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Preface

The work that follows contains the outcome of what was both the most demanding and the
most gratifying journey | have underwent. It began in late 2019 when Srdjan Ostojic invited
me to spend a fascinating afternoon at his lab. Although, to be honest, it probably began a
few years earlier, when | started reading popular science books about brain function, hoping
to find answers and finding only question after question, pushing me to deepen the subject
by signing up on a master’s course, a master’s thesis in Paris, and eventually a whole PhD,
immersing me entirely in the field before | could realise what had happened. And if | am
to be fully honest, this journey really began in 1995, when my parents, additionally to life,
managed to instil in me a curiosity for the world around us and a passion for science which
stuck with me very strongly (much more strongly than the passion for River Plate, although
things can still change).

Pour cela, ainsi que pour votre soutien sans faille, je vous suis immensément reconnais-
sant. Cette passion m’apporte une satisfaction continue, celle d’apprendre tous les jours,
de partager et d’échanger des connaissances avec d’autres passionnés, et surtout, chose que
j’aurais cru impossible il y a encore peu, de contribuer & mon échelle a la construction de ce
vaste édifice du savoir commun. Je sais que cette joie de découvrir et d’apprendre me suivra
facilement ou que j’aille, car elle ne requiert rien d’autre qu’un état d’esprit. Merci donc
d’avoir su partager cet état d’esprit avec moi.

But let us fast-forward a few years to 2019, when Srdjan Ostojic o [erkd me a master’s
thesis subject, and ultimately a PhD subject, to explore jointly with Alexis Dubreuil, on a
research track opened by Francesca Mastrogiuseppe. | had little experience in neuroscience,
and could not immediately understand the subject, but I knew right away that if | was to
do research, this was what | wanted to study. It consisted in exploring questions | had been
wondering about for many years without ever being able to formulate them until then. 1
hope the enjoyment | had in studying this subject will be reflected in the following pages
and will be shared with the reader.

As all those who have been in research know, the path to a PhD is an extremely strenuous
one. And like all theses prepared between the years 2020 and 2022, this one has been done
in spite of particularly unfavorable circumstances. Environmentally-induced anxiety had
to be managed, and many of the most pleasing aspects of research, that is conferences and
social exchanges, suddenly disappeared. Yet | have been extremely lucky in this path, in
terms of the supervisor, the colleagues and the friends | was gifted with, which all made the
good memories of the journey far outweigh the di Cculities.

A mes amis donc, & ceux qui continuent de partager avec moi les passions les plus
ésotériques et les conversations les plus passionnantes et saugrenues, a ceux avec qui on s’est
évadés dans les endroits les plus inaccessibles qu’on ait trouvé, a ceux avec qui on a fait
travailler aussi dur les jambes que I’estomac, a ceux qui m’ont vu m’arracher les cheveux
sur du code ou des figures, a ceux qui sont toujours la pour prendre un verre, puis deux et
encore quelques autres, bref a tous ceux qui m’ont apporté de la joie pendant ces années:
vous étes les meilleurs, merci beaucoup.

As this work focuses on the importance of collective activity in neural processes, | have
to underline how much it owes to the collective activity within our lab and to continuous
exchanges of ideas, and in particular to the following people: to my director Srdjan of course
who trusted in me from the beginning, who has always been a supportive and reassuring
presence, and managed to strike what | found was the perfect balance between precise advice
and scientific liberty ; to Alexis Dubreuil, who immediately took me under his wing and
taught me a sea of knowledge about neuroscience and the process of doing research, and with
whom a large part of this work was co-authored ; to Manuel Beiran with whom important
aspects of the theory were developed, and with whom conversations were always as varied as
stimulating ; to Francesca Mastrogiuseppe for opening such a captivating research direction
that | explored with constant delight, and for her continued support and advices on the



most detailed aspects of my work ; and to Jonathan Pillow, a scientist whose rigorous and
creative approach to statistics and neuroscience | admire, and with whom | have been lucky
to pursue exciting collaborations whose first fruits are present in this thesis.

And as these are the figures who had the most direct impact on my work, it owes also
a lot to my dear friends and colleagues with whom | have been lucky to coincide in the
team, Giulio Bondanelli, Rupesh Kumar, Josef Ladenbauer, Friedrich Schuessler, Ljubica
Cimesa, Jodo Barbosa, Yuxiu Shao, Othman Lahrach, Betsy Herbert, and of course Arianna
di Bernardo with whom | am happy to share the joys of her first discoveries. Conversations
with all of you have helped me tremendously in making my first steps in the wonderful
worlds of research and neuroscience, and | hope we will have nhumerous occasions to meet
again, and not only in scientific contexts.

I also have to thank all the other members of the Group for Neural Theory, and of
the Laboratoire de Neurosciences Cognitives et Computationnelles, too numerous to be all
mentioned, but who all have a contributed to making this lab such a pleasant place to work.
Thank you for maintaining such a reliably fun, friendly, light-hearted and good-humoured
atmosphere, for these are the perfect conditions under which a PhD should mature. | wish
these last years could have given us the opportunity to spend more time together, and | hope
that our paths will get to cross often. To be complete, it is indispensable for me to credit
all those I met in the broader community of systems neuroscience, a colorful, surprising
and welcoming family, and much particularly the students, faculty members, and organizers
of the exceptional Eresfjord summer school. Although | have no point of comparison, |
am pretty confident in that the neuroscientific community is rather unique in the world of
research, probably due to its interdisciplinarity, which makes the field so open to novelty
and original.

I wish to finish by encouraging the current and future members of the lab to keep this
spirit of constant exchange and good ambient. Science is indeed like a good meal, it is
always enjoyable but it tastes much better when it is shared. And as this was the most
French sentence with which I could end this appetizer, | shall give the floor to the plat de
résistance, not without thanking of course the jury members who kindly accepted to review
and evaluate this work.

Adrian Valente, Paris, August 2022.
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Introduction |

La science remplace du visible compliqué par de l'invisible simpfe.
Jean PERRIN

.1 Prologue

The human brain contains 10 billion neurons, connected in an intricate network through
10,000 times more synapses, conspiring altogether to generate percepts, deliberations, mem-
ories, and all other aspects of cognition. