , (10a)

〈ξci (t) ηj (t′)〉 =0 ∀i, j, t, t′, (10b)

〈ηi (t) ηj (t′)〉 =δijδ (t− t′) . (10c)

We will derive closed expressions for the correlation coefficients. We would like to remark that 〈·〉means an ensemble
average over noise realizations. All stochastic equations are to be interpreted in the Itô convention[9].

First of all, we redefine the noise terms, which will prove convenient later to simplify the algebra. For this reason,
we define

ξ1i (t) = σintξ
x
i (t) + σextηi (t) , (11a)

ξ2i (t) = σintξ
y
i (t) + σextηi (t) , (11b)

which are Gaussian white noises with zero mean and correlation matrix

〈
ξ1i (t) ξ1j (t′)

〉
=
〈
ξ2i (t) ξ2j (t′)

〉
=δijδ (t− t′)

(
σ2
int + σ2

ext

)
, (12a)

〈
ξ1i (t) ξ2j (t′)

〉
=δijδ (t− t′)σ2

ext. (12b)

To start with, one can obtain the average values for the stationary rates by applying averages to both sides of
equations (9) and imposing the stationary state condition, 〈ẋi〉 = 〈ẏi〉 = 0. Once this is done, it is immediate to solve
the resulting linear system and check that 〈x∗i 〉, 〈y∗i 〉 ∝ η0, where the star (*) indicates that these values correspond
to the stationary state. Hence, making η0 = 0 the mean values vanish. One can demonstrate that correlations do not
depend on η0, and hence we can make η0 = 0 without loss of generality. Conceptually, this means just shifting up or
down the baseline of fluctuations of the firing rate, which does not affect the fluctuations themselves.

To compute correlations, we need to evaluate the second-order moments between different populations as 〈xiyj〉 or
〈x2i 〉. A possible way of doing this is starting from the analytical solution of the multidimensional Orstein-Uhlenbeck
process [10]. However, this approach will yield a linear system with N(N + 1)/2 variables to solve for, which are
all the elements of the (symmetric) correlation matrix. But all the groups are identical (or indistinguishable), so we
expect correlations not to depend on the particular population chosen. Therefore, all the equations will be reduced
to just 6 covariances: 〈xixj〉, 〈xiyj〉, 〈yiyj〉, 〈x2i 〉, 〈xiyi〉 and 〈y2i 〉.

In this context, it is conceptually simpler to obtain equations for the evolution of the second moments and then
evaluate them in the stationary state. Here, we report in detail the computation of two of these moments as an
example, giving just the final answer for the other four, which is performed in an analogous way.

First, we define Xij = xixj , and then look for the time evolution of Xij , i.e., Ẋij . Notice that this is a non-linear
change of variables, and thus Itô’s lemma is required. The lemma tells us that if we have a change of variables
z = z(x), then one has to include the second-order terms in the expansion,

dz =
N∑

i=1

∂xi
zdxi

︸ ︷︷ ︸
Chain rule

+
1

2

N∑

i=1

∂xi∂xjzdxidxj

︸ ︷︷ ︸
Itô’s lemma

. (13)
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The terms dxi can be obtained as ẋidt. It is important to remark that in this procedure noise terms are rewritten
as the differential of the Wiener processes, i.e., ηi(t)dt = dWi. After applying the Itô lemma above, only terms up to

order dt should be taken into account. Notice that dWi(t) ∝
√
dt [10]. Finally, one just divides again by dt to recover

the stochastic differential equation and applies the ensemble average.
For Xij , this reads as

d 〈xixj〉
dt

= 〈ẋixj〉+ 〈xiẋj〉+
1

2
〈ẋiẋj〉 =

a 〈xixj〉+ b 〈yixj〉+
WE�E

M − 1

∑

k 6=i

〈xkxj〉+
WE�I

M − 1

∑

k 6=i

〈ykxj〉+

+ a 〈xixj〉+ b 〈xiyj〉+
WE�E

M − 1

∑

k 6=j

〈xixk〉+
WE�I

M − 1

∑

k 6=j

〈xiyk〉+
〈
ξ1i xj

〉
+
〈
xiξ

1
j

〉
+
〈
ξ1i ξ

1
j

〉
+O

(
dt2
)
, (14)

where all the averages between the noise and the variable yield 0, due to Itô’s prescription. The next step is to
simplify the sums involving correlations. As discussed above, since clusters are indistinguishable, all the terms are
exactly the same. However, the dummy index k will also take the value of the fixed index, k = j, and this has to be
taken into account separately since the in-group is different to the between-group one. Then,

∑

k 6=i

〈xkxj〉 = (M − 2) 〈xixj〉+
〈
x2i
〉
, (15)

allowing us to simplify the equation. At this step we simplify the notation by letting Xij = 〈xixj〉, Zij = 〈xiyj〉,
Yi = 〈y2i 〉, etc., leading to

1

2
Ẋij =

(
a+

M − 2

M − 1
WE�E

)
Xij +

(
b+

M − 2

M − 1
WE�I

)
Zij +

1

M − 1

[
WE�EXi +WE�IZi

]
. (16)

The same procedure can be repeated for all the other correlations, such as

d
〈
y2i
〉

dt
= 〈2yiẏi〉+

1

2

〈
2ẏ2i
〉

=

2c 〈xiyi〉+ 2d
〈
y2i
〉

+
2W I�E

M − 1

∑

k 6=i

〈yixk〉+
2W I�I

M − 1

∑

k 6=i

〈yiyk〉+ 2
〈
yiξ

2
i

〉
+
〈
ξ2i ξ

2
i

〉
=

2c 〈Zi〉+ 2d 〈Yi〉+ 2W I�E 〈Zij〉+ 2W I�I 〈Yij〉+ σ2
int + σ2

ext, (17)

where now the correlation between noises yields a non-vanishing value. This operation is repeated with all the
remaining terms, in order to find a linear system of differential equations with 6 variables and 6 equations,

1

2
Ẋi =aXi + bZi +

[
WE�EXij +WE�IZij

]
+

1

2

(
σ2
int + σ2

ext

)
, (18a)

1

2
Ẏi =cZi + dYi +

[
W I�EZij +W I�IYij

]
+

1

2

(
σ2
int + σ2

ext

)
, (18b)

Żi =cXi + (a+ d)Zi + bYi +
[
W I�EXij +

(
WE�E +W I�I

)
Zij +WE�IYij

]
+ σ2

ext, (18c)

1

2
Ẋij =

(
a+

M − 2

M − 1
WE�E

)
Xij +

(
b+

M − 2

M − 1
WE�I

)
Zij +

1

M − 1

[
WE�EXi +WE�IZi

]
, (18d)

1

2
Ẏij =

(
d+

M − 2

M − 1
W I�I

)
Yij +

(
c+

M − 2

M − 1
W I�E

)
Zij +

1

M − 1

[
W I�IYi +W I�EZi

]
, (18e)

Żij =

(
c+

M − 2

M − 1
W I�E

)
Xij +

(
b+

M − 2

M − 1
WE�I

)
Yij +

(
a+ d+

M − 2

M − 1

(
WE��E +W I��I

))
Zij+ (18f)

+
1

M − 1

[
W I�EXi +WE�IYi +

(
WE�E +W I�I

)
Zi

]
. (18g)
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This system can be solved in the stationary limit when all the derivatives of the left-hand side are zero. From these,
one is able to obtain the Pearson correlation coefficients. Correlation with itself is always unity, thus there are only
four coefficients remaining: the correlation between excitation and inhibition inside a group C int

EI = Z∗i /
√
X∗i Y

∗
i , and

all three between-group correlations, Cext
EE = X∗ij/X

∗
i , Cext

II = Y ∗ij/Y
∗
i , and Cext

EI = Z∗ij/
√
X∗i Y

∗
i .

ii. Solutions for the homogeneous network

In some special cases, it is possible to give a simple solution in closed form for the correlation coefficients. One
example is the homogeneous network: when all weights are identical, and an intrinsic decay is added to both the
excitatory and inhibitory populations (i.e., with c = WE�E = W I�E = +W , b = W I�E = W I�I = −W and
a = W − 1, d = −W − 1) the solution reads

C int
EI =

r2 (M − 1)
2

+W 2 (1− r)2M√
M2 (1− r)4W 4 + (M − 1) (1− r)2W 2 [M(2− 4(1− r)r)− (1− r)2] + (M − 1)4 [2(r − 1)r + 1]

2
, (19a)

Cext
EI =

W 2 (1− r)2M√
M2 (1− r)4W 4 + (M − 1) (1− r)2W 2 (M(4(r − 1)r + 2)− (r − 1)2) + (M − 1)4(2(r − 1)r + 1)2

, (19b)

Cext
EE =

(1− r)2W ((W + 1)M − 1)

M(1− r)2W 2 + (M − 1)(1− r)2W + (1−M)2 [1− 2(1− r)r] , (19c)

Cext
II =

(1− r)2W ((W − 1)M + 1)

M(1− r)2W 2 − (M − 1)(1− r)2W + (1−M)2 [1− 2(1− r)r] , (19d)

where we defined r as the signal-to-noise ratio, σint = rσ, σext = (1 − r)σ. This analytical solution has some
interesting features. First, notice it does not depend on the total amount of noise σ that the system receives, but only
on the ratio between external and internal noise. Second, if W → ∞ all correlations go to 1, making the diversity
between groups vanish. Expanding in series around ε = 1/W = 0, one can see that all coefficients are C = 1−O(1/W 2)
for large coupling.

It is also possible to study the limiting values of the noise. r = 1 makes all the between-group correlations equal to
zero, while coupling determines the in-group value. On the other hand, when r � 1, one gets

C int
EI ' Cext

EI '
MW 2

(M − 1)2
+O(r2), (20a)

Cext
EE ' −Cext

II '
W

M − 1
+O(r2). (20b)

meaning that the external correlations grow linearly with the coupling, but quadratically with the signal-to-noise
ratio: a small increase in coupling needs to be followed by a larger increase in signal intensity in order to recover the
previous tuning. As a result, the coupling has a larger impact on tuning than the signal-to-noise ratio, an effect that
can be measured in the full spiking network.

Finally, we see that between-group correlations also tend to zero as the limit M → +∞ is taken, since in that
case, the input that a module receives from all others becomes just white noise. A finite number of clusters (or finite
connectivity among them) is thus required for tuning.

I. Clustering optimisation

Optimization of clustering for a fully connected network can be done by minimizing a loss function that depends
on the correlations. A simple possibility is to employ minimum squares,

Lan[C; p] =
(
1− C int

EI

)2
+
(
Cext

EE

)2
+
(
Cext

EI

)2
+
(
Cext

II

)2
. (21)

The solution and associated optimal correlations are shown in N. There are several key remarks following from this
figure:



15

FIG. N. Optimical clustering for the analytical results. The selected values of the clustering lead to large decorrelations
between different groups. Large correlations in-group can be achieved for high values of recurrence and external noise. In this
case, highly clustered excitation and homogeneous inhibition are recovered.

1. Even for very large clustering and extremely low signal-to-noise ratio, the clustering is able to provide an in-group
correlation close to unity combined with low between-group correlations, thus ensuring co-tuning.

2. Inhibition to excitation never clusters. Inhibitory neurons act over excitatory individuals regardless of their
cluster.

3. Excitatory connections are clustered. In particular, excitatory connections always project to inhibitory neurons
in their own cluster but not to other ones. Excitatory-to-excitatory connectivity is also strongly clustered,
except for large coupling.

4. Inhibition controls excitation for large W . If one keeps highly clustered excitation and increases the coupling,
the dynamics of single modules become unstable at a critical value Wc(r). However, the network can remain
stable if the excitatory clustering is reduced and the amount of inhibition in the group increases, which can be
accomplished by increasing rII .

5. When the signal-to-noise ratio is close to one, clustering becomes mostly irrelevant, since the system is driven
by the external input, which allows co-tuning easily.

Notice that the optimization algorithm automatically finds solutions where the equations are well-defined –i.e.,
where the system reaches a stationary state– thus selecting to increase the inhibitory clustering when W goes over
the instability threshold (Fig N).

Therefore, the analytical approach is able to find a good candidate for optimal clustering depending on the network
dynamics. Although it cannot be directly applied to the spiking network, which is able to display richer dynamics,
it tells us that, as a rule of thumb, excitatory clustering should be as high as possible while avoiding crossing an
instability threshold. If this happens, inhibition needs to be increased.
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J. The inferred connectivity structure encourages competition between assemblies

The distribution of optimal assembly strengths we identify (Fig Oa), consists in very strong excitatory assemblies
and much weaker inhibitory assemblies, leading to strong excitatory connections among neurons of the same input
group and more spread-out inhibitory connections that also target neurons from other groups.

In our network, this global inhibition setting promotes competition between different assemblies which generates
the desired correlation structure in the population activity. Essentially, when a group receives an external input, the
strong excitatory connections within the group (projecting to both E and I in-group neurons) will lead to high activity
of all the neurons (both E and I) in the group. However, unlike the E connections, which largely target other neurons
inside the group, the I connections (targeting both E and I neurons) are mostly directed toward the neurons of other
groups, which means that the high inhibitory activity inside the group would lead to the suppression of the activity
(in both E and I neurons) of other groups.

FIG. O. a The posterior distrubution of assembly strengths. It promotes very localized excitatory and relatively broad inhibitory
connectivity. b A diagrammatic representation of how the inferred connectivity is tuned for decorrelating the activities of
different groups
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K. Tables of parameters

We mostly used the neuron model parameters from the original inhibitory STDP paper [11].

Network Model
Symbol Description Value
N Number of neurons 1000
NE Number of E neurons 800
NI Number of I neurons 200
M Number of input groups 8
gleak Leak conductance 10 nS
Vrest Resting potential -60 mV
Vreset Reset potential -60 mV
Vth Spiking threshold -50 mV
VE Excitatory reversal potential 0 mV
VI Inhibitory reversal potential -80 mV
Cm Membrane capacitance 200 pF
τref Absolute refractory period 5 ms
τE Decay time constant of E conductance 5 ms
τI Decay time constant of I conductance 10 ms
gE E weight scaling constant 1.4 nS
gI I weight scaling constant 3.5 nS

TABLE A. The parameters used in all simulations (unless otherwise specified) for the network and neuron models

Plasticity Rules
Symbol Description Value

τestdp1 Slow eSTDP timescale 50 ms

τestdp2 Fast eSTDP timescale 10 ms
ηE eSTDP learning rate 0.0025
ALTP Long term potentiation amplitude 1.0
ALTD Long term depression amplitude 0.2
τ istdp iSTDP timescale 10 ms
ηI iSTDP learning rate 0.01
ρ0 iSTDP target firing rate 3 Hz
ηN Normalization learning rate 0.003
WE

target Excitatory normalization target 5.0
W I

target Inhibitory normalization target 5.0

TABLE B. The parameters used in all simulations (unless otherwise specified) for the plasticity rules

ABC Optimization
Symbol Description Value
α weight of in-group correlation 0.1
β weight of between-group correlations 0.3

TABLE C. The parameters used for the loss of the ABC
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Structural modularity is a ubiquitous feature of biological neural networks and has been associated
with rich dynamics that can impact computational performance. However, brain networks are
characterized by diverse neuron types with distinct connectivity patterns. Still, the impact of cell-
type specific modular structures on network dynamics and computational; capacity has not been
explicitly investigated before. Here, using methods from statistical mechanics, we demonstrate
how different levels of excitatory and inhibitory modularity can regulate the dynamical state of
a balanced E/I network. We further showcase how the dynamical state generated by the E/I
topology can affect the network’s performance using a reservoir computing framework. Our findings
propose analytical methods for the study of E/I networks with inhomogeneous connectivity and
demonstrate how, by regulating a network’s dynamical state, cell-type specific network topologies
can optimize a its performance in complex temporal tasks.

I. INTRODUCTION

Biological neural networks are characterized by a
pronounced inhomogeneity in their connectivity, which
prominently manifests by the formation of modules or
clusters of highly interconnected areas that sparsely con-
nect to different areas [1–3]. Modular and clustered con-
nectivity structures have been shown to significantly im-
pact network dynamics, including controlling population
bursting [4] and cascading dynamics [5] as well as in-
creasing the robustness of attractor dynamics [6]. Addi-
tionally, the dynamics associated with modular networks
have been shown to match the dynamics of cortical pop-
ulations [7, 8] and impact information processing [9] and
task performance [10].

Thus, understanding the impact of the modular topol-
ogy on the network’s dynamics is essential to grasp how
the cortex extract and process information. However, bi-
ological neural networks are characterized by a large di-
versity of neuron types, each of whom follows distinct
connectivity patterns [11], including different types of
inhibitory neurons, which form inhomogeneous connec-
tivity structures [12, 13]. Despite this, most theoretical
studies focusing on the dynamics of clustered and mod-
ular brain networks, focus on excitatory neurons alone
[7, 14, 15] and the few studies combining excitation and
inhibition largely focus on the dynamics of balanced net-
works under spatial constraints [16, 17]. However, despite
promising results on the impact of E/I clusters [18, 19]
on network dynamics, the potential impact of neuron-
type specific modular structures for population dynamics
and information processing has not been studied before.

Since different levels of excitatory clustering with uni-
form inhibition has already demonstrated to create very
rich dynamics characterized by long autocorrelations [14],

∗ These authors contributed equally.

the impact of different E and I modular structures on
population dynamics could have serious implications on
the computational capabilities of neuronal networks. For
instance, clustered spiking E/I networks have already
demonstrated to be able to learn more efficiently in the
context of reinforcement learning [20].

Here we study the dynamics and the computational
capabilities of a modular, balanced rate network with
cell-type specific connectivity. Using dynamic mean-field
analysis, we develop a full map of the network’s dynam-
ics, explicitly showing how different levels of E/I mod-
ularity influence the network’s dynamical state. Then,
we link network dynamics with the network’s capacity
to perform a complex time-series prediction task, using
an echo state network (ESN) to assess the computational
capabilities of the system. We map the relation between
different dynamical states, as defined by the network’s
topology and the ESN’s performance. Finally, we study
how the structure of the external input interacts with
the network’s topology. We examine how the interplay
between E/I structured recurrent connectivity and input
specificity ultimately impacts task performance.

Our results provide a mapping between the structure of
random E/I network, characterized by arbitrary levels of
modularity, and the resulting population dynamics. We
find that networks with stronger clustered excitation can
prevent the network from entering into a chaotic state,
boosting its performance. In general, we observe that
larger heterogeneity in the neurons’ average rates helps
to boost the network’s performance at the task. Our find-
ings indicate that structured networks obeying Dale’s law
benefit from distinct E/I connectivity patterns to opti-
mize their ability to perform complex tasks and suggest
a possible link between cortical connectivity modularity
and the emergence of population dynamics beneficial for
intricate computations.
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Fig 1. Different levels of E and I modularity control network dynamics and optimizes computational
capabilities. We investigate the impact of synapse-type specific recurrent connectivity on the dynamics of a
balanced network and evaluate its impact on the network’s computational capabilities. Using dynamic mean-field
theory, we map different network topologies to distinct dynamical states and, using a reservoir computing
framework, we show how the analytically-derived dynamical state controls the network’s performance in a time
series prediction task.

II. RESULTS

We use a network of N rate-neurons split into M mod-
ules of N/M neurons. Each module contains the same
number of excitatory and inhibitory neurons, which form
excitatory and inhibitory subpopulations. Thus, the net-
work has 2M populations that we index with Greek let-
ters µ ∈ {1, . . . , 2M}, where odd populations are exci-
tatory and even are inhibitory and populations from the
same module have consequent indices. To map the pop-
ulations to their respective modules, we define an index
function

I : {1, . . . , 2M} → {1, . . .M}, I(µ) = Mµ,

where Mµ is an index of the module containing the pop-
ulation µ. Additionally, we define J : {1, . . . , 2M} →
{I, E}, J(µ) = I if µ is inhibitory population and
J(µ) = E otherwise. We vary the network’s modularity
(how strongly modules connect within each other com-
pared to connected across modules) while maintaining
the total number of connections in the network constant.
To do so, we define a modularity metric r ∈ [0, 1] such
that for r = 0, the network connectivity is uniform (no
modules) and for r = 1 the modules are fully discon-
nected. Specifically, the probability of connection from a
neuron j in population ν to a neuron i in population µ
is given by:

pµνij =

{
p0
M ·

[
1 + (M − 1) · rJ(µ)J(ν)

]
, I(µ) = I(ν)

p0
M ·

[
1− rJ(µ)J(ν)

]
, otherwise

(1)

where the probability p0 controls the overall sparsity of
the network. Here, we study the effects of different mod-
ularity levels for the excitatory and inhibitory population
by varying the rE = rIE = rEE and rI = rII = rEI , thus
allowing the modularity to depend only on the identity
of the presynaptic neuron. This way, we control the frac-
tions of excitatory/inhibitory connections each neuron
receives from its module to the total number of incoming
excitatory/inhibitory connections (Fig. 1, Fig. 2 a).

A. The level of excitatory vs inhibitory modularity
controls the network’s dynamics

We start by analysing the dynamical properties of E/I
modular networks in the absence of external inputs. It
has been shown that such dynamical properties are corre-
lated with the computational capabilities of the networks.
Specifically, in the case of echo-state networks, the echo-
state property requires that the network’s largest Lya-
punov exponent is below unity to avoid the divergence of
the system [21–23]. However, being at the edge of chaos
positively impacts the network’s performance [22, 24, 25]
and hence locating such a transition is of foremost im-
portance.

In a random heterogeneous network, the transition
from a stable fixed point to chaotic dynamics is char-
acterised by the spectral radius crossing the stability
threshold. At this point, many eigenmodes are desta-
bilized at the same time, leading to chaotic dynamics
for individual nodes. In contrast, if a single eigenvalue
crosses the threshold a single mode is destabilized, lead-
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Fig 2. Dynamics of the reservoir network. a. Visual decomposition of the N ×N connectivity matrix as mean
and variance components. b. Phase diagram of the recurrent network in the absence of external input, as predicted
by topology and dynamic mean-field theory. Continuous lines represent bifurcations where the stability of fixed
points changes. The discontinuous line shows an abrupt change in the variance around the monostable fixed point.
The dashed vertical line indicates the section used in panel (d). c. Examples trajectories of individual neurons for
networks of N = 3000 for all 4 different phases of the diagram (left) and the corresponding spectrum of the
connectivity matrix. The outlier eigenvalue, as predicted by the reduced matrix wµν , is shown by a larger dot. The
dotted grey lines indicate the threshold of instability. d. Variance of the distribution of fixed points around their
mean as a function of the clustering for a fixed spectral radius. A continuous line indicates the theoretical results
from the DMFT, while dots are values obtained averaging 10 networks of size N = 1000. e. Same as (d), but fixing
r = 0.1 and changing the spectral radius instead.

ing to a new stable fixed point or limit cycle. Recently,
Dahmen et al. have highlighted the differences between
both transitions and its impact in the correlation struc-
ture of neurons [26].

Hence, we first find under which conditions our net-
work’s spectral radius can potentially cross an instabil-
ity; these theoretical results will be the basis to later
compare the performance of our reservoirs. The details
of the analytical derivation are written step-by-step in
the Supplementary I, but we outline the main results
and their consequences here.

Firstly, we characterise our recurrent network using
a N × N matrix in which each block is approximated
by random Gaussian weights (Fig. 2a). This is a very
robust approximation, used successfully in similar setups
[27–30]. With it, the network can be written as

Wµν
ij '

wµν
N

+
σµν√
N
zµνij , (2)

The matrix zµνij ∼ N (0, 1) is composed by standard
Gaussian variables, and wµν , σµν encode the average and
standard deviation of each module.

The spectrum of the full matrix Ŵ is completely deter-
mined by that of the reduced mean and variance matri-
ces, ŵ and σ̂ [29, 31]. In particular, the largest eigenvalue

of ŵ yields a potential discrete outlier of Ŵ , while the

square root of the largest eigenvalue of σ̂2 returns its
spectral radius. We leverage this to study analytically
the spectrum of the matrices in a simple, but illustrative
case, in which we have only two modules (M = 2) with
rEE = rIE = rE ≡ r and rEI = rII = rI ≡ 1− r. There-
fore, when excitatory neurons are very clustered, inhibi-
tion is practically random and vice versa. This setting
allows us to maintain a constant level of modularity, while
varying the type of neurons that are module-specific. In
Sup. Info. II, we show that all dynamics regimes present
in the system when excitation and inhibition modular-
ity change independently appear also just by moving r.
Then, to have an overview of the system’s dynamical
properties, it suffices to use r as a control parameter for
the topology.

In this case, the reduced matrices take a simple form
(see Supplementary I) and can be diagonalized exactly.

The outlier and spectral radius for Ŵ are given by

λot =p(2r − 1)w0, (3)

λsr =
√
σ2
w + w2

0(1− p), (4)

where w0 and σ2
w are the mean and variance of the

weight distribution, respectively. The first surprising fea-
ture should be the fact that for small r we can have a large
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Fig 3. The dynamical state impacts the computational performance of the ESN.a. An outline of the
Echo State Network (ESN) b. The histogram loss evaluates the ESN’s performance by comparing the distribution of
points in the predicted and target time series. c. The divergence time of the predicted and target time series gives
us a second measure of the ESN’s performance. d. The histogram and e. divergence time losses for different E and
I modularity values and a spectral radius of λ = 6.5 indicate that, as expected from the analytics, the
computational capabilities are optimized near the point of the chaotic transition. f. The average histogram and g.
divergence time losses for different levels of E and I modularity (due to the symmetry in E and I modularity, we
study the change along the rE = 1− rI line) largely matches the analytically estimated network dynamics. We plot
here the performance of the ESN in reconstructing the Lorenz attractor. h. Reconstructions of four different chaotic
attractors by the reservoir. The blue lines show the input data and the orange lines the ESN’s the prediction.

discrete spectral outlier. Even in a balanced network, the
topological structure is able to generate a spectral outlier,
and make our system function similarly to a excitation
dominated network. As discussed above, the network
cannot experience a transition to a chaotic regime when
such an isolated eigenvalue is dominating. For the chaotic
transition to happen, the spectral disk must cross the in-
stability first. This is possible only when the outlier has
been merged inside the spectral disk. The first point at
when this can happen is when the outlier touches the
spectral radius, i.e., at λot(rc) = λsr(rc). Solving for rc,
we get

rc =
1

2
+

1

2

√
σ2
w + w2

0(1− p)
pw0

. (5)

Having, r < rc is a necessary condition to have chaotic
dynamics. However, it is not sufficient: once the out-
lier has been merged inside the spectral disk, the disk
needs to be large enough in order to overcome the insta-

bility threshold. We would like to remark that rc holds
independently of the size of such spectral radius (see Sup-
plementary A for more details). This means that as soon

as the spectral radius of Ŵ is large enough to produce
chaos, crossing r = rc leads to a chaotic regime (Fig. 2b).

Thus, the immediate next question is: where is the in-
stability threshold? what is the minimal spectral radius
needed to generate chaos? We used a dynamical mean-
field theory (DMFT) approach [27, 29] to compute the
threshold of instability. The DMFT approach allows one
to substitute all variables by a set of 2M representative
nodes, one for each module. Complete derivation details
are given in Supplementary A. We obtain that the sta-
bility of the fixed point and the transition happen when
the largest eigenvalue λS of

Sµν = aµσ
2
µν〈[φ′(y∗ν)]

2〉 (6)

becomes larger than unity. aµ is the fraction of neurons
in a module µ (in our case, all aµ = Nµ/(2M)), while y∗
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transition to the critical spectral radius λc for increasing system sizes. The network is tasked with the
reconstruction of 2 (red) or 4 (green) chaotic attractors at the same time. The distance to criticality shifts with the
number of attractors, but decreases with the system size. To estimate the transition point, we find the point where
the loss increases abruptly for each value of r below rc, and then average. b. Loss landscape for different system
sizes and number of oscillators to reconstruct. (c),(d) Same as (a), (b) but using the divergence time instead of the
histogram loss.

indicates the value of the fixed point and 〈[φ′(y∗ν)]
2〉 is

an average over the distribution of fixed points. Observe
that in the setting of DMFT it is assumed that all nodes
in the same module have equivalent behaviour.

In the absence of modularity or structure, the largest
eigenvalue λS of the matrix Ŝ is just the spectral radius of

the network multiplied by 〈[φ′(y∗)]2〉; hence, we refer to
λS as the generalized spectral radius, since it generalizes
its role in the modular case. In order to determine the
location to the transition to chaos it suffices to see when
the generalized spectral radius becomes larger than unity
(Fig. 2c).

B. Computational capabilities depend on the
dynamical state

Having an understanding of how network modularity
affects dynamics, we examine how these impact the net-
works’ ability to perform computational tasks. To this
end we use the recurrent networks as reservoirs in an
Echo State network (ESN) [32] whose readout layer is
trained to predict the trajectory of chaotic timeseries
(Fig. 3a).

We were evaluating a network’s performance based
on two metrics: the distance between the distribution
of points in the target and predicted time series (his-
togram loss Fig. 3b) and the first time point where the
two time series diverge (divergence time Fig. 3c). Due
to the chaotic nature of the target time series, diver-
gence between the data and the learned trajectory will
happen. After the divergence, however, the reservoir tra-
jectory might continue to be close to the set of points in
the chaotic attractor or not. Thus, the divergence time
quantifies how accurately the reservoir can replicate the
specific trajectory presented, while the histogram loss
measures how well the system learns the attractor set
in the phase space. We report both metrics for all our
experiments.

First, we test the performance with the Lorenz attrac-
tor, a three-dimensional chaotic attractor commonly used
for time series prediction tasks. We begin by testing
whether the performance is affected for different levels
of modularity in the E and I recurrent connections for
a fixed spectral radius λ = 10. We see that as expected
from the analysis of the network’s dynamics, the distri-
bution of losses is largely symmetric with respect to the
rE = 1−rI line (Fig. 3d, e). This suggests that the reser-
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voir’s performance is primarily determined by the ratio
of E to I modularity rather than the exact value of either
variable.

When we look at how the losses change as we change
the E and I modularity in opposite directions (i.e. we
set r = rE = 1− rI), we verify that, for a large spectral
radius, the loss map closely matches the dynamical states
predicted by the DMFT analysis (Fig. 3 f, g). The chaotic
state is clearly detrimental to the network’s performance,
and the area around the chaotic transition leads to su-
perior performance, most clearly for the divergence time
(Fig. 3g). Effectively, the modularity can bring networks
of a sufficiently large spectral radius to a state that en-
sures good computational performance. Specifically, the
optimal modularity (clustered excitation and relatively
uniform inhibition) brings the network near, but not be-
yond, the chaotic transition point, a result consistent
with what is known about reservoir performance [32, 33].

Finally, in order to ensure that our results generalize
to other chaotitime serieses and are not specific to the
Lorenz attractor, we repeat our experiment with three
other chaotic attractors (Aizawa, Chen and Halvorsen ).
Despite changes in the average loss for different attractors
and small changes in the loss distributions, the overall
patterns remain the same, suggesting that our estimation
of the network’s dynamical state can be effectively used
to predict the area in which the ESN’s performance is
maximized.

C. The simultaneous prediction of multiple chaotic
attractors shifts the optimal connectivity structures

in small networks

We test whether the reservoir can simultaneously
reconstruct multiple independent chaotic time series.
Specifically, we present the network with combinations
of the four chaotic attractors (Lorenz, Aizawa, Halvorsen
and Chen) we tested individually, creating higher dimen-
sional inputs (6, 9 or 12 dimensional for 2, 3 or 4 atrac-
tors respectively). While the network generally succeeds
in reconstructing time series consisting in combinations
of multiple attractors, as would be expected due to the
higher complexity of the task, the average performance
decreases as the number of simultaneously predicted at-
tractors increases (Fig. 4b, d).

We test the network performance for different combi-
nations of E/I modularity (varying r = rE = 1 − rI)
and spectral radius λ. We note that as we increase the
number of presented attractors, the loss map shifts away
from the predicted bifurcation diagram, with the chaotic
transition appearing to happen for lower spectral radius
λ. This shift seems to be explainable as a finite-size ef-
fect. To see it, we performed experiments with reservoirs
of increasing sizes. Smaller networks do not only perform
worse, but also display a shifted transition to criticality,
very similar to the shift we observe for networks of fixed
size presented with multiple attractors. We verify that

optimality at the edge of chaos is recovered as the net-
work size is gradually increased, as shown in Fig. 4a, c.
In particular, we find that as we increase network size,
the loss function reservoirs predicting multiple attractors
slowly moves towards the recurrent network’s phase di-
agram. The finite-size shift of a critical point is a well-
known effect in the theory of phase transitions [34] but
here we also observe it for varying input dimensionality.

We would like to remark that the finite-size shifting is
inherent to the input properties, and not only because of
a shifting of the critical dynamics of the reservoir network
alone. One can see this because for a fixed size, transi-
tion shifts when the number of neurons considered is in-
creased. To fully describe this phenomenon, one should
characterize the dynamics of the recurrent network while
driven by chaotic input. This is a theoretical open ques-
tion which falls outside the scope of our work, and which
should be tackled separately.

Finally, it is interesting to note that the difficulty of
the task for small networks highlights the best dynami-
cal regimes for the reservoir. The bistable region confers
the reservoir the capability to predict the time series for
the longest time, while having a good score on the 4 os-
cillators reconstruction even for N = 300. Observe that
this region, above rc, is only available for structured net-
works. Hence, modularity is able to boost the reservoir’s
capabilities in comparison to the random counterpart.
Moreover, the effect seems to be extended to very large
spectral radius when the network size grows, allowing for
reservoirs able to optimally solve the task with λ� λc.

D. Performance of the network is mostly
independent to the modularity of input connections

So far, each neuron received randomly selected input
from one of the multiple input attractors. We hypoth-
esize that random input may be suboptimal and ask if
structured input to specific E and I populations has an
impact on the network’s performance.

To test this, we simulate a network divided into 4 mod-
ules, which is tasked with the simultaneous reconstruc-
tion of all 4 chaotic attractors. We assign an attractor
to each module and define an input modularity metric
rIn which controls how specific is the input from a given
attractor. This is analogous to our recurrent modularity
metrics. Thus, for rIn = 1, each module receives input
only from a single attractor, while for rIn = 0 the con-
nections are assigned randomly, and a single neuron can
receive input from any attractor with equal probability.
Since the input can be positive or negative, we study the
impact of different excitatory and inhibitory input mod-
ularity rInE and rInI , similar to the recurrent connections.

To systematically map out the potential optimal so-
lution, we use Bayesian inference. The additional input
modularity parameters of the network allows the system
to have many potential solutions that optimize the re-
construction task with multiple attractors. Since we lack
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Fig 5. Module-specific input connections have a
minor effect on the ESN performance. a. An
outline of the network with multiple attractors. We
study how to optimally distribute feedforward E and I
connections from different attractors to different
network modules. b. The posterior distribution of the
network parameters obtained via simulation base
inference. c, d. The reservoir losses for different levels
of E and I modularity in the two indicated points of
the posterior

analytics for input-driven networks, we used simulation-
based inference (SBI) [35]. Given a set of summary statis-
tics, SBI allows us to obtain a posterior of the parameters
which are likely to reproduce the data. In our case, we
look for the distributions of the spectral radius, recur-
rent modularity, and input modularity given the average
histogram and divergence loss for all four attractors. We
run 3 · 105 simulations with S = 4 inputs and recurrent
network size N = 300 and fit to approximate the poste-
rior distribution of the parameters given the losses.

The distribution of the optimal parameters for the
recurrent parameters, (Fig. 5b), shows that there are
two optimal solutions. These are perfectly consistent
with (Fig. 4) (e.g., compare with the divergence time
for N = 300 and S = 4, our simulation conditions). One
solution is found in the area with high spectral radius
and high excitatory modularity, inside the bistable re-
gion, and another one with low spectral radius and modu-
larity, in the analytically inferred monostable stable. We
will refer to these solutions as the bistable solution and
monostable solution, respectively. Observe that for the
simulation conditions, these solutions do not cover the
entire regime of the phase space, but only a part of it.
On the other hand, the marginal distribution of the in-
put modularity was close to uniform, indicating that the
system is mostly independent of changes in the input
modularity (Fig. 5cd).

However, in certain cases the marginal distribution of
the parameters can hinder possible dependencies that ap-
pear when the other parameters are fixed - i.e. in the con-
ditional distributions [36]. Therefore, we further check
the impact of input modularity in thee two optimal re-
current structures (Fig. 5b). Then, we simulate the net-
work in both the bistable and monostable solutions to
compute their average loss(Fig. 5)c, d).

We found that although the effect of the input modu-
larity was small, the system could still benefit from the
structured input in two different ways. For the monos-
table solution, modularity of both excitatory and in-
hibitory input connections is detrimental for the dynam-
ics and for the inhibitory inputs modularity has a neg-
ative effect. In contrast, in the bistable solution case,
the system can benefit from module-specific inhibitory
and excitatory connections. The modularity of excita-
tory connections generally has a positive effect.

These differences explain a deviation from the uniform
distribution that we observed in the marginal distribu-
tions. However, we should emphasize that the effect is
rather small compared to the effect of recurrent modu-
larity.

III. DISCUSSION

In this paper, we have analysed a structured balanced
network with different levels E/I modularity, linking its
dynamical regimes to its computational capabilities in a
reservoir computing setting. We have explicitly shown
how the network topology can directly influence its dy-
namics by shaping its spectra. Moreover, using the net-
work as an echo state network, we can reconstruct differ-
ent chaotic time series, both independently or simultane-
ously. We match the different dynamical states with the
network’s performance, which is optimized at the edge of
chaos.

Our findings suggest that a structure of relatively high
excitatory modularity combined with relatively low in-
hibitory modularity represents a particularly important
transition point. Networks with weak inhibitory modu-
larity can maintain very high computational performance
even at a very large spectral radius. This particular
topology has been shown before to generate beneficial
dynamics for unsupervised learning [37] and matches con-
nectivity patterns observed in cortical networks [13, 38].
For instance, orientation selectivity in V1 has tradition-
ally regarded excitatory neurons as tuned, and inhibitory
neurons as weakly tuned. Since similarly tuned neurons
are more likely to connect to each other, this translates
into a stronger modularity for exciting with broad inhi-
bition. Thus we believe that our results are consistent
with current biological evidence, and could shed light on
the computational aspects of E/I networks.

In order to obtain the full phase diagram of system an-
alytically, we have used a dynamical mean-field approach.
Our theoretical results are consistent with previous lit-
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erature in the topic [27–29]; however, Aljadeff et al. [28]
do not consider any external input to the network, nor
a mean for any of the modules; Mastrogiuseppe and Os-
tojic [29] study in detail only unstructured E/I dynam-
ics, and Kadmon and Sompolinsky [27] do not explicitly
study the consequences of topology. Furthermore, since
in our case the sigmoid does not vanish at zero, our sys-
tem can be seen as driven by external, quenched random
noise. Therefore, previous results cannot be directly ap-
plied and needed to be extended. We have extended our
results to deal with this situation, while developing an
approximated method to obtain the location of the tran-
sitions in an accurate way. Given the generality of our
setup, we believe that the dynamic mean-field presented
here will constitute an advance to study related systems
in both computational neuroscience and reservoir com-
puting applications.

Finally, we have studied the simultaneous reconstruc-
tion of several attractors, as well as the consequences of
the input structure. As our network is composed of sev-
eral modules, the reconstruction might have improved
when the input is distributed in a particular way among
the modules. The relationship between the input and
the network structure is still an open question for the
efficiency of reservoir computers, and it is particularly
interesting in the context of neuroscience, where input to
the cortex is highly structured [39–41].

Our findings suggest that in balanced, E/I recur-
rent networks, cell-type specific modular connectivity
structures may offer precise control of network dynam-
ics, enabling the network to tune its distance from the
chaotic state, which optimized computational capabilities
in challenging temporal tasks. These results offer insights
into a potential link between the structure and function
of biological neural networks, and motivate further work
in the potential computational benefits of structured con-
nectivity in artificial networks.

IV. METHODS

A. Neurons

At each timestep, the dynamics of the network’s activ-
ity x = (x1, . . . xN ) are given by the following equations

ẋi = −xi + φ




N∑

j=1

Wijxj + si(t),


 (7)

where Ŵ is the recurrent connectivity matrix and si(t)
is the external input to each node. The nonlinearity φ is
the sigmoid

φ(x) =
1

1 + e−x
. (8)

Notice that in our setup, φ(0) = 1/2 ≡ φ0.

B. Input

Each neuron receives as input one dimension of a D-

dimensional time series ~C(t):

~s(t) = ŴInput
~C(t), (9)

where ŴInput is a N ×D matrix, where a single non-
zero entry per row with weight wInput = 0.5. In this
way, each node receives a single dimension from the time
series.

C. Echo state network (ESN)

The simulation of the ESN is divided in two phases:

Stimulus-driven: The time series ~C(t) is given as
input for T time steps, leading to the recurrent net-
work activity X̂ = [~x1, . . . , ~xT ] obtained by stacking net-
work’s state at each time. Using Ridge regression, a
linear layer ŴR is trained to predict the trajectory of
the time series. Thus, using the network activity at a
given time step, ~xt the linear layer predicts the next step

of the time series ~C(t + 1) ≡ ~Ct+1. The target is con-
structed by stacking the time series vectors in columns,

ŷtarget = [~C2, . . . , ~CT+1], and regression yields

ŴR = ŷtargetX̂†(X̂X̂† + βÎ)−1, (10)

where β is the Ridge regression’s normalization constant
and † stands for transpose.

Closed-Loop: Once the training is complete, we re-

place the input from the given time series ~CT+1, with the

prediction generated via the trained linear layer ŴRx
†
T ).

If Ridge regression was successful, then ~x′T+1 = WRx
†
T

and the recurrent network will produce the same activity
as if its input had been the actual time series.

We continue in the same way for T ′ time steps, using
the linear layer’s prediction as the next input for the re-
current network, creating a fully closed loop which results
in the reconstructed time series X̂ ′ = [~x′T+1, . . . , ~x

′
T+T ′ ]

D. Evaluation

To evaluate the performance of the ESN, we compare
the reconstructed time series X̂ ′ with the actual corre-
sponding time series Ŷ = {CT+1, . . . , CT+T ′}. In an
ideally functioning ESN, the dynamics of the reservoir
should be rich enough to capture the trajectory of the
time series and enable a very precise reconstruction, so
that X̂ ′ ≈ Ŷ over the entire testing period. We use two
metrics to quantify the ESN performance:
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Divergence Time. We estimate the time τ at which
the reconstructed trajectory and the original one start to
diverge, by obtaining the τ such that |Cτ − x′τ | > ε for a
given small threshold ε.

Histogram Loss. We compute the histogram of each
dimension of the time series separately, both for the orig-
inal series and the reconstruction. Then, we compute the
mean square difference between both histograms for each
dimension, and sum among them all.

Each one of the metrics measures a different aspect of
the reservoir prediction. On one hand, divergence time
captures the quality of the prediction for individual time
series. A long divergence time means that the reservoir
is able to imitate the behaviour of the chaotic system
for long time. However, it does not give information
about the statistical properties of the reconstruction after
the divergence happened. On the other hand, histogram
loss can be very small as long as the reservoir trajectory
is predicting the stable basin of the chaotic attractor.
Notice that one can have a short divergence time with
a small histogram loss, meaning that a reservoir might
correctly predict the chaotic basin of attraction without
being performant at individual series, but usually both
metrics are correlated.

E. Simulation-Based Inference

We use simulation-based inference [42] to find the opti-
mal excitatory and inhibitory input modularity (rinE and

rinI ) together with the spectral radius (λ) and recurrent
modularity (r). We randomly sampled 500,000 param-
eters from a uniform prior distribution (r, rinE and rinI
between 0 and 1; λ between 1 and 10). We then fed four
attractors to the reservoir simultaneously and computed
their divergence time and histogram loss. We then obtain

an average loss for all of them as Ltotal = 1
4

∑N=4
n

Lhist
n

Dn+1 .
Next, we fit a normalizing spine flow as a neural posterior
estimator to predict the distribution of four parameters
given the loss function (p(rinE , r

in
I , r, λ|Ltotal)). Next, we

sampled from this posterior given L = 0. For Fig.5 c and
d, we additionally refitted the parameters rinE , r

in
I given

fixed spectral radium and modularity (400,000 samples).
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I. Dynamic Mean-Field Theory

A. Single popupulation

Set up

We start by a simplified model to showcase our methods, and then we will further expand

them to include Dale’s law and modular topology. Let us assume we have N neurons, each

one characterised by a continuous firing rate xi > 0 for i = 1, 2, . . . , N . Then, the equations

for the dynamical state of the reservoirs read

ẋi = −xi + φ

(
N∑

j=1

Wijxj

)
, (1)

where φ(x) = 1/(1 + exp(−x)) is a sigmoidal transfer function and Ŵ the connectivity

matrix. For simplicity we will start assuming that Ŵ ∼ N (0, λ2/N). The variance is set in

order to fix the spectral radius of the matrix, given by
√
NVar(Wij) = λ.

Observe that we have selected our transfer function in such a way that φ(0) = 1/2 and

φ(x) > 0 ∀x, which ensures Dale’s law by keeping all x > 0 through the dynamics. The

most common choice for nonlinearities in neural networks are those such that φ(x ≤ 0) = 0.

However, in our case, a capped nonlinearity would cut the input to the reservoir, making
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impossible for the echo-state network to learn. Our choice of the nonlinearity allows the

reservoir to fulfill the task while respecting Dale’s law.

The first step we will pursue is a change of variable, ~y = Ŵ~x. The dynamics of y(t) are

now

ẏi = −yi +
N∑

j=1

Wijφ(yj). (2)

The difference between the variables xi and yi is that of rate activity to a membrane

potential, and their dynamics have been shown to be equivalent [1]. In our case, yi represents

the input current to the i-th neuron.

The main issue is finding the fixed points of the system and the location of the critical

point. If the sigmoidal function vanishes at the origin, φ(0) ≡ φ0 = 0, then the system has a

fixed point y∗i = 0 for all i, whose stability is lost at λc = 1/φ′(0) (continue reading below).

However, since we consider φ0 > 0 the fixed point will be a disordered state. In order to

find its properties, we first perform a static mean-field analysis.

Static mean-field

The fixed points fulfill the stationary equation

y∗i =
N∑

j=1

Wijφ(y∗j ), (3)

which is transcendental and cannot be solved analytically.

The key point is to realise that we do not need the exact value of the fixed points, but

rather their distribution, as all relevant observables will be averages over the disorder, i.e.,

averages over the distribution of y∗. Since the variables yi are the input currents, and

these are obtained by summing all the inputs to the i-th neuron, we can approximate their

distribution by a Gaussian. We will describe the distrubtions by its mean, 〈y∗〉 and variance

σ2
y = 〈(y∗)2〉 − 〈y∗〉2.

The moments can be computed self-consistently from equation (3). The main strategy is

to assume that the weights and the currents are independent from each other, so 〈Wijy
∗
j 〉 '

〈Wij〉〈y∗j 〉. Thus, taking averages in eq. (3) and using that 〈Wij〉 = 0, one immediately

3
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FIG. 1. Mean-field for a single population. a) Comparison of the simulated (step histogram)

fixed points of the currents y∗ with theoretical prediction (continuous line) for a network of λ = 6,

N = 3000. b. Variance of the trajectory of y(t), which serves as an indicator for a transition to

chaos. Critical point is marked with a dashed vertical line. Size N = 300 to match the reservoirs.

Other parameters: r = 0.7

finds 〈y∗〉 = 0, so σ2
y = 〈(y∗)2〉 directly. The variance of the distribution can be obtained by

multiplying eq. (3) by itself and taking averages,

〈(y∗i )2〉 = σ2
y =

〈(∑

j

Wijφ(y∗j )

)2〉
=
∑

j,k

〈WijWik〉〈φ(y∗j )φ(y∗k)〉 =

∑

j,k

λ2

N
δjk〈φ(y∗j )φ(y∗k)〉 = λ2〈φ(y∗)2〉. (4)

where we used that 〈WijWik〉 =
λ2

N
δjk and that 〈φ(y∗j )

2〉 = 〈φ(y∗)2〉 for every j.

We still need to deal with the non-linearity of the right-hand side of the equation. How-

ever, observe that we assumed that the y∗ are Gaussian, so by definition of average value

σ2
y = λ2

∫ +∞

−∞

dy√
2πσ2

y

exp

(
− y2

2σ2
y

)
[φ(y)]2 . (5)

This is an integral equation for σ2
y that can be numerically solved by e.g. an iterative

method.

An example of the determination of the mean and variance of the currents and the critical

point can be found in Fig. 1a.
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Dynamic Mean-Field

We now construct a dynamic mean field theory for the Gaussian network. We are inter-

ested to see when our fixed point y∗i loses its stability. The way to do so is linearising the

system. Making a change of variable yi = y∗i + εi, expanding the sigmoid function φ(yi) to

first order around y∗i and using the stationary state equation (3) leads to

ε̇i = −εi +
N∑

j=1

Wijφ
′(y∗j )εj (6)

This is equivalent to the computation of the system’s Jacobian. We’ll employ basic concepts

from dynamical mean-field theory (DMFT) to see where the bifurcation happens. The idea

behind DMFT is to assume that the input to neuron i is modeled by a Gaussian stochastic

process whose correlations match those of the system. In our case it is defined as

ηi(t) =
N∑

j=1

Wijφ
′(y∗j )εj. (7)

so that our system becomes linear,

ε̇i = −εi + ηi(t). (8)

The averages over this noise should be taken with respect to time, as well as with respect

to the disorder, and we assume both averages can be taken independently of each other.

The mean of the noise is zero, since 〈Wij〉 = 0. The autocorrelation function is given by

〈ηi(t)ηi(t+ τ)〉 =
∑

j,k

〈WijWik〉〈φ′(y∗j )φ′(y∗k)〉〈εj(t)εk(t+ τ)〉 =

= λ2〈(φ′(y∗))2〉 · 1

N

∑

j

〈εj(t)εk(t+ τ)〉 =

λ2〈(φ′(y∗))2〉∆(τ). (9)

The autocorrelation of the noise is related to the autocorrelation of the εi variables, given

by ∆(τ) = N−1
∑

j〈εj(t)εj(t+ τ)〉. We can write a differential equation for ∆(τ) by Fourier

transforming eq. (8), then multiplying it by its complex conjugate, taking averages and

transforming back to the time domain [2]. After the process is done, we are left with
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∆̈ = ∆− 〈η(t)η(t+ τ)〉 =
(

1− λ2〈
(
φ̄′(y∗)

)2〉
)

∆(τ). (10)

We have found a condition for the destabilization of the autocorrelation function of the

ε variables, which will mark the transition to chaos. Formally showing that this transition

leads to a chaotic state is more complicated and outside of the scope of this paper, it has

been previously demonstrated [2, 3].

Therefore, the critical condition for chaos is given by

λc =

√
1

〈φ′(y∗)2〉 . (11)

The difficulty of evaluating the location of the critical point passes by evaluating the

average of the derivative of the sigmoidal function at the fixed points. Notice that there are

two remarkable cases that are worth to check separately.

The first case is the sigmoidal vanishing at the origin, φ(0) = 0. In this case, the fixed

point is y∗i = 0 for all nodes. Here, one sees that 〈φ′(y∗)2〉 = φ′(0)2, so the critical point

is exactly located at λc = 1/φ′(0). This classical result can be obtained even from simple

stability analysis. The second one is a tightly balanced network. Here, after generating the

Gaussian random weights, these are adjusted so
∑

jWij = 0 exactly. If one decomposes the

nonlinearity as φ(y) = φ̄(y) + φ0, it follows immediately that y∗i = 0 is again a fixed point,

recovering λc = 1/φ′(0).

In our case, the average can be integrated using the mean and variance previously ob-

tained in the static mean field analysis,

〈φ′(y∗)2〉 =

∫ +∞

−∞

dy√
2πσ2

y

exp

(
− y2

2σ2
y

)
[φ′(y)]

2
. (12)

This is one of the main results of the analytics, but it needs to be extended to account

for different interconnected populations. A comparison in the single population case can be

seen in Fig. 1a.
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B. Modular Networks

Set up

Up to this point, we have considered a homogeneous, Gaussian random matrix Ŵ with

zero mean. We will now expand the results above by considering that weights respect

Dale’s law, and that they are distributed in M modules. We will assume that each module

has an excitatory and inhibitory population, giving in total 2M populations. In order to

differentiate the modules, we add subscripts to the indices of the matrices and vectors, so

that aµi indicates that i-th elemnt of the µ-th module. We will assume that the distribution

of weights in each population can be approximated by a Gaussian. Thus, we assuming that

the connectivity matrix of each module –each block in the connectivity matrix Ŵ– can be

approximated by a Gaussian random matrix. Under this assumption, our network can be

written as

W µν
ij =

wµν
N

+
σµν√
N
zµνij , (13)

where zµνij ∼ N (0, 1), and wµν , σµν are 2M × 2M matrices which encode the average and

variance of modules. The N,
√
N factors ensure that the network’s eigenvalues do not grow

with the system size, converging in the thermodynamic limit. Contrary to our homogeneous

case, we allow the network to have non-zero mean.

The first step is to find the expression of wµν and σµν that better approximate our reser-

voir’s clustered networks. Our network is sparse, with a certain probability pc to connect

two neurons. If two neurons are connected, then its weight is sampled from a uniform dis-

tribution, between [w0, w0 + ∆w]. The mean and variance of such a uniform distribution are

given by w = w0+∆w/2 and σ2
w = (∆w)2/12, respectively. The resulting mean and variance

can be found by the law of total variance, giving wpc for the mean and pc (σ2
w + w2(1− pc))

for the variance.

The probability of connection pc also depends on the neurons being on the same module

or not. Neurons that belong to the same cluster are connected with probability pin,X =

p(1 + (M − 1)rX)/M , while those connecting among different modules are connected with

probability pout,X = p(rX − 1)/M , with X referring to the kind of module (excitatory-

excitatory, inhibitory-excitatory, etc.).
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With all this information, it is possible to write the reduced matrices. Using only two

different modularity levels for the E and I population, re and ri, they read

wµν =





w0pin,E, ν < M, µ = ν mod M,

w0pout,E, ν < M, µ 6= ν mod M,

−w0pin,I , ν > M, µ = ν mod M,

−w0pout,I , ν > M, µ 6= ν mod M,

(14)

for the means and

σµν =





pin,E (σ2
w + w2

0(1− pin,E)) , ν < M, µ = ν mod M,

pout,E (σ2
w + w2

0(1− pout,E)) , ν < M, µ 6= ν mod M,

pin,I (σ2
w + w2

0(1− pin,I)) , ν > M, µ = ν mod M,

pout,I (σ2
w + w2

0(1− pout,I)) , ν > M, µ 6= ν mod M,

(15)

for the variances. For simplicity, from this point on we work on the diagonal re =

1− r, ri = r.

Now that we have characterized our reduced matrices, we can start analysing the spectra

of Ŵ . The dynamical behaviour of our system will be dominated by the largest eigenvalue

of the full-network Ŵ . Fortunately, for large N the largest eigenvalues can be predicted by

the spectra of the reduced matrices ŵ and σ̂.

The largest eigenvalue of wµν corresponds to a discrete outlier of Ŵ , while the square

root of the largest eigenvalue of σ2
µν yields its spectral radius. For two modules, M = 2 both

can be easily computed, since they are just the eigenvalues of 4× 4 matrices,

λot =p(2r − 1)w0, (16)

λsr =
√
σ2
w + w2

0(1− p). (17)

Observe that although Ŵ is balanced in the thermodynamic limit (since
∑

ν wµν = 0) the

outlier can get big and positive, which is due to the structure of the network. In contrast,

a perfectly balanced network will always have λot = 0. In our case, if r is small enough,

the isolated outlier can become stable, leading to a saddle-node bifurcation, which does

not cause any chaotic dynamics. For chaos to happen, the spectral disk must cross the
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FIG. 2. Network’s dynamical properties are independent of number of modules (a)

Spectrum two networks with 2 and 4 modules and N = 3000, normalized to have unit spectral

radius. (b) Variance of the individual rate, which indicates a chaotic transition for fixed spectral

radius λ = 10 and increasing modularity for the two previous networks. The transition to chaos

happens at λot (eq. 18), which is the value computed for M = 2.

instability. Therefore, a necessary condition for chaos is that the outlier λot must be inside

of the spectral radius, which leads to a critical overlap coefficient,

rc =
1

2
− 1

2

√
σ2
w + w2

0(1− p)
pw0

. (18)

It is important to remark that although λot becomes negative at r = 1/2, when E and

I are symmetric, the outlier blends with the specral disk before, thus rendering the ”asym-

metry” in the bifurcation point which benefits a structure where E is clustered and I more

homogeneous.

This result is independent of the spectral radius of Ŵ . One can repeat the above cal-

culation by re-scaling the full matrix to have any desired spectral radius, since it enters

linearly in both λot and λsr. Hence, rc does not depend on the spectral radius: one just

needs to impose the spectral radius to be large enough in order to cross the instability, and

rc becomes the ”edge to chaos”. In this case, networks present a very reliable transition to

chaos, which boosts the performance of reservoirs. Interestingly, the value rc obtained for

M = 2 seems to be a good approximation for larger values of M , such as M = 4 used in

the main text. A phase diagram as a function of rc for different numbers of modules can be

seen in Fig. 2.
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Static Mean Field

In the single population case, we assumed that all neurons received a Gausisan input with

the same mean and average. In order to extend the calculation to multiple populations, the

key idea is to allow each population to receive an input with different mean and variance.

The input received in different populations might be correlated. Hence, we go from a

unidimensional Gaussian distribution for the input to a multidimensional one [4, 5].

The dynamics of the network can be written in our new notation as

ẏµi = −yµ +
2M∑

ν=1

Nν∑

j=1

W µν
ij φ

(
yνj
)
, (19)

where Nµ represents the number of neurons in population µ. The averages of the input

distribution at stationary state will be represented by 〈y∗µ〉, and are given by

〈y∗µi 〉 = 〈y∗µ〉 =
∑

ν

∑

j

〈W µν
ij φ(y∗νj )〉 =

∑

ν

∑

j

[
wµν
N

+
σµν√
N

〈
zµνij
〉]
〈φ(y∗νj )〉 =

∑

ν

wµν
N

∑

j

〈φ(yνj )〉 =
∑

ν

aνwµν 〈φ(y∗ν)〉 , (20)

where we have defined aµ = Nµ/N as the fraction of individuals in population µ. Notice

that the input to population µ is the sum of the the average rate of the other populations

weighted by the average connectivity wµν connecting both populations, as one would expect.

The computation of the variance now is more complicated. For it, we need to employ an

assumption which is common in the physics of disordered neuronal networks, which is that

the rates at different sites are uncorrelated, 〈φ(yµi )φ(yνj )〉 ' 〈φ(yµi )〉〈φ(yνj )〉 when µ 6= ν and

i 6= j. Although this is also true for the single population, we did not need to apply it before.

Here, it will help to simplify a lot of expressions and find closed equations for the variance.

In order to light the notation, we will write φ(y∗µi ) ≡ φµi . Then, the second moment is
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〈y∗µi y∗νj 〉 =
∑

αβ

∑

kl

〈W µα
ik W

νβ
jl 〉〈φαkφβl 〉 =

∑

αβ

∑

kl

[wµαwνβ
N2

+
σµασνβ
N

〈
zµαik z

νβ
jl

〉]
〈φαkφβl 〉 =

=
∑

αβ

[
wµαwνβ
N2

∑

kl

〈
φαkφ

β
l

〉
+ δijδµνδαβ

σµασνβ
N

∑

kl

δkl

〈
φαkφ

β
l

〉]
=

∑

αβ

wµαwνβ
N2

∑

kl

〈φαkφβl 〉+ δijδµν
∑

α

aασ
2
µα〈φ2

α〉. (21)

Observe that we have not worked out the first term, as it will simplify when the averages

are substracted to compute the covariance. Performing the computations yields

〈y∗µi y∗νj 〉 − 〈y∗µ〉〈y∗ν〉 =
∑

αβ

wµαwνβ
N2

∑

kl

[
〈φαkφβl 〉 − 〈φαk 〉〈φβl 〉

]
+ δijδµν

∑

α

aασ
2
µα〈φ2

α〉 =

∑

α

aα

(wµαwνα
N

[〈
φ2
α

〉
− 〈φα〉2

]
+ δijδµνσ

2
µα

〈
φ2
α

〉)
. (22)

In order to simplify the first term, one breaks down the summation over α, β in two terms,

first for α = β and then for α 6= β. The second term always refers to different neurons, so

the covariance for this whole term vanishes. In the case α = β, we again break down the

sum for k = l and k 6= l, cancelling the second term due to our approximation. Finally, we

can take out the indices i, j, since all the covariances are equal between neurons that belong

to the same populations. The result is

〈y∗µy∗ν〉 − 〈y∗µ〉〈y∗ν〉 =
∑

α

aα

(wµαwνα
N

[〈
φ2
α

〉
− 〈φα〉2

]
+ δµνσ

2
µα

〈
φ2
α

〉)
. (23)

Some observations apply now. If we assume we have a single population with no mean,

we recover the result from the previous section. We see that the role of spectral radius

λ is now played by the reduced matrix σ̂, and that the averages of different populations

constribute only to the covariances, which scale with a term O(1/N). This means that in

the thermodynamic limit, correlations between the input in different populations will be

weak compared to the variance, and the first term can be dropped. Hence, we end up with

equations only for the variance,

〈(y∗µ)2〉 − 〈y∗µ〉2 =
∑

α

aασ
2
µα

〈
φ2
α

〉
. (24)
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FIG. 3. Mean-field for an example of a single module with E and I population network.

a. Comparison of the simulated (step histogram) fixed points of the currents y∗ with theoretical

prediction (continuous line) for a network consisting of M = 2 Gaussian populations of averages

w11 = w21 = +1, w12 = w22 = −1 and σµν ∼ N (0, λ), size N = 3000. Each color represents the

result for a different population. b. Variance of the trajectory of y(t), which serves as an indicator

for a transition to chaos. Critical point is marked with a dashed vertical line. Size N = 300 to

match the reservoirs.

Hence, equations for mean and variance lead to a that this is a set of 2M nonlinear

integral equations that need to be solved numerically, since the averages 〈φµ〉 are integrals

over a Gaussian distribution with the estimated statistics.

Once we obtained the probability distribution for the fixed points, we go back again to

the dynamic mean field analysis. Fig. 3a shows how the the theory agrees with simulations

for a simplified case, while Fig. 4 shows results for our modular networks.

Dynamic Mean Field

Again, the idea is study the behaviour of perturbations around the fixed point. Writing

yµi = y∗µi + εµj one can Taylor expand the non-linearities around the fixed point, finding the

system’s Jacobian. As in the case of a single population, the input to the perturbations is

interpreted as noise mathcing the correlations of the system. The main difference with the

previous case is that now the noise is a 2M -dimensional vector,

ηµ (t) =
2M∑

ν=1

Nν∑

j=1

W µν
ij φ

′(y∗µj )εj. (25)

The average of the noise is now non-zero,
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〈ηµ (t)〉 =
∑

ν

∑

j

〈
W µν
ij φ

′(y∗νj )ενj
〉

=
1

N

∑

ν

wµν
∑

j

〈φ′(y∗νj )〉〈ενj 〉 =

=
∑

ν

wµνaν〈φ′(y∗ν)〉〈εν〉. (26)

Again, the averages are assumed be all equal to a single value, going out of sum, yielding

the number Nν of neurons in population ν.

Similarly to the static case, the second moment of the noise can be shown to be

Hµν = 〈ηµ(t)ην(t+ τ)〉 =
∑

αβ

wµαwνβ
N2

∑

kl

〈φ′α
k φ

′β
l 〉〈εαk (t)εβl (t+ τ)〉+ δµν

∑

α

aασ
2
µα〈φ

′2
α 〉〈εα(t)εα(t+ τ)〉. (27)

The first term is identical to that of the static mean field, and it can worked out the same

way to find again a contribution O(1/N) to noise. Then, we can drop this term, so µ and

ν are not correlated. Setting Hµ ≡ Hµµ and following the same procedure used for a single

population, the differential equation for the covariance ∆µ can be directly generalized by

using Hµ,

~̈∆ = ~∆− ~H = (Î − Ŝ)~∆, (28)

where Sµν = σ2
µν〈φ′(y∗ν)2〉aν . Therefore, the destabilization of the autocorrelation happens

when the largest eigenvalue of of Ŝ, λS becomes larger than unity, generalizing the previous

results.

C. Numerical implementation

The implementation has two main challenges: first, solving the self-consistent equations

for the mean and covariances of the fixed points, and then use these in order to find the

location of the critical point.

The solution of the fixed point equations can be easily implemented through an iterative

algorithm,
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FIG. 4. Mean-field for a modular network. a) Comparison of the simulated (step histogram)

fixed points of the currents y∗ with theoretical prediction (continuous line) for a network consisting

of M = 4 modules, size N = 3000. Theory predicts all modules having a similar distribution, and

hence only the average distribution is shown. Each color represents the result for a different

population. b. Variance of the trajectory of y(t), which serves as an indicator for a transition to

chaos. Critical point is marked with a dashed vertical line. Size N = 300 to match the reservoirs.

Other parameters: r = 0.7

〈y∗µ〉(n+ 1) = f(〈y∗µ〉(n),Σ∗µν(n)), (29)

Σ∗µν(n+ 1) = g(〈y∗µ〉(n),Σ∗µν(n)), (30)

since all fixed point equations are already casted in this form. We found this method

to be very fast and get accurate solutions for all cases. The dependence of the right hand

side on the mean and averages are through averages such as 〈φ2
µ〉. For the single population

case, we solve the averages by integrating with the trapezoid rule. For multiple populations,

doing the integrals would be very costly, so we use a Monte Carlo method: we generate a

large number of Gaussian random variables with the multivariate normal of means 〈y∗µ〉(n)

and covariances Σ∗µν(n), apply the nonlinearity that we desire to integrate, and then average

the result.

For the determination of the critical point, on single populations it suffices to fix a spectral

radius λ, solve the iterative equations to obtain the mean and variance of the network, and

compute F (λ) = 1− λ2〈φ2〉. Then, one finds the root F (λ) = 0, for example by plotting it.

On multiple populations, the situation becomes way more convoluted, as there is no

obvious single control parameter. Since the spectral radius of the matrix depends only on

the largest eigenvalue of σµν , a clean solution is to scale λσµν , leaving wµν untouched, as
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FIG. 5. All transitions lie in the re = 1− ri diagonal. (a) Average variance of the individual

trajectories of neurons in the network for two spectral radius. The large one (left) shows a transition

to chaos, displayed by the increase in each trajectory’s variance. The smaller one (right) has no

transitions. (b) Variance of the stationary rate values for the network. In both cases, a transition

can be seen, symmetric with respect to the desired diagonal.

we do in Fig. 3, which gives very clean solutions. However, for the reservoirs we want

to ensure that the largest eigenvalue is set to the selected λ value. Hence, for all our

experiments we divide the sampled network by the largest eigenvalue and then multiply by

the target λ. In the Gaussian approximation, where all eigenvalues are inside of the spectral

disk[6] this procedure sets the spectral radius, but in the original matrix, which respects

Dale’s law, a small amount of outliers can fall outside. Thus we would not normalize our

theory networks the same way we do with the reservoirs. To alleviate this problem, we can

compute the mismatch between these two results. Then, we compute the spectral radius

as the square root of the largest eigenvalue λsr of σ̂2 and the average largest eigenvalue of

our reservoir network 〈λmax〉. If no outlier fell outside the spectral disk, these two would

coincide. However, the reservoir network’s average largest eigenvalue is slighly larger, giving

λsr/〈λmax〉 ' 0.92. We can multiply our critical point prediction, shown in Fig. 4b, by this

ratio in order to produce the prediction for criticality in reservoirs seen in the main text.

II. Dynamical state in re, ri phase space

We have controlled that all the dynamical regimes of interest are in the re = r, ri = 1− r
diagonal. To show this, we run the dynamics of the recurrent network 100 times for each

value of re and ri and check that the results are symmetric to the diagonal of interest.
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In order to detect different states, we obtain the average variance of individual trajecto-

ries, as well as the variance of the stationary firing rates across all neurons for two different

spectral radius. One can see (Fig. 5) that for small values of the spectral radius, there’s no

chaotic state (average variance of trajectories is always low), and a transition from monos-

table to bistable can be found, hinted by the change in rate’s variance. On the other hand,

with high spectral the transition to chaos is visible by an increase of single trajectory vari-

ance. Variance across system’s rates is not so informative, as this measure assumes rates are

all stationary –which is false for the chaotic case– but the transition is seen due to increase

of spread of rate’s mean. Observe that the shape of all transitions is such that they are

captured in the diagonal of interest, which justifies working in a single dimension for the

modularity.

III. Attractors

We use the following 3-dimensional chaotic attractors as input time series (individually

or all of them simultaneously) to our network:

Lorenz:

ẋ = σ(y − x),

ẏ = ρx− y − xz,

ż = xy − βz,

(31)

for σ = 10, ρ = 28 and β = 2.667

Aizawa:

ẋ = (z − b)x− y,

ẏ = x+ (z − b)y,

ż = c+ az − z3/3− (x2 + y2)(1 + ez) + fzx3,

(32)

for a = 0.95, b = 0.7, c = 0.6, , d = 3.5, e = 0.25 and f = 0.1

Halvorsen:
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ẋ = −αx− 4y − 4z − y2,

ẏ = −αy − 4x− 4z − z2,

ż = −αz − 4x− 4y − x2,

(33)

for α = 1.4

Chen:

ẋ = a(y − x),

ẏ = (c− a)x− xz + cy,

ż = xy − bz,

(34)

for a = 40, b = 3 and c = 28

[1] Kenneth D. Miller and Francesco Fumarola. Mathematical Equivalence of Two Common Forms

of Firing Rate Models of Neural Networks. 24(1):25–31.

[2] Moritz Helias and David Dahmen. Statistical Field Theory for Neural Networks. Lecture Notes

in Physics. Springer Cham, 2020.

[3] Haim Sompolinsky and Andrea Crisanti. Chaos in Random Neural Networks. Physical Review

Letters, 61(3):259–262, 1988.

[4] Johnatan Aljadeff, Merav Stern, and Tatyana Sharpee. Transition to Chaos in Random Net-

works with Cell-Type-Specific Connectivity. Physical Review Letters, 114(8):088101, February

2015.

[5] Johnatan Aljadeff, David Renfrew, Marina Vegué, and Tatyana O. Sharpee. Low-dimensional
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Emergent mechanisms for long timescales depend on training curriculum and affect
performance in memory tasks

Appendix F Emergent mechanisms for long timescales
depend on training curriculum and affect
performance in memory tasks

Contains the full text of the publication: Khajehabdollahi, S., Zeraati, R., Giannakakis,
E., Schäfer, T. J., Martius, G., and Levina, A. (2024). Emergent mechanisms for long
timescales depend on training curriculum and affect performance in memory tasks. In
The Twelfth International Conference on Learning Representations.
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ABSTRACT

Recurrent neural networks (RNNs) in the brain and in silico excel at solving tasks
with intricate temporal dependencies. Long timescales required for solving such
tasks can arise from properties of individual neurons (single-neuron timescale,
τ , e.g., membrane time constant in biological neurons) or recurrent interactions
among them (network-mediated timescale, τnet). However, the contribution of
each mechanism for optimally solving memory-dependent tasks remains poorly
understood. Here, we train RNNs to solve N -parity and N -delayed match-to-
sample tasks with increasing memory requirements controlled by N , by simulta-
neously optimizing recurrent weights and τs. We find that RNNs develop longer
timescales with increasing N , but depending on the learning objective, they use
different mechanisms. Two distinct curricula define learning objectives: sequen-
tial learning of a single-N (single-head) or simultaneous learning of multiple Ns
(multi-head). Single-head networks increase their τ with N and can solve large-
N tasks, but suffer from catastrophic forgetting. However, multi-head networks,
which are explicitly required to hold multiple concurrent memories, keep τ con-
stant and develop longer timescales through recurrent connectivity. We show that
the multi-head curriculum increases training speed and stability to perturbations,
and allows generalization to tasks beyond the training set. This curriculum also
significantly improves training GRUs and LSTMs for large-N tasks. Our results
suggest that adapting timescales to task requirements via recurrent interactions
allows learning more complex objectives and improves the RNN’s performance.

1 INTRODUCTION

The interaction of living organisms with their environment requires the concurrent processing of
signals over a wide range of timescales, from short timescales of coding sensory stimuli (Bathellier
et al., 2008; Panzeri et al., 2010; Safavi et al., 2023) to longer timescales of cognitive processes like
working memory (Jonides et al., 2008). The diverse timescales of these tasks are reflected in the
dynamics of the neural populations performing the corresponding computations in the brain (Mur-
ray et al., 2014; Cavanagh et al., 2020; Gao et al., 2020; Zeraati et al., 2022). At the same time,
artificial neural networks performing memory-demanding tasks (speech (Graves et al., 2013), hand-
writing (Graves, 2013), sketch (Ha & Eck, 2018), language (Bowman et al., 2015), time series
prediction (Chung et al., 2014; Torres et al., 2021), music composition (Boulanger-Lewandowski
et al., 2012)) need to process the temporal dependency of sequential data over variable timescales.
Recurrent neural networks (RNNs) (Elman, 1990; Hochreiter & Schmidhuber, 1997; Lipton et al.,
2015; Yu et al., 2019) have been introduced as a tool that can learn such temporal dependencies
using back-propagation through time.

In biological networks, diverse neural timescales emerge via a variety of interacting mechanisms.
Timescales of individual neurons in the absence of recurrent interactions are determined by cellu-
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Figure 1: Schematics of network structure and timescales. a. An outline of the network. A binary
sequence is given as input to a leaky RNN, with each neuron’s intrinsic timescale being a trainable
parameter τ . The illustration shows the N -parity task with readout heads for N = 3 and N = 4.
b. An illustration of the manifestation of different timescales (single-neuron and network-mediated)
on the autocorrelation (AC) of a network neuron (see also Fig. S2).

lar and synaptic processes (e.g., membrane time constant) that vary across brain areas and neuron
types (Gjorgjieva et al., 2016; Duarte et al., 2017). However, recurrent interactions also shape neural
dynamics introducing network-mediated timescales. The strength (Ostojic, 2014; Chaudhuri et al.,
2015; van Meegen & van Albada, 2021) and topology (Litwin-Kumar & Doiron, 2012; Chaudhuri
et al., 2014; Zeraati et al., 2023; Shi et al., 2023) of recurrent connections give rise to network-
mediated timescales that can be much longer than single-neuron timescales.

Heterogeneous and tunable single-neuron timescales have been proposed as a mechanism to adapt
the timescale of RNN dynamics to task requirements and improve their performance (Perez-Nieves
et al., 2021; Tallec & Ollivier, 2018; Quax et al., 2020; Yin et al., 2020; Fang et al., 2021; Smith
et al., 2023b; Jain et al., 2020). In these studies, the time constants of individual neurons are trained
together with network connectivity. For tasks with long temporal dependencies, the distribution
of trained timescales becomes heterogeneous according to the task’s memory requirements (Perez-
Nieves et al., 2021). Explicit training of single-neuron timescales improves network performance in
benchmark RNN tasks in rate (Tallec & Ollivier, 2018; Quax et al., 2020) and spiking (Yin et al.,
2020; Fang et al., 2021; Perez-Nieves et al., 2021) networks and leads to greater robustness (Perez-
Nieves et al., 2021) and adaptability to novel stimuli (Smith et al., 2023b). While these studies
propose the adaptability of single-neuron timescales as a mechanism for solving time-dependent
tasks, the exact contribution of single-neuron and network-mediated timescales in solving tasks is
unknown.

Here, we study how single-neuron and network-mediated timescales shape the dynamics and perfor-
mance of RNNs trained on long-memory tasks. We show that the contribution of each mechanism in
solving such tasks largely depends on the learning objective defined by the curriculum. Challenging
common beliefs in the field, we identify settings where trainable single-neuron timescales offer no
advantage in solving temporal tasks. Instead, adapting RNNs’ timescales using network-mediated
mechanisms improves training speed, stability and generalizability.

2 MODEL

We approximate the effect of the membrane timescale of biological neurons by equipping each
RNN-neuron with a trainable leak parameter τ , defining the single-neuron timescale (Fig. 1a). The
activity of each neuron evolves over discrete time steps t governed by:

ri(t) =



(
1− ∆t

τi

)
· ri(t−∆t) +

∆t

τi
·


∑

j ̸=i

WR
ij · rj(t−∆t) +W I

i · S(t) + bR + bI





α

,

(1)
where [·]α is the leaky ReLU function with negative slope α, given by:

[x]α =

{
x, x ≥ 0
α · x, x < 0.

(2)
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Figure 2: Schematic description of the tasks and curricula a. An outline of the network and tasks. In
both tasks, the network receives a binary input sequence, one bit at each time step. b. In the single-
head curriculum, only one read-out head is trained at each curriculum step, while in the multi-head
curriculum, a new read-out head is added at each step without removing the older heads.

For all networks, we use α = 0.1. We obtain similar results using a different type or location of
nonlinearity (Appendix A). WR, bR, and W I , bI are the recurrent and input weights and biases,
respectively, S is the binary input given to the network at each time step, and τi ≥ 1 is the trainable
timescale of the neuron. Unless otherwise stated, the time step is ∆t = 1 (other ∆t discussed
in Appendix B). Each RNN has 500 neurons. When τ = 1, a neuron becomes memory-less (in
isolation) as its current state does not directly depend on its past activity, i.e., memory can only be
stored at the network level via interactions. In contrast, for τ > 1, the neuron’s activity depends on
its past activity, and the dependency increases with τ . In the limit of τ → ∞, the neuron’s activity
is constant, and the input has no effect.

The dynamics of each neuron can be characterized by two distinct timescales: (i) single neuron
timescale τ , (ii) network mediated timescale τnet. τ gives the intrinsic timescale of a neuron in the
absence of any network interaction, while τnet is shaped by the combination of τ and the learned
connectivity and represents the effective timescale of the neuron’s activity within the network. τnet
is generally a function of τ and recurrent weights: τnet = f(τ,WR)(Ostojic, 2014; Chaudhuri et al.,
2014; Shi et al., 2023) and τnet ≥ τ (Shi et al., 2023). For networks with linear dynamics, τnet can be
directly estimated from the eigenvalues of the connectivity matrix normalized by τ (Chaudhuri et al.,
2014). For nearest-neighbor connectivity or mean-field dynamics, it is also possible to derive τnet
analytically for nonlinear networks. However, a general analytical solution does not exist. Instead,
τnet can be effectively estimated from the decay rate of the autocorrelation (AC) function. The AC
is defined as the correlation coefficient between the time series and its copy, shifted by time t′, called
the time lag. For the neuron’s activity, it can be computed as

ACi(t
′) =

1

σ̂i
2(T − t′)

T−t′∑

t=0

(ri(t)− µ̂i) (ri(t− t′)− µ̂i) , (3)

where µ̂i and σ̂2
i are the sample mean and variance of ri(t). To estimate τnet, we drive the network

by uncorrelated binary inputs sampled from a Bernoulli distribution.

The AC of a neuron’s activity, defined by Eq. 1, can be approximated by two distinct timescales
which appear as two slopes in logarithmic-linear coordinates (Fig. 1b) (Shi et al., 2023). The steep
initial slope indicates τ , and the shallower slope indicates τnet. In the same way, we characterize
the timescale of collective network dynamics by computing population activity (summed activity of
all neurons within a network) timescale τpop, which reflects the timescale of network dynamics as
a whole. To avoid AC bias in our estimates (Zeraati et al., 2022), we use long simulations (T = 105

time steps). We simulate each network for 10 trials (i.e. 10 distinct realizations of inputs) and
compute the average AC of each neuron across trials. To estimate τnet, we fit the average AC with
a single- (τnet = τ ) and with a double-exponential (τnet > τ ) decay function using the nonlinear
least-squares method. Then, we use the Akaike Information Criterion (AIC) (Akaike, 1974) to select
the best-fitting model. For most neurons (above 95%), Bayesian information criterion (BIC) selects
the same model (Fig. S1) and previous work (Pasula, 2023) indicates that AIC provides similar
results as the sum of three information criteria (AIC, BIC and Hannan-Quinn information criteria).
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Figure 3: Training performance depends on the curriculum. a. Accuracy of training the networks
(N -parity task) without a curriculum increases slowly, especially when N > 10. For each N , 5
models are independently trained for 50 epochs or until reaching > 98% accuracy. b. Multi-head
(dashed) trained networks are solving larger Ns than single-head (solid) within the same training
time (colors in c). c. The maximum trained N for each task/curriculum at the end of training (1000
epochs or solving N = 101, whichever comes first). Gray lines - mean value across 4 networks.

When the double-exponential model is selected, the slowest of two timescales indicates τnet. For
most fits, we obtain a large coefficient of determination, confirming a good quality of fit (Fig. S2).

3 SETUP

3.1 TASKS

In both tasks (Fig. 2a), a binary sequence S is given as the input, one bit at each time step. We train
the networks on sequences with lengths uniformly chosen from the interval L ∈ {N + 2, 4N}.
N -delayed match-to-sample (N -DMS): The network outputs 1 or 0 to indicate whether the digit
presented at current time t matches the digit presented at time t − N + 1. To update the output at
every time step, the network needs to store the values and order of the last N digits in memory.
N -parity: The network outputs the binary sum (XOR) of the last N digits. N -parity has a similar
working memory component as N -DMS, but requires additional computations (binary sum).

3.2 TRAINING

We train single-neuron timescales τ = {τ1, . . . , τ500}, WR, bR, W I , bI , and a linear readout layer
via back-propagation through time using a stochastic gradient descent optimizer with Nesterov mo-
mentum and a cross-entropy loss. Each RNN is trained on a single Nvidia GeForce 2080ti for 1000
epochs, 3 days, or until the N = 101 task is solved, whichever comes first. RNNs are trained
without any regularization. Including L2 regularization achieves comparable performance.

Single-head: Starting with N = 2, we train the network to reach an accuracy of 98%. We then use
the trained network parameters to initialize the next network that we train for N + 1 (Fig. 2b).
Multi-head: As with the single-head networks, we begin with a network solving a task for N = 2,
but once a threshold accuracy of 98% is reached, a new readout head is added for solving the same
task for N +1, preserving the original readout heads. At each curriculum step, all readout heads are
trained simultaneously (the loss is the sum of all readout heads’ losses) so that the network does not
forget how to solve the task for smaller Ns (Fig. 2b).

4 RESULTS

4.1 PERFORMANCE UNDER DIFFERENT CURRICULA

Necessity of curriculum: Our objective is to learn the largest possible N in each task. First, we
test whether a good performance can be achieved for high N in either task without any curricula.
We find that for both tasks (see Appendix E for N -DMS results), networks struggle to reach high
accuracy for N > 10 (Fig. 3a, Fig. S13). However, using either curriculum significantly boosts the
network’s capacity to learn tasks with larger N (Fig. 3b).
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the mean τ decreases towards 1, and the STD remains largely constant. The mean and STD are
computed across neurons within each network (up to the maximum N shared between all trained
networks). Shading - variability across 4 trained networks.

Comparison of curricula: Task performance differs significantly between curricula. The single-
head networks can reliably reach N ≈ 35 for the N -parity and N ≈ 90 for the N -DMS task.
The difference in performance between the two tasks is expected because the N -DMS task is much
easier than the N -parity task. However, the multi-head networks can reliably reach N ≥ 100
for both tasks and require fewer training epochs to reach 98% accuracy for each N (Fig. 3b, c).
Networks that are trained using an intermediate curriculum between the two extremes of single- and
multi-head (i.e., solving simultaneously H < N tasks for N,N − 1, . . . , N −H +1 with gradually
increasing Ns) exhibit an intermediate performance (Appendix F). Overall, the multi-head networks
outperform the single-head ones in terms of performance (maximum N reached) and the required
training time. Moreover, the multi-head curriculum significantly improves the training of other
recurrent architectures such as GRU and LSTM to perform large-N tasks (Appendix G), suggesting
that the multi-objective curriculum can generally improve learning long-memory tasks.

The superior performance of the multi-head networks may be counter-intuitive since they solve
the task for every N ≤ m at the m-th step of the curriculum, whereas the single-head networks
only solve it for exactly N = m. However, we find that the single-head networks suffer from
catastrophic forgetting: a network trained for larger N cannot perform the task for smaller Ns it
was trained for, even after retraining the readout weights (Appendix H). These results suggest that
explicit prevention of catastrophic forgetting by learning auxiliary tasks (i.e. tasks with N smaller
than objective, N < m) facilitates learning large Ns. Interestingly, training directly on a multi-N
task without using an explicit curriculum results in the emergence of the multi-head curriculum:
networks learn to first solve small-N tasks and then large-N tasks (Appendix I), supporting the use
of the multi-head step-wise strategy.

Necessity of training τ : We examine the impact of training single-neuron timescales on training
performance. We compare the training performance of networks with a fixed τ ∈ {1, 2, 3} shared
across all neurons versus networks with trainable timescales. In the single-head curriculum, the
training performance with fixed τ is significantly worse than when we train τ (Fig. 4a). On the other
hand, In multi-head networks, training performance is the same for fixed τ = 1 and trainable τ cases,
but steeply declines for fixed τ ≥ 2 (Fig. 4b). See (Fig. S10) for N -DMS results. These results
indicate that single-head networks rely on τ for solving the task, whereas multi-head networks only
use τ to track the timescale of updating the input and rely on other mechanisms to hold the memory.

4.2 MECHANISMS UNDERLYING LONG TIMESCALES

To uncover the mechanisms underlying the difference between the two curricula, we study how τ ,
τnet, τpop and recurrent weights change with increasing task difficulty N . One can expect that as
the timescale of the task (mediated by N ) increases, neurons would develop longer timescales to
integrate the relevant information. Such long timescales can arise either by directly modulating τ
for each neuron or through recurrent interactions between neurons reflected in τnet and τpop.
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Dependence of τ on N : The two curricula adjust their τ to N in distinct ways: single-head networks
increase their τ with N , but multi-head networks prefer τ → 1 (Fig. 4b). For the single-head
curriculum, the mean and variance of τ increase with N , suggesting that not only τs become longer
as the memory requirement grows, but they also become more heterogeneous. We obtain similar
results for networks trained without curriculum (Fig. S3). On the contrary, in multi-head networks,
the average τ decreases with N , approaching τ = 1. The trend of τ → 1 is consistent with the fact
that multi-head networks with fixed τ = 1 performed as well as networks with trained τ .

Dependence of τnet and τpop on N : Network-mediated timescales τnet and τpop generally increase
with N in both curricula (Fig. 5, Fig. S4). τnet reflects the contribution of τ and recurrent weights
in dynamics of individual neurons. In single-head networks, the mean and variance of τnet follow a
similar trend as τ (Fig. 5c), suggesting that changes in τnet can arise from changes in τ . The mean
and variance of τnet in multi-head networks increase with N up to some intermediate N , but the
pace of increase reduces gradually and saturates for very large Ns (Fig. 5d, top). Given the small
τ in multi-head networks, long τnet can only arise from recurrent interactions between neurons.
τpop is the timescale of collective network dynamics (sum of all neurons’ activations) and arises
from interactions between neurons within the whole network. τpop exhibits a clear increase with N
for both tasks and curricula with comparable values (Fig. S4). These results indicate that in both
curricula, collective network dynamics become slower with increasing N , but due to differences in
τ , the two curricula employ distinct mechanisms to achieve this.

Dependence of connectivity on N : Multi-head networks have, on average, almost the same total
incoming positive and negative weights (with a slight tendency towards larger total negative weights
as N increases), leading to relatively balanced dynamics (Fig. 6a). On the other hand, single-head
networks have a stronger bias towards more inhibition (negative weights) as N increases. The strong
negative weights in single-head networks are required to create stable dynamics in the presence of
long single-neuron timescales (Appendix J).

Dimensionality of dynamics: The dimensionality of population activity (measured as the number
of principal components that explain 90% of the variance) increases almost linearly with N in the
N -parity task but sub-linearly in the N -DMS task, using both curricula, reflecting distinct com-
putational requirements for each task (Fig. 6b, S20, Appendix K). Since computations should be
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Figure 6: Learned recurrent connectivity and dimensionality of population activity. a. The average
incoming weight to a neuron remains close to zero for multi-head networks but becomes strongly
negative as N increases in single-head networks (example RNN). Error bars - ± STD. b. The
dimensionality of the activity increases linearly with N in N -parity and sub-linearly in N -DMS
task. Dashed lines - linear fit computed for all Ns (N -parity task) and independently for N ∈ [0, 20]
(gray line – extension for visual guidance) and N ∈ [20, 100] (N -DMS task). Blue line - N = 20.

performed at every time step, the increase in dimensionality may be required to map different input
patterns (that grow with N ) to the same outputs.

Our findings suggest that both curricula give rise to networks with slower and higher dimensional
collective dynamics with increasing N , but via distinct mechanisms. In single-head networks,
single-neuron properties τ play an important role in creating slow dynamics, which are then sta-
bilized by stronger inhibition in the network. However, in multi-head networks, the slow dynamics
should arise from recurrent network interactions. The significant difference in performance of the
two curricula suggests that the second mechanism is more effective in solving the task.

4.3 IMPACT OF DIFFERENT CURRICULA ON NETWORKS ROBUSTNESS

To compare the robustness and retraining capability between the two curricula, we investigate
changes in network accuracy resulting from ablations, perturbations, and retraining networks on
unseen N . We measure the effects on network performance using a relative accuracy metric with
respect to the originally trained network, defined as accrel := (acc− 0.5)/(accbase − 0.5), where
accbase represents the accuracy of the network before any perturbations or ablations, acc is the
measured accuracy after the intervention, and 0.5 is a chance level used for the normalization. If
accrel = 1, the intervention did not change the accuracy; when accrel ≈ 0, the intervention reduced
the accuracy to chance level. All accuracies are evaluated on the maximal trained N .

Ablation: To examine the relative impact of neurons with different trained τ on network perfor-
mance, we ablate individual neurons based on their τ and measure the performance without retrain-
ing (Appendix L). Specifically, we compare the effect of ablating the 20 longest (4% of the network)
and 20 shortest timescale neurons from the network (Fig. 7a,b). For small N and both curricula, ab-
lating individual neurons has only minimal effect (less than 1%) on accuracy. However, for larger
N , we observe a considerable difference in the importance of neurons. Single-head networks rely
strongly on long-timescale neurons (Fig. 7a), such that ablating them reduces the performance much
more than for short-timescale neurons. In contrast, multi-head networks exhibit greater robustness
against ablation, and their accuracy is more affected when short-timescale neurons (i.e., neurons
with τ = 1) are ablated (Fig. 7b). Note that in single-head networks, the average of the 20 longest
single-neuron timescales is 2.7 times longer than in multi-head networks.

Perturbation: We perturb WR and τ with strength ε as (Wu et al., 2020)

W̃R = WR + ε
ξW

||ξW || ||W
R||, τ̃ = τ + ε

∣∣∣ ξτ
||ξτ ||

||τ ||
∣∣∣, ξW ∼ N (0, In×n), ξτ ∼ N (0, In).

(4)
|| · || represents Frobenius norm and | · | the absolute value. τ is perturbed positively to avoid τ < 1.
Multi-head networks are more robust to perturbations (Fig. 7c,d). The robustness to changes in WR

is noteworthy since these networks rely on connectivity to mediate long timescales.

Retraining: We evaluate the performance of networks that solve N = 16, when retrained without
curriculum (without training on intermediate Ns) for an arbitrary higher N , after 20 epochs. Multi-
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Figure 7: Multi-head networks are more robust to ablation and perturbation, and better retrainable.
(a, b) Ablating long-timescale neurons largely decreases the performance of single-head networks
(a), while multi-head networks (b) are more affected by the ablation of short-timescale neurons
(N = 30). (c, d) Multi-head networks are more robust against perturbations of recurrent connec-
tivity WR and τ than single-head networks (note the log-scale x-axis, N = 30). (e) Multi-head
networks retrain faster: They achieve higher relative accuracy when retrained for 20 epochs without
a curriculum for a higher N . Networks trained to solve N = 16 are retrained for 20 epochs to solve
higher N without a curriculum to compare re-trainability. Bars - mean; dots and lines - 4 networks
for each curriculum; error bars and shades - ± STD.

head networks show a superior retraining ability compared to single-head networks for at least 10
N beyond N = 16 (Fig. 7e). This finding suggests that multi-head networks are better at learning
the underlying task and adjust faster to a new, larger N even when skipping intermediate Ns.

5 RELATION TO NEUROSCIENCE

Continuous-time setting: So far, we described the tasks and network dynamics in discrete time with
time-step ∆t = 1. However, to make the connection to more realistic settings, such as neuroscience,
we need to describe the dynamics in continuous time. For this purpose, we consider that each input
digit is presented to the network for a certain time T . In neuroscience experiments (e.g., DMS task),
T is often set to 250-500 ms (Meyer et al., 2011; Qi et al., 2011; Kim & Sejnowski, 2021).

First, we show that for a fixed T , the discretization time step ∆t does not affect the networks’
performance and dynamics. We train the networks with each curriculum using a variety of ∆t
(Appendix B). In these networks, the performance on the test data is comparable for different ∆t,
even for values much smaller than what was included during the training, mimicking continuous-
time dynamics (Fig. S5 c-d). Moreover, similar to our previous results, we find that single-head
networks increase their τ with N , while multi-head networks try to reach τ → T (Fig. S5 a,b).

Next, we test how changes in input presentation time T affect the dynamics. We set T = k∆t,
where ∆t = 1. We find that for all k, single-head networks increase τ with N , whereas multi-head
networks’ τ tends to k, thus matching the timescales of the input changes (Appendix C).

Timescales and learning in the biological neural networks: Our findings suggest that networks
that are required to solve tasks with larger memory requirements should develop longer timescales.
This largely agrees with findings in the brain: higher cortical areas that are involved in cognitive
processes with larger memory requirements (e.g., working memory, evidence accumulation) have
longer timescales than sensory areas (Murray et al., 2014). Moreover, we show that developing
longer network timescales via changes in network connectivity is a superior solution (in terms of
performance and stability) than using longer single-neuron timescales. This is consistent with find-
ings that neural timescales in primate visual cortex adapt to task demands via recurrent network
interactions rather than biophysical time constants (Zeraati et al., 2023). Moreover, this result aligns
with the learning strategy of biological neural networks, which primarily relies on changes in synap-
tic strengths rather than modifying the biophysical time constants of individual neurons. While
such changes do happen in biology (via protein turnover (Sun & Schuman, 2022), calcium currents
(Tiganj et al., 2015), and other mechanisms ), synaptic strength modification is overwhelmingly the
mechanism by which biological networks learn.
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6 RELATED WORK

Previous works independently investigated the role of neuronal and network-mediated timescales
in solving memory tasks and proposed inconsistent solutions. Studies focusing on neuronal aspect
suggested heterogeneous and adaptable neuronal properties (e.g., membrane time constant) as an
optimal mechanism (Perez-Nieves et al., 2021; Mahto et al., 2021; Smith et al., 2023a; Quax et al.,
2020). At the same time, other studies presented that network-mediated mechanisms like balanced
dynamics (Lim & Goldman, 2013), strong inhibition (Kim & Sejnowski, 2021) or homeostatic plas-
ticity (Cramer et al., 2020; 2023) can create timescales required for memory tasks. For a single
neuron modeled with multiple memory units, long timescales were shown to be instrumental in
solving memory tasks (Spieler et al., 2023). Here, we explicitly compare these mechanisms and
show that while both can be useful for learning long-memory tasks, applying network-mediated
mechanisms leads to faster training and more robust solutions.

We find that the difference between mechanisms is revealed mainly in the context of distinct learn-
ing objectives defined by curricula. This is an important distinction with previous work, since the
role of timescales has been often studied when RNNs solve a single task (e.g., single-head DMS),
without considering learning dynamics or the potential for catastrophic forgetting. We relate the
mechanisms of task-dependent timescale with the learning dynamics of RNNs across curricula. The
use of curricula in our study is inspired by previous work suggesting curriculum learning as a fitness
landscape-smoothing mechanism that can enable the gradual learning of highly complex tasks (El-
man, 1993; Bengio et al., 2009; Krueger & Dayan, 2009) and be used to uncover distinct learning
mechanisms (Kepple et al., 2022; Dekker et al., 2022). Here, we extend these findings by demon-
strating how different curricula can push networks towards adopting different strategies to develop
slow collective dynamics required for solving long-memory tasks.

7 DISCUSSION

We find that to solve long-memory tasks, RNNs develop high-dimensional activity with slow
timescales via two distinct combinations of connectivity and single-neuron timescales. While single-
head networks crucially rely on the long single-neuron timescales to perform the task, multi-head
networks prefer a constant single-neuron timescale and solve the task relying only on the long
timescales emerging from recurrent interactions. We show that developing long timescales via re-
current interactions instead of single-neuron properties is optimal for learning memory tasks and
leads to more stable and robust solutions, which can be a beneficial strategy for brain computations.

Our findings suggest that training networks on sets of related memory tasks instead of a single task
improves performance and robustness. By progressively shaping the loss function with a curriculum
to include performance evaluations on sub-tasks that are known to correlate with the desired task, we
can smooth the loss landscape of our network to allow training for difficult tasks that were previously
unsolvable. In this way, choosing an appropriate curriculum can act as a powerful regularization.

Limitations: Our study considers two relatively simple tasks with explicitly controllable mem-
ory requirements. In follow-up studies, it would be important to test our observations in more
sophisticated tasks and investigate whether our results apply to other architectures and optimizers.
Additionally, our approach is suitable only for a set of tasks with controllably increasing memory
requirements, where the different versions of the same task can be simultaneously performed on the
same data (multi-head training). This is a relatively strong constraint, and future research expand-
ing our findings could focus on generalizing the multi-head curriculum for training more realistic
tasks. Time series reconstruction is a potential task that can be used to uncover generative dynamical
systems from data (Durstewitz et al., 2023). We proposed a potential experiment in Appendix D.

Our current model is a crude approximation of biological neural networks, and more plausible archi-
tectures (spiking models, distinct neuron types) could be studied. Finally, biological neural networks
can produce long timescales via various other mechanisms we did not consider here (short-term
plasticity (Hu et al., 2021), adaptation (Salaj et al., 2021; Beiran & Ostojic, 2019), synaptic delays,
etc). A follow-up study could investigate whether our findings extend to more plausible networks
incorporating such additional mechanisms.
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Multiple-timescale Spiking Recurrent Neural Networks. In International Conference on Neu-
romorphic Systems 2020, ICONS 2020, pp. 1–8, New York, NY, USA, July 2020. Association
for Computing Machinery. ISBN 978-1-4503-8851-1. doi: 10.1145/3407197.3407225. URL
https://dl.acm.org/doi/10.1145/3407197.3407225.

Yong Yu, Xiaosheng Si, Changhua Hu, and Jianxun Zhang. A review of recurrent neural net-
works: Lstm cells and network architectures. Neural computation, 31(7):1235–1270, 2019. URL
https://ieeexplore.ieee.org/document/8737887.

Roxana Zeraati, Tatiana A. Engel, and Anna Levina. A flexible Bayesian framework for unbiased
estimation of timescales. Nature Computational Science, 2(3):193–204, March 2022. ISSN 2662-
8457. doi: 10.1038/s43588-022-00214-3. URL https://www.nature.com/articles/
s43588-022-00214-3.

Roxana Zeraati, Yan-Liang Shi, Nicholas A Steinmetz, Marc A Gieselmann, Alexander Thiele, Tirin
Moore, Anna Levina, and Tatiana A Engel. Intrinsic timescales in the visual cortex change with
selective attention and reflect spatial connectivity. Nature Communications, 14(1):1858, 2023.
URL https://www.nature.com/articles/s41467-023-37613-7.

14



Published as a conference paper at ICLR 2024

APPENDIX

A DIFFERENT TYPES AND LOCATIONS OF NONLINEARITY

In order to verify that our results are robust with respect to the type of nonlinearity used in the
network, we train RNNs using two of the most commonly used nonlinearities: ReLU and Tanh. We
find that in both cases, the training performance is similar to leaky ReLU, and the development of
single-neuron and network-mediated timescales follow the same trajectory as N increases (Fig. S7).

In some implementations of leaky-RNN, the neural self-interaction is linear and located outside of
the nonlinearity (cf. equ.1)

ri(t) =

(
1− ∆t

τi

)
·ri(t−∆t)+


∆t

τi
·


∑

i ̸=j

WR
ij · rj(t−∆t) +W I

i · S(t) + bR + bI





α

. (5)

with the explicit time discretization ∆t. The input is presented for time duration T = k∆t with
input-update time steps k. In the main text, we chose k = 1 and ∆t = 1. We discuss k > 1 in
Appendix C and ∆t < 1 in Appendix B.

We verify that training RNNs with this implementation gives similar training dynamics and trajec-
tories of τ and τnet with increasing N (Fig. S8), for both curricula. Furthermore, we find that, for
large N , ablating neurons with long τ in single-head networks and neurons with short τ in multi-
head networks reduces the performance significantly, compatible with the findings in the main text
(Fig. S9, cf. Fig. 7). We also verify that the performance of the model depends on the initialization
of τ and its trainability in the same way regardless of the location of the nonlinearity (Fig. S11, cf.
Fig. 4).

B CHANGING TIME DISCRETIZATION

In computational neuroscience, the single neuron dynamics are typically captured by the differen-
tial equations that need to be discretized for running numerical simulations and training networks.
However, the discretization can be important for stability and internal representation of the model
and the task. In the main text, we used Eq. 5 with ∆t = T = 1. For simplicity of notation, we
take in the rest of this section T = 1. We train networks with different values of ∆t (a different
∆t for each training batch), so they can perform the same task independent time discretization. We
take ∆t = 1/n with n ∈ N and train the network while keeping the duration of each stimulus
presentation in units of time constant (which means that with larger n, it would be presented for
more time steps). The flexible framework for time discretization allows us to train with multiple ∆t
simultaneously. Then, we test whether the network can solve the same task but with ∆t not included
in their training set.

We find that in networks trained with multiple ∆t, the single-neuron timescales τ follow a similar
trajectory as the results in the main text, independent of ∆t (Fig. S5a,b compared to Fig. 4b). Multi-
head networks adjust their τ to converge to n∆t = 1, while single-head networks increase their
individual neuron timescale. Moreover, the networks can generalize (without retraining) the task
to smaller ∆t than what was included in their training set, in single- and multi-head networks.
Interestingly, the performance decreases slowly when ∆t becomes smaller than the training set, but
abruptly when it becomes larger (Fig. S5c,d). The performance is best when training with multiple
∆t, but qualitatively, the result is similar for a single, small enough ∆t (Fig. S5e).

C CHANGING THE DURATION OF THE INPUT PRESENTATION

In our tasks, the input contains two timescales. First is the duration of presentation of each input
digit T = k · Tmin, with Tmin a minimal considered duration of stimulus presentation measured
in milliseconds. Second is the timescale of the task’s memory N . In the main text, we consider
the situation of k = 1, but in general, k acts as a time-rescaling parameter and defines one unit of
time for the task performance. Here, we train the RNNs with different values of k ∈ {2, 3, 5, 10}
and check the trajectories of changing τ with N depending on k. We find that similar to the case
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with k = 1, single-head networks trained with k > 1 increase their τ with N , while multi-head
networks try to keep τ close to k (Fig. S6). Moreover, tasks with k > 1 are generally more difficult
to solve since the input needs to be tracked over N · k time steps. Hence, as k grows, RNNs would
reach smaller N within the same number of training epochs. The changes in values of τ after
rescaling with k might be due to nonlinear interactions in the network arising from the combination
of different N and k.

D PROPOSED ADDITIONAL TASK: TEMPORAL PATTERN GENERATION

For future research, the task variety can be extended to include the temporal pattern generation,
which is a continuous-time task that is often used to evaluate RNNs (Durstewitz et al., 2023). The
classic variation of the task involved an RNN receiving either random noise or no input and having
to produce a target time series as output (usually a sum of sine waves with different frequencies).

A variation of the task we could consider for testing our model is the following:

Single-head: On the first step of the curriculum, we train the network to produce a single sine wave
with frequency f1, setting the target sequence to be yN=1 = sin(2π · f1 · t).
Then, for each curriculum step, we complexify the target sequence by setting the new target as:

yN=m =
m∑

i=1

sin(2π · fi · t), (6)

for f1 > f2 > · · · > fm. In this way, as the newly added frequencies decrease, a need arises for the
network to develop longer timescales.

Multi-head: Unlike the single-head network where the RNN needs to produce only one target time
series yN=m at the m-th step of the curriculum, in the multi-head curriculum, the network produces
m output time series Y = {yN=1, . . . , yN=m}.

E EFFECTS OF TRAINING WITHOUT A CURRICULUM ON THE N -DMS TASK

We investigate the negative effects of not using a curriculum during training for the N -DMS task
to extend our results from Fig. 3a. We show in Fig. S13 that similar to the N -Parity task, networks
rapidly lose the ability to solve the N -DMS task as N increases when training without a curriculum.
Interestingly, the two tasks differ in the way they fail to be solved despite using identical optimizers.
In all of our results, the N -DMS task tends to be easier to solve for larger N . However, despite the
relative success these networks have with the N -DMS task, their drop-off in training these networks
is much steeper when comparing the curves from Fig. 3a and Fig. S13. In Fig. S13, tasks N < 15
get solved in only 1 or 2 epochs, however between 15 < N < 20 the networks rapidly slow down
in their ability to train until completely failing for N > 20 even when given longer training time.
We can infer from these results that different tasks have varying degrees to which they benefit from
a particular curriculum.

F INTERMEDIATE CURRICULA: MULTI-HEAD WITH A SLIDING WINDOW

The two curricula discussed in the main text (single-head and multi-head) represent two extreme
cases. In the single-head curriculum, at each step of the curriculum, RNNs are trained to solve a
new N without requiring to remember the solution to the previous Ns. On the other hand, in the
multi-head curriculum, RNNs need to remember the solution to all the previous Ns in addition to
the new N . Here, we test the behavior of curricula that lie in between the two extreme cases.

The intermediate curricula involve the simultaneous training of multiple heads, similar to the multi-
head curriculum, but instead of adding new heads at each curriculum step, we train a fixed number
of heads and only shift the Ns, which they are trained for according to a sliding window. We
consider the number of heads to be 10, and start the training for N ∈ [2, . . . , 11]. In the next steps
of the curriculum, we use the already trained network to initialize another network which we train
for N + w (e.g., N ∈ [2 + w, . . . , 11 + w]), where w ∈ {1, 3, 5} indicates the size of the sliding
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window. For each w, we train 4 different networks (i.e., 4 different initialization). For the following
analyses, we trained the networks on the N -parity task.

We find that networks trained with the multi-head-sliding curriculum generally demonstrate an in-
between behavior compared with the extreme curricula, but the results also depend on the size of
the sliding window. Within 1000 training epochs, the maximal N these networks can solve (with
> 98% accuracy) is in between the maximal N of single- and multi-head curricula, depending
on the sliding window. Networks with a larger sliding window can solve a higher maximal N ,
indicating that a large sliding window not only does not slow down the training but also provides a
more efficient curriculum to learn higher Ns (Fig. S12a). Moreover, in multi-head-sliding networks,
single-neuron (τ ) and network-mediated (τnet) timescales have values in between single-head and
multi-head curricula (Fig. S12b). However, both τ and τnet grow with N similar to single-head
networks, with the pace of growth reducing for larger sliding windows.

Similar to the main text (Fig. 7c,d,e), we perform the perturbation and retraining analysis on multi-
head-sliding networks trained with w = 5. The relative accuracy after perturbation of recurrent
weights WR and timescales τ for these networks lies between the two extremes (Fig. S14a, b).
However, the retraining analysis suggests that multi-head-sliding networks can be retrained better
for higher new Ns (Fig. S14c,d). If the network is originally retrained for a small N (e.g., N = 16),
the retraining relative accuracy is similar between multi-head and sliding networks but is larger than
single-head networks. For networks trained for larger Ns (e.g., N = 31), sliding networks exhibit
a superior retraining ability compared to the other two curricula. These results suggest that the
curriculum with the sliding window helps multi-head networks to better adjust to new Ns.

G SINGLE- AND MULTI-HEAD CURRICULA FOR TRAINING GRU AND LSTM

The results presented in the main text were generated using a modified version of a vanilla RNN
(leaky-RNN) with an explicit definition of the timescale parameter τ . To test whether the difficulties
in training for long memory tasks without curriculum would carry over to recurrent networks that
were specifically designed for long memory tasks, we train two other architectures, an LSTM (long
short-term memory) and a GRU (gated recurrent unit) on the N -parity task for increasing N , with
and without a curriculum. Both the GRU and LSTM have similar network sizes to the RNN with 500
neurons, though they differ in their activation functions (the RNN used a single leakyReLU whereas
the GRU/LSTMs have both sigmoids and tanhs for different gates). Furthermore, in contrast with
the RNNs, an Adam optimizer is used with learning rate lr = 10−3 and the input signals to the
models take values ∈ {−1, 1} (to have a zero-mean input signal).

We find that for both architectures, training the networks without a curriculum is extremely slow
for large N and relatively unstable for small N and probably requires strict hyper-parameter tun-
ing (Fig. S15a). Without additional hyper-parameter tuning, introducing the multi-head curriculum
speeds up the training significantly, and both architectures can easily learn the N -parity task with
large N similar to the leaky-RNN (Fig. S15b). Moreover, similar to RNNs, the multi-head curricu-
lum has a higher training speed than the single-head curriculum (Fig. S16). Our results indicate
that GRUs and LSTMs are subject to similar training dynamics as RNNs used in the main text and
the multi-head curriculum is an optimal curriculum regardless of the RNN architecture. The advan-
tage of using the leaky-RNN architecture is that its parameters are easier to interpret, and it allows
us to study better the mechanisms underlying each curriculum by explicitly studying the role of
timescales.

H BACKWARD AND FORWARD RETRAINING OF NETWORKS

To understand how trained models develop their ability to create longer timescales throughout the
curriculum as well as their backward compatibility and robustness to catastrophic forgetting, we
measure the retrainability of models trained on a task with memory N on a different task with
memory N∗. We freeze all parameters of a trained network except the final readout layer weights
which are retrained on an N∗ task. Specifically, we load models trained for N ∈ [2, . . . , 19] and
retrain them on a new N∗ ∈ [2, . . . , N+2], independently for each N∗, for a maximum of 10 epochs
or until its accuracy was above 98%. Note that we retrain both single- and multi-head networks as
single-head.

17



Published as a conference paper at ICLR 2024

We find that the multi-head networks exhibit near-perfect backward compatibility as well as better
forward compatibility than the single-head models (Fig. S17), while single-head networks suffer
from catastrophic forgetting. For the multi-head networks, the backward compatibility is enforced
through the loss function (as is the case in the multi-head curriculum) hence, the necessary represen-
tations for N∗ < N persist. However, the multi-head curriculum also has positive implications for
forward compatibility, which is evident in the off-diagonal entries of the accuracy where N∗ > N
(to the right of the dotted line) when compared to the single-head values.

I EMERGENCE OF CURRICULUM DURING MULTI-HEAD TRAINING

In the multi-head curriculum, the difficulty of the task increases gradually; a new head with a larger
N is added at each step of the curriculum. In the main text, we discussed that networks trained with
such a curriculum generally train well up to large Ns. Here we ask whether this optimal curriculum
can emerge by itself if we train a network with multiple heads, but without any predefined curricula.
For this analysis, we train RNNs with 19 (N ∈ [2, . . . , 20]) and 39 heads (N ∈ [2, . . . , 40]) to solve
all the available Ns simultaneously.

We find that despite the absence of an explicit curriculum, these networks learn the task by generat-
ing an internal multi-head curriculum. While all the heads contribute equally to the loss, heads with
a smaller N reach the higher accuracy faster (Fig. S18a). However, the speed of training strongly
depends on the total number of heads in each network. For the same N , the network with 19 heads
reaches the 98% accuracy faster than the network with 39 heads (Fig. S18b), but both networks have
a slower training speed when compared to the multi-head curriculum. These results suggest that the
multi-head curriculum is an optimal curriculum that can arise naturally during multi-head training
and can increase the training speed when applied explicitly.

J ROLE OF STRONG INHIBITORY CONNECTIVITY IN SINGLE-HEAD
NETWORKS

The main difference between single- and multi-head networks in terms of connectivity is the stronger
inhibitory (negative) connectivity for large N in the single-head networks compared with the rela-
tively balanced connectivity in multi-head networks (Fig. 6a). We hypothesized that larger inhibition
in single-head networks is required to keep the dynamics stable in the presence of slow single-neuron
timescales τ . To test this hypothesis, we perturb only the inhibitory connections in networks trained
with both curricula as:

WR
ij = Wij + c ·Wij , ∀ WR

ij < 0, (7)

for a given amount of c ∈ [−0.1, 0.1]. We observe that by reducing the amount of inhibition in
single-head networks, the network activity explodes even before reaching the balanced point, i.e.,
the point when the average incoming weight of neurons becomes 0 (Fig. S19a). On the contrary,
multi-head networks are significantly more robust to such perturbations and their activity remains
within a reasonable range for a broad range of inhibitory scaling (Fig. S19b).

This difference is most likely attributed to the difference in single-neuron timescales τ between
single- and multi-head networks. The single-head networks have a larger average τ compared to
the multi-head networks whose average τ ≈ 1 for large N . Longer τ leads to neurons with self-
sustaining activity, and thus, a stronger inhibition might be required to prevent the runaway activa-
tion. Such a relationship can be observed when comparing the average τ and inhibitory strength
across networks: for single-head networks as τ grows, the average weight becomes more negative
(inhibitory)(Fig. S19c), but such correlation does not exist in multi-head networks (Fig. S19d).

K DEPENDENCE OF DIMENSIONALITY OF POPULATION ACTIVITY ON N

We measure the dimensionality as the number of principal components that explain 90% of the
population activity variance. The dimensionality increases with N for both tasks and curricula, but
the increase follows a linear relation with N for N -parity task but a sub; linear relation for the
N -DMS task (Fig. 6b).
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To demonstrate this difference, we fit two separate lines for the data up to N = 20 and from N = 20
up to the largest N . We observe that for the N -parity task, the slope of two lines largely overlaps,
indicating a linear relation. However, for the N -DMS task, the second line clearly has a smaller
slope than the first one, indicating a sub-linear growth with N (Fig. S20).

L ABLATION DETAILS

To test whether neurons with fast or slow timescales (τ ) are necessary for computations in the trained
RNNs we perform the ablation analysis. For this analysis, we compute the relative accuracy of the
model (Eq. 4 in the main text) after removing a single neuron. We ablate neuron i by setting all
incoming and outgoing associated weights to zero

WR
ij ,W

R
ji = 0 ∀j

WO
i ,W I

i = 0
(8)

Here Wij refers to recurrent weights, WO
i to input weights and WO

i to readout weights. To measure
the relative accuracy, we simulate the RNN forward using random binary inputs for 1000 time steps
after 100 time steps of a burn-in period (to reach the stationary state). Then, we evaluate the accuracy
of the network at each time step. We repeat this procedure over 10 trials and compute the average
and standard deviation of the relative accuracies across trials.

M SIGNIFICANCE OF THE RESPONSES TO PERTURBATIONS OF WEIGHTS AND
RETRAINING

We investigate the significance of differences between single- and multi-head networks presented
in Fig. 7 using a t-test (two-sided, unpaired). Perturbations are computed 10 times for 4 networks
per group with results being pooled across networks. Retraining accuracy is computed once per
network. Table 1,2, and 3 indicates with stars the significance levels corresponding to p-values
below 5e−2, 1e−2, 1e−3, 1e−4, and 1e−5.

Weight Perturbation Strength p-value Significance
1.0e-02 8.8e-03 **
2.2e-02 4.5e-01 n/s
4.6e-02 2.9e-01 n/s
1.0e-01 5.1e-15 *****
2.2e-01 2.2e-39 *****
4.6e-01 8.3e-47 *****
1.0e+00 8.6e-04 ***
2.2e+00 7.6e-01 n/s
4.6e+00 6.5e-01 n/s
1.0e+01 9.0e-01 n/s

Table 1: Significance of the weights’ perturbation for different perturbation sizes Fig. 7c. Two-
sided and unpaired t-test, stars indicate p-values below 5e−2, 1e−2, 1e−3, 1e−4, and 1e−5.
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Perturbation of τ p-value Significance
1.0e-03 4.3e-01 n/s
2.2e-03 8.9e-01 n/s
4.6e-03 5.4e-01 n/s
1.0e-02 1.2e-02 *
2.2e-02 2.3e-14 *****
4.6e-02 9.1e-29 *****
1.0e-01 1.3e-50 *****
2.2e-01 4.1e-35 *****
4.6e-01 4.8e-01 n/s
1.0e+00 6.0e-01 n/s
2.2e+00 1.3e-01 n/s

Table 2: Significance of the τ ’s perturbation for different perturbation sizes Fig. 7d. Two-sided and
unpaired t-test, stars indicate p-values below 5e−2, 1e−2, 1e−3, 1e−4, and 1e−5.

retraining for N p-value Significance
17 1.7e-03 **
18 9.7e-04 ***
19 1.2e-07 *****
20 3.2e-05 ****
21 1.7e-05 ****
22 1.6e-05 ****
23 7.4e-06 *****
24 6.4e-05 ****
25 3.1e-04 ***
26 1.7e-03 **
27 1.7e-02 *
28 2.1e-03 **
29 7.5e-03 **
30 1.6e-01 n/s
31 1.5e-01 n/s
32 6.5e-01 n/s

Table 3: Significance of the retraining differences between single and multi-head, Fig. 7e. Two-
sided and unpaired t-test, stars indicate p-values below 5e−2, 1e−2, 1e−3, 1e−4, and 1e−5.

N CODE AND DATA AVAILABILITY

Codes for training and evaluating the RNNs and reproducing the experiments (e.g., measuring
timescales, performing ablations, etc.) together with example trained networks are available on
GitHub at https://github.com/LevinaLab/rnn timescale public (more details in README).
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Figure S1: AIC and BIC choose the same model for most neurons. We fitted AC of each neuron’s
activity with single- and double-exponential functions and used AIC or BIC to select the best-fitting
models. The results show that for above 95% of neurons, the two criteria select the same model.
The colors of the dots indicate different networks (4 networks for each task, curriculum and N ).

0 10 20
Time lag

10−3

10−2

10−1

100

AC

0 10 20
Time lag

10−3

10−2

10−1

100

AC

Data
Single-exp fit
Double-exp fit

0.5 1.0
R2 of the selected model

0

5

10

15

Pr
ob

ab
ilit

y 
de

ns
ity

Single head

0.6 0.8 1.0
R2 of the selected model

0

10

20

30

Multi heada cb

Figure S2: ACs of neurons are well captured with single- or double-exponential fits. Note that the
y-axis is in logarithmic coordinates, meaning that deviations between the fit and data AC are much
smaller in the AC tail compared to initial time lags. a, b. Fitting double and single exponential
functions to the AC of example (a) single-timescale (τnet = τ ) and (b) double timescale (τnet > τ )
neurons. c. Values of coefficient of determination R2 estimated for all selected fits using AIC are
close to 1, indicating a good fit.
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Figure S3: Networks trained without curriculum have similar single-neuron (a) and network-
mediated (b) timescales to networks trained with the single-head curriculum in the range of N that
the no-curriculum-trained networks can learn.

10 20 30
N

0.0

2.5

5.0

7.5

M
ea

n(
τ p

op
)

Single-head, N-parity

25 50 75
N

0

10

20

30

Single-head, N-DMS

50 100
N

0

20

40

60

Multi-head, N-parity

50 100
N

0

10

20

30
Multi-head, N-DMS

Figure S4: Dependence of population activity timescales τpop on N . For both tasks and curriculum,
the timescale of population activity fluctuations increases with N , indicating a general trend toward
slower collective dynamics for tasks with larger memory requirements. Shade - ± STD across 4
networks.
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Figure S17: Single-head (a) and multi-head (b) networks loaded for N ∈ [2, . . . , 19] have new
readout heads retrained on new tasks with N∗ ∈ [2, . . . , N + 2]. The heat map of the loss and
accuracy of these retrained networks (after a maximum of 10 epochs or reaching an accuracy of
98%+) shows the robustness of the multi-head networks to catastrophic forgetting, as well as an
improvement towards forward compatibility in the N∗ > N region. The dotted line indicates the
diagonal.
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Abstract

Structural modularity is a pervasive feature of biological neu-
ral networks, which have been linked to several functional
and computational advantages. Yet, the use of modular ar-
chitectures in artificial neural networks has been relatively
limited despite early successes. Here, we explore the perfor-
mance and functional dynamics of a modular network trained
on a memory task via an iterative growth curriculum. We
find that for a given classical, non-modular recurrent neural
network (RNN), an equivalent modular network will perform
better across multiple metrics, including training time, gener-
alizability, and robustness to some perturbations. We further
examine how different aspects of a modular network’s con-
nectivity contribute to its computational capability. We then
demonstrate that the inductive bias introduced by the modu-
lar topology is strong enough for the network to perform well
even when the connectivity within modules is fixed and only
the connections between modules are trained. Our findings
suggest that gradual modular growth of RNNs could provide
advantages for learning increasingly complex tasks on evo-
lutionary timescales, and help build more scalable and com-
pressible artificial networks.

Introduction
From bacteria (Andrews, 1998), to brains (Sporns and Bet-
zel, 2016), to man-made artifacts (Lake et al., 2015), many
things are composed of modular components, specialized
for different purposes and capable of being recombined in
distinct configurations to solve new problems. In cogni-
tive science, modularity (Fodor, 1983) has played an im-
portant role in understanding intelligent behavior as compo-
sition of modular, symbolic representations (Rubino et al.,
2023; Zhou et al., 2024) while evolutionary accounts have
explored how selection pressure towards reducing connec-
tion costs may favor modular solutions (Clune et al., 2013).
By constraining the search space (Happel and Murre, 1994)
and favoring more computationally efficient solutions (Yuan
et al., 2023), modular architectures (Amer and Maul, 2019)
offer a complementary and more biologically plausible ac-
count of intelligence (Cosmides and Tooby, 1997), at a time
when current trends in deep learning have pursued scale at
all costs (Shen et al., 2023).

Taking inspiration from the modular duplication of en-
tire body parts during gene duplication events (Garcia-
Fernàndez, 2005), we explore the functional utility of modu-
lar growth in adapting a recurrent network to a memory task
of gradually increasing complexity. We find that coordina-
tion of modular growth together with a learning curriculum
facilitates a surprising array of advantages, both in terms of
performance and costs.

Specifically, we focus on the domain of multi-timescale
signal processing (Bathellier et al., 2008; Panzeri et al.,
2010; Safavi et al., 2023). In tasks such as speech recog-
nition (Graves et al., 2013), time-series prediction (Chung
et al., 2014; Torres et al., 2021), and navigation (Mor-
cos and Harvey, 2016), both biological and artificial agents
commonly need to represent and remember relatively long
timescales in the underlying network dynamics. In artifi-
cial neural networks, such dynamics can arise not only via
the training of recurrent connectivity, but also by explicitly
training the timescales of individual neurons (Perez-Nieves
et al., 2021; Tallec and Ollivier, 2018; Quax et al., 2020;
Yin et al., 2020; Fang et al., 2021; Smith et al., 2023).
Trainable timescales have been linked with improved perfor-
mance for rate- (Tallec and Ollivier, 2018; Quax et al., 2020)
and spiking networks (Yin et al., 2020; Fang et al., 2021;
Perez-Nieves et al., 2021). However, recent work has sug-
gested that greater reliance on connectivity, rather than train-
able timescales, is associated with superior performance
and robustness of RNNs in similar memory tasks (Khaje-
habdollahi et al., 2024). Thus, these current debates sug-
gest that the interaction between trainable and connectivity-
based mechanisms, together with their dependence on archi-
tectural and training decisions remains relatively poorly un-
derstood, even in simple networks performing rather trivial
tasks.

One such architectural distinction between artificial and
biological networks is the presence of modular topologies
(Litwin-Kumar and Doiron, 2012; Chaudhuri et al., 2014;
Zeraati et al., 2023; Shi et al., 2023), which organize vari-
ous neuronal types into higher level clusters with different
timescales (Greengard, 2001) and specific local connectiv-
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ity patterns (Schaub et al., 2015). In particular, hierarchi-
cal structures in the cortex are associated with a gradual in-
crease in intrinsic timescales (Murray et al., 2014; Manea
et al., 2022) that has been linked to the computational re-
quirements of the tasks performed by different cortical re-
gions (Murray et al., 2014).

Although artificial hierarchical networks have been used
for temporal tasks in the past (El Hihi and Bengio, 1995),
they only explored shallow and static hierarchies that lacked
curriculum-based growing mechanisms. Thus, to our knowl-
edge, the role of hierarchical structure in accommodating the
emergence of longer timescales has yet to be investigated.

Here, we address this gap by comparing standard RNNs
(non-modular) to growing modular networks, using mem-
ory tasks with increasing complexity (Fig. 1). Building on
the success of different curriculum-based training strategies
that support the learning of longer timescales (Khajehabdol-
lahi et al., 2024), we additionally introduce module-level
duplicative growth of the network at every step along the
curriculum. This modular strategy is loosely reminiscent of
growth over evolutionary timescales that gradually accom-
modate adaptation to more complex tasks and environments
(Lui et al., 2011). Our networks achieve superior perfor-
mance and robustness, in line with other studies that use
neural growth models to train RNNs in a different domain
(Najarro et al., 2023).

Our findings suggest that the well-calibrated growth of
structured networks can significantly reduce the number of
trainable parameters and training steps required to solve
complex temporal tasks.

Methods
We train non-modular and modular networks on the N -
parity task at increasing complexity levels N and compare
their performance, robustness, and learning dynamics. Mod-
els are trained using back-propagation-through-time with a
stochastic gradient descent optimizer, a cross-entropy loss
function, and curriculum learning 1.

Task
An N -parity task is a memory task that is commonly used
to assess the capabilities of recurrent network architectures
(Stork and Allen, 1992; Hohil et al., 1999). The task re-
quires the accurate retention of a sequence of binary digits
to perform a modulo 2 summation over the last N digits in
the sequence. Therefore N captures the complexity of the
task. The input is a random binary sequence S with length
L chosen uniformly from the interval {N+2, 4N}, with one
bit provided to the network at each time step. The network
must output the binary sum (XOR) of the last N digits. To
update the output at every time step, the network must learn

1Code is provided at https://github.com/manihamidi/growing-
rnn
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Figure 1: Network Structures. Non-modular networks con-
sist of a fixed number of neurons (M = 20, 54, 91, 128),
with connections that are retrained at each curriculum step.
After a given accuracy is reached for a task of length N ,
a new readout head (consisting of 2 neurons) for N + 1 is
added and the network is retrained for all previous N . In
contrast, the modular network adds a much smaller RNN
module (Mm = 5, 10, 15, 20) for every readout head that is
added in the curriculum. Thus, each readout head is attached
to a separate RNN module, rather than one large reservoir as
in non-modular networks.

to store some representation of the values and order of the
last N digits in memory.

Although simple, this task provides a foundation for test-
ing the representation learning and memory capacities of ar-
tificial neural networks, while simultaneously allowing us
to control the difficulty of the task 1 bit at a time using N .
Furthermore, multiple N -parity tasks can be computed for
a single sequence, allowing the possibility of training con-
current tasks/readout layers on the same inputs. This con-
current training is used to encourage more universal features
that can be shared between the different tasks and to prevent
catastrophic forgetting.

The success criterion for completing task N is therefore
defined as jointly satisfying i) > 98% accuracy on task N
and ii) maintaining an average of > 98% accuracy on all
previous tasks. Accuracy is reported as an average over mul-
tiple tests, with random chance yielding 50%. We report net-
work performance using Nsolved which describes the largest
task that it was able to solve after 60 epochs.
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Figure 2: Performance comparison of modular and non-modular architectures with different numbers of neurons (color bars)
allocated to their recurrent processing unit. For modular networks, the number of neurons is reported per module. For non-
modular networks, the number indicates the total number of neurons in the single recurrent core. These numbers were chosen
to allow for a comparable total number of learnable parameters for a given task difficulty N . (a) Learning curves show that
modular architectures with sufficient (> 5) neurons can solve a new task at every epoch while the non-modular networks plateau
in their learning ability. (b) Pareto frontier of performance after 60 training epochs, shows that the modular architecture always
achieves better performance for the same number of parameters. Note that the saturation of performance at Nsolved = 60 for
the modular architecture is due to the choice of training epochs. (c) Generalization performance of networks trained on a task
difficulty of N and then tested on tasks of N + K. Accuracy is measured as the percentage of correct trials and error bars
indicate the standard deviation. Results are averages over 4 non-modular and 3 modular networks, and errorbars show STD.

Networks
We use simple rate neurons with a trainable time constant τ
whose activity is defined by:

ri(t) =

(
1− ∆t

τi

)
· ri(t−∆t) +

∆t

τi
· [Ct]α (1)

Ct is the input at each timestep t and the non-linearity [·]α is
the leaky ReLU function with negative slope α, given by:

[x]α =

{
x, x ≥ 0
α · x, x < 0.

(2)

During learning, we train both the network connectivity (re-
current and feedforward) as well as the individual neuron
timescales τi. The trainable timescale τi has a minimum
value of 1 indicating a neuron that reacts only to the shortest
timescales (i.e., the current input Ct), whereas larger values
integrate information from longer timescales in the past.

Non-modular networks. In non-modular networks
(Jaeger, 2002), the input at each timestep t for neuron i is:

Ct =
M∑

j ̸=i

WR
ij · rj(t−∆t) +W I

i · S(t) + bi. (3)

Here, WR is the recurrent connectivity, W I is the feedfor-
ward input connections, S(t) is the input signal, bi is the
neuron bias, and time discretization ∆t = 1.

The non-modular networks follow the multi-head curricu-
lum in (Khajehabdollahi et al., 2024): At the first curriculum

step, a single linear readout head is trained to solve the task
for N = 2. Upon successfully completing task N , a new
readout head is added and is trained to solve the N + 1-
parity task. Previous readout heads continue to be trained
after every step in the curriculum. Thus, at the mth step of
the curriculum, the network has m readout heads solving the
task for N = 2, . . .m− 1.

Modular networks. In modular networks, each neuron re-
ceives input from the other neurons of the same module, and
for modules m > 1, neurons also receive input from a feed-
forward connection from the previous module m− 1:

Cm
t =

Mm∑

j ̸=i

WR
ij · rmj (t−∆t)

+

Mm∑

k

WFF
ik · rm−1

k (t−∆t)

+ W I
i · S(t) + bi

(4)

where WFF is the feed-forward connectivity from the pre-
vious module and rm−1

k (t −∆t) is the activity of neuron k
in module m− 1 from the previous timestep. Mm indicates
the number of neurons in each module, which is fixed to be
one of Mm ∈ [5, 10, 15, 20] in our experiments.

For training the modular networks, we follow a growing
curriculum as follows: Starting with a single module with
a small population (5, 10, 15, or 20 neurons), we train a
linear readout for N = 2. Then, at each curriculum step,
we add a new module and readout head for each new N .
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The connectivity of the new module is a copy of the cor-
responding (feedforward and recurrent) connectivity for the
N − 1 module and receives feedforward input from it. Thus
each module is specialized to solving the task for a single N .
At each curriculum step, we freeze all network connections
for all modules except the last and train only the recurrent
and feedforward connections (input from sequence and in-
put from previous module) of the last module.

Timescale Estimation
Apart from the trainable parameters τi that define the
timescale of each neuron explicitly, we also compute the
effective timescale of a neuron, which is influenced by its
intrinsic trained τi and the extrinsic modulation of its ac-
tivity through its connections with the rest of the network.
We determine this network-mediated effective timescale for
individual neurons by calculating the lagged autocorrela-
tions (AC) of their activity during task performance, follow-
ing previously developed methods (Khajehabdollahi et al.,
2024). The AC of each neuron is then modeled with an ex-
ponential function featuring one or two timescales, selecting
the best-fit model based on the Akaike Information Criterion
(Akaike, 1974). To avoid estimation bias, we utilize long
time series (105 time steps) of activity (Zeraati et al., 2022).

Robustness
We evaluate robustness by measuring the accuracy of the
network after perturbing one of its three trained parame-
ter groups, WR, WFF or τ . We define the magnitude of
the perturbation εW as a function of the magnitude of the
weights (Wu et al., 2020):

W̃ = W + εW
ξW

||ξW || ||W || (5)

where ξW ∼ N (0, In×n) and || · || represents the Frobenius
norm. This normalization allows for comparable amounts
of perturbation across networks of different types and sizes.
We also only perturb τi in positive direction to avoid τ < 1.

Results
Our findings are divided into two main sections. In the
first part, we demonstrate that modular networks follow-
ing an iterative growing curriculum outperform equivalent
non-modular RNNs in terms of task performance, training
speed, generalizability, and robustness to perturbation of
their learned connectivity. In the second part, using per-
turbation and ablation techniques, we investigate how dif-
ferent aspects of modular networks (feedforward vs. recur-
rent connectivity and trainable vs. effective single-neuron
timescales) contribute to their computational capabilities.

Modular vs. Non-Modular Networks
Performance and Generalization We first compare a set
of modular networks with different module sizes (Mm =
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Figure 3: Weight perturbations degrade performance in
both modular and non-modular networks of different sizes
(colours). (a) Modular networks are more robust to pertur-
bation of connections (modular networks: feedforward and
recurrent weights). (b) Non-modular networks are more ro-
bust to the perturbation of single-neuron trained timescales.

5, 10, 15, 20) against a set of non-modular networks (M =
20, 54, 91, 128) with an equivalent number of trainable pa-
rameters (at N = 30). Performance is calculated as the aver-
age task difficulty solved, Nsolved, both as a function of train-
ing time (Fig. 2a) and the number of parameters (Fig. 2b).

Overall, we find that all modular networks reach a higher
task difficulty (Nsolved) than the corresponding non-modular
networks (Fig. 2a). Except for the smallest modular net-
works (Mm = 5), all modular networks maintain a steady,
linear progression through the curriculum, solving every
task after a single epoch of training. As an extreme test of
the limits of the modular network, we were able to reach
a maximum of N = 200 in one network before ending the
simulation, with even greater capabilities being theoretically
possible given sufficient training time. The non-modular
networks, on the other hand, plateau much earlier in their
progression through the curriculum. Thus, for a fixed num-
ber of trainable parameters, our results suggest there is a
modular architecture that is capable of solving more com-
plex tasks with the same amount of training.

We also explore the impact of a limited budget for learn-
able parameters as an alternative evaluation of the cost-
benefit trade-off between two architectures. Figure 2b shows
the Pareto frontiers of the architectures after 60 epochs, in-
dicating that a modular architecture can solve a task with
fewer parameters than a non-modular network.

Finally, we test generalization performance on networks
of size Mm = 15 and M = 91, by training them to
Nsolved = 10 and then test their ability to solve N =
Nsolved + K, for K = 1, 2, . . . . For modular networks,
the N = 10 module is now tested for solving N = 10 +K,
while the non-modular network is tested on a new read-out
head for N = 10 + K. We only allow 10 epochs of ad-
ditional training on the new task. The results are shown in
Figure 2c, where although performance decays with K for
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both types of networks, modular networks consistently reach
a higher accuracy compared to non-modular networks, thus
demonstrating superior generalization.

Robustness to Perturbations. Next, we tested the robust-
ness of both network architectures to perturbations of con-
nectivity weights (Fig. 3a) and trained timescale parameters
(Fig. 3b). The perturbations were proportional to the mag-
nitude of the weights of the layer being targeted (Eq. 5). For
different perturbation levels, we measure the network per-
formance via the number of tasks that the network is still
able to solve with accuracy > 0.9.

Overall, Figure 3 shows the degradation of performance
as a function of the size of the perturbation on the connec-
tions (both recurrent WR

ij and feedforward WFF
ij in the case

of the modular networks) and the timescale parameters (τi)
of the network. Modular networks not only have better ini-
tial performance but are also more robust against connectiv-
ity perturbations (Fig. 3a). This is visible in the later inflec-
tion point, reflecting how larger perturbations are required
to degrade the performance of modular networks. However,
modular networks are more sensitive to the perturbation of
time-scale parameters (Fig. 3b). A special case is modular
networks with Mm = 5 that appear to be more sensitive
to both perturbations than their larger counterparts. For all
other cases, the number of neurons does not significantly
impact the robustness of either network type. So the inflec-
tion point of degrading performance is an inherent feature of
network architecture. In sum, modular networks are signif-
icantly more robust against connectivity perturbations, but
are more sensitive to perturbation of time-scale parameters.

Functional Analysis of Modular Networks
Trained vs. Effective Timescales. To better understand
the increased sensitivity of modular networks to timescale
perturbations, we examine the mechanism by which long
timescales emerge in the networks. We do so by examining
both the trained timescale parameterized by τmi (Fig. 4a)
and also the effective timescale inferred from the activity
of each neuron (Fig. 4b). In the modular case, the average
trained and effective timescales of neurons are reported sep-
arately per module solving N = Nsolved. In the non-modular
case, the average is taken over all neurons in the entire net-
work at the time when it has just solved the N = Nsolved
task.

First, we find that neurons in modular networks maintain
stable trained timescales, ⟨τi⟩m, throughout the curriculum,
but non-modular networks decay to the fastest possible rate
of one (Fig. 4a). In both cases, these trained timescale values
seem too small to account for the long timescales that are
required for the large N tasks they can solve. This motivated
us to examine the effective timescales, which are a product
of the connectivity structure of the whole network.

Figure 4b shows the increase in the average effective

0 50
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1.2

1.4

1.6

⟨τ
⟩

(a)
Trained
Timescales

0 50
Nsolved

2.5

5.0

7.5

10.0
(b)

Effective
Timescales

Modular
Non-Modular

Figure 4: Change in trained and effective timescales for dif-
ferent Nsolved. (a) The trained timescale of the modular net-
work stays the same across modules, while the timescales of
the non-modular network converge to 1 as the Nsolved in-
creases. (b) The effective timescales of both networks in-
crease steadily with Nsolved. A modular network with a
module size of 15 neurons and a non-modular network with
an equal number of trainable parameters were used. Results
are averages over 4 networks.

timescales of neurons in both modular and non-modular net-
works for increasingly complex tasks N . This observation is
consistent with recent observations (Khajehabdollahi et al.,
2024) suggesting a circuit-level implementation of memory
by learning appropriate connection weights (W ) rather than
learning slow timescales (τi) at the single neuron level. No-
tably, neurons in the modular networks appear to harbor
memory of longer timescales compared to the non-modular
counterparts at the same stage in the curriculum.

Recurrent vs Feedforward Connections. We now turn to
how the topological constraints imposed by the modular ar-
chitecture suggest different qualitative roles for feedforward
and recurrent connections. For instance, the feedforward
connections serve as the only bottleneck through which the
recurrent computations of each module are reused by subse-
quent modules (Fig. 1), making them potentially more vul-
nerable to noise, whereas the recurrent connections may be
more robust. Furthermore, the dependence of long effective
neural timescales on appropriate connectivity patterns, en-
courages us to examine the distinct roles that feedforward
(WFF ) and recurrent (WR) weights play in performance.

To do so, we performed separate perturbation analyses
targeting either feedforward WFF or recurrent connections
WR. We evaluate performance by measuring the accuracy
of each module’s prediction for its corresponding task N .

Figure 5a-b shows that the feedforward connections are
more sensitive to perturbations relative to the recurrent
weights. Furthermore, modules corresponding to more diffi-
cult tasks (indicated by darker colors; Fig. 5a-b), suffer more
because they are affected by the cumulative effect of all the
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Figure 5: Feedforward connections are more sensitive than recurrent connections in modular networks. Here, we use Mm = 15
but achieve qualitatively similar results for other network sizes. (a) Perturbing feedforward weights affect downstream modules
more strongly than earlier modules. (b) The recurrent weights exhibit a similar qualitative pattern but are quantitatively more
robust against the same levels of perturbations. (c) Variability of feedforward versus recurrent connection weights across
modules, where variability is inversely related to the degree of conservation (i.e., the amount of shared weights from one
module to the next). Accuracy is averaged over 5 networks, 10 perturbations, and 1000 continuous evaluations. Error bars
show SEM.

perturbations to preceding modules. Note that the effect of
a perturbation is always downstream, due to the sequentially
connected architecture of modules, such that a single pertur-
bation equally affects all downstream modules.

To understand the basis for the sensitivity of WFF , we
hypothesize that WFF are subject to more fine-tuning via
back-propagation, in order to facilitate specialization to each
new task. On the other hand, we expect WR to be more
conserved, and subject to less modification from one task to
the next. We define the change in the connection weight
between nodes i and j across two consecutive modules
as ∆Wij , where we normalized each weight by its mean
and standard deviation to correct for systematic differences
across module sizes (LeCun et al., 2012). The variance of
the normalized weight change, σ2

∆W ij
, is the change in the

normalized weight, ∆Wij = W
m

ij −W
m−1

ij between corre-
sponding neurons, i, j, in consecutive modules, m,m − 1.
This serves as an inverse proxy for the degree to which the
weights are conserved during training, where lower variance
corresponds to greater conservation of weights.

Figure 5c shows how recurrent weights are more con-
served than feedforward weights (lower variance). This sup-
ports the hypothesis that sensitivity of feedforward connec-
tions to perturbations is due to a more general sensitivity to
modification, both from noise and from back-propagated er-
ror during training.

Weight Freezing. The low variability of the recurrent
weights motivated us to test the degree to which a network
can continue to learn despite a complete freezing of either its
recurrent or the feedforward weights, after passing the very
first step in the curriculum. A freezing of weights corre-
sponds to a reduction of computational costs, by converting
learnable parameters of a model into fixed biases. In evolu-

tionary biology, this is known as the Baldwin effect (Gruau
and Whitley, 1993), where plastic behaviors become fixated
in response to environmental stability. In the case of frozen
recurrent weights, we trained the first module for N = 2
and then duplicated the learned recurrent weights on all sub-
sequent modules, training only the feedforward connections
between modules. Conversely, in the case of frozen feedfor-
ward weights, we train the feedforward connections between
the N = 2 and N = 3 modules and then duplicate this
trained connectivity between all subsequent modules, only
training the internal recurrent connections of each module.

Figure 6a shows that networks with frozen feedforward
weights fail catastrophically to solve the task for any N ≥
3. However, equivalent networks with frozen recurrent
connectivity (resembling deep reservoirs; Gallicchio and
Micheli, 2021), perform much better, comfortably reaching
an Nsolved ≈ 15 before stagnating (Fig. 6a) and even outper-
forming non-modular networks that taper at N ≈ 10. Thus,
while both network types underperform the original network
for which both recurrent and feedforward connections are
trained, we see that, in line with our previous results, the
learnability of the feedforward connections appears to be
much more important for task performance.

Weight Duplication. The weight freezing experiments in-
volved the reuse (or duplication) of weights from the previ-
ous module followed by a complete blockage of their train-
ing. Here we consider duplicative versus random initializa-
tion of the weights, and maintain the plasticity of weights
during training. Theoretically, duplication can be benefi-
cial by amortizing the costs of learning through the reuse
of already-trained weights, or it could be detrimental by
initializing the network in a state unsuitable for the new
task. Empirically, previous work using weight-agnostic neu-
ral networks (Gaier and Ha, 2019), compositional pattern-

D
ow

nloaded from
 http://direct.m

it.edu/isal/proceedings-pdf/isal2024/36/55/2461237/isal_a_00780.pdf by delete U
N

IVER
SITAET TU

EBIN
G

EN
 user on 17 Septem

ber 2024



0 20 40 60
Epochs

0

20

40

60
N

So
lv

ed
(a)(a)(a)

Fully Trained, Mm = 5
Frozen WR,Mm = 5
Frozen WFF,Mm = 5
Mm = 10

0 20 40 60
Epochs

0
10
20
30
40
50
60

⟨N
So

lv
ed

⟩

(b)           Duplicating
            WR : WFF

T   :   T
F   :   F
F   :   T
T   :   F

Figure 6: The impact of weight freezing and duplication on feedforward and recurrent weights. (a) Weight freezing. Solid
lines are a modular network with Mm = 5, selected for the strongest differences. Here, we can see that freezing recurrent con-
nections (orange) after solving the first task (N = 2) still needs to relatively good performance, whereas freezing feedforward
connections (teal) severely impairs learning. In networks of larger module size (Mm = 10; dotted lines), the difference be-
tween frozen recurrent weights and a fully trained network disappears (both dotted orange), while frozen feedforward weights
remain impaired. (b) Weight duplication. New modules are initialized with either a duplicated copy (T) of their weights as
they appeared in the previous module, or a random initialization of weights (F). Duplication of recurrent weights confers a
slight advantage (green), while either duplicative or randomly initialized feedforward weights both confer a slight impairment
to performance. Results are averages over 5 networks and shaded regions indicate SEM.

producing networks (Stanley, 2007), and hypernetworks
(Ha et al., 2016), have demonstrated the utility of simi-
lar “weight-sharing” schemes that support high-performing
neural networks with a fraction of the parameter count. Mo-
tivated by these past successes, here we explore whether the
duplication of recurrent or feedforward components can ac-
celerate the training of the network, or if such methods are
detrimental by trapping the behavior of the network in a lo-
cal optima.

Figure 6b shows the results of these experiments, where
weights were either duplicated (T for true) or not (F for
false); in case of the latter, they were initialized randomly
following a uniform distribution. The lines show the av-
erage performance of 6 networks in each of the 4 differ-
ent conditions, with and without duplication of feedforward
WFF and/or recurrent WR weights. These results show
that the duplication of recurrent weights WR appears to ac-
count for an unambiguous advantage (Fig. 6b; green curves),
compared to the duplication of feedforward weights, which
do not confer any additional benefits. Indeed, duplicat-
ing feedforward weights confers little to no improvement to
when neither weights are duplicated (Fig. 6b, brown curves).
We also experimented with noisy duplication, but given the
weak overall effect, we only show the results of exact du-
plication, without noise. Furthermore, different duplication
strategies mattered less at larger module sizes, so we focused
only on networks with five nodes per module Mm = 5.

These results are consistent with our previous analysis
showing that feedforward connections must diverge from
their past configurations to specialize for their respective
task. Therefore, as long as the feedforward connections re-

main plastic after a growth event, they are molded strongly
by the error signal from their new task, making their ini-
tial state irrelevant. In contrast, we have already shown how
keeping the same or similar recurrent weights across mul-
tiple tasks is relatively adaptive. Thus, duplication simply
initializes the weights near their last functional state, elimi-
nating the need to retrain them to that stage at every epoch,
and allows for minimal fine-tuning to improve their adap-
tiveness over longer timescales.

Discussion
In sum, we find that modular networks, trained via a growing
curriculum to solve a memory task of adjustable difficulty,
outperform standard recurrent neural networks (RNNs) of
fixed size in terms of accuracy, training time, generalization,
and robustness to perturbations of the learned connectivity.

Biological neural networks are highly structured (Hag-
mann et al., 2008; Sporns and Zwi, 2004; Sporns and Betzel,
2016), with multiple neuron types each following distinct
connectivity patterns (Peng et al., 2021; Liu et al., 2023)
that form complex circuits repeating across brain regions
(Douglas and Martin, 2004; Shepherd, 2011). The repeti-
tion of similar complex structures in the brain potentially
enables the development of very complex neural circuits
from limited genetic information (Rakic, 2009; Geschwind
and Rakic, 2013; Stanley, 2007), and may also play a role
in more efficient information processing (Bassett and Bull-
more, 2006; Sporns, 2013). Moreover, inhomogeneous net-
work topology has been shown to generate non-trivial dy-
namics (Litwin-Kumar and Doiron, 2012) and act as an in-
ductive bias for local learning (Giannakakis et al., 2023).
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Here, our findings add to this literature by suggesting rela-
tively simple topological modularity can be utilized to align
network dynamics with task requirements, thus increasing
performance and reducing training time and cost.

Our modular architecture allows us to study the roles
played by different aspects of the network’s structure. In
particular, we focus on the distinction between the recurrent
weights within each module and the feedforward weights
connecting adjacent modules. Our analysis indicates that
the training and task specialization of feedforward weights
between modules are vastly more important than the recur-
rent connections within each module. This suggests that the
function of the recurrent connectivity is largely limited to
creating appropriate and generic dynamical units (and can
thus be effectively reused through duplication), while the
feedforward connections control the flow of information that
is necessary for solving the specifics of a given task.

While our network included trainable single-neuron
timescales, which have been utilized in RNNs solving tem-
poral tasks (Tallec and Ollivier, 2018; Quax et al., 2020;
Khajehabdollahi et al., 2024), we find that their importance
is minimal in terms of network performance. The distribu-
tion of trained timescales barely changes across modules,
suggesting that the network fully relies on its connectivity
(particularly the hierarchical topology) for developing the
long timescales necessary for solving temporal tasks. This
augments previous findings suggesting that network topol-
ogy can generate long timescales with relatively random
connections (Khajehabdollahi et al., 2024).

This understanding of the relative importance of differ-
ent network components, allows us to test whether training
even fewer parameters can lead to comparable results. We
find that training the networks as deep reservoirs (Gallicchio
and Micheli, 2021) leads to reasonably good performance
despite reducing the trainable parameters by half. This sug-
gests that functional sub-networks can be used as building
blocks in larger systems with little or no training, which
seems like a promising avenue for future research.

The importance of initializing neural networks in an
appropriate dynamical regime has been widely explored
(Zierenberg et al., 2020; Khajehabdollahi et al., 2022), and
our findings here suggest that hierarchical modular struc-
tures could be used to generate networks with beneficial dy-
namics for learning temporal tasks. Recycling functional
structures and incorporating them in complex networks of
interacting sub-units is a widespread characteristic of bio-
logical networks (Felleman and Van Essen, 1991) and has
shown promise in artificial settings (Happel and Murre,
1994; Sharkey, 1996; Amer and Maul, 2019). Our findings
suggest that this approach is not only more efficient in terms
of the number of trainable parameters, but it can also boost
performance as well as the ability to generalize.

Limitations & Future Work. A basic premise of our
work was that the power and cost of a neural network are
proportional to the number of its trainable parameters. The
number of parameters, therefore, provided a basis for com-
paring neural networks of two different architectures. Our
results indicate that one can maintain or even exceed per-
formance while being more frugal in resource expenditure
on connections. While this result is relevant both for artifi-
cial (Amer and Maul, 2019) and biological networks (Clune
et al., 2013), where these connections carry non-trivial costs,
it does overlook the relative cost of producing and maintain-
ing neurons in addition to their connections. Our modular
architecture incurs a heavy cost in terms of individual neu-
ral processing units, scaling linearly with task complexity
in proportion to each module’s size. Indeed, the ability of
modular networks to learn longer effective timescales points
to the importance of large but sparse networks in solving a
memory task. Future work could address the trade-off be-
tween these two resources and their impact on performance.

Finally, even though we found a functional role for du-
plicative growth in artificial networks, the observed bene-
fits were modest. In evolutionary contexts, relaxed selection
(Deacon, 2010) provides a mechanism by which duplication
can accommodate enhanced adaptation by fostering syner-
gistic interactions between duplicated modules. In our cur-
rent setup, each duplicated module is required to solve a new
task, subjecting it to heavy selection pressure that prevents
it from exploring the entirety of the weight space. Relaxing
this constraint by introducing redundancy in modules that
are assigned the same task, could amplify the positive ef-
fects of duplication in future research.

In conclusion, modular growth offers a promising av-
enue for training lighter networks with more scalable proper-
ties. In the era of large models with increasingly prohibitive
costs, there is great interest in developing new tools to com-
press models with fewer parameters (Cheung et al., 2019)
and fine-tune them to perform novel tasks (Hu et al., 2021).
Our work, like other evolutionary-inspired approaches (Ak-
iba et al., 2024), can offer new directions towards this end.
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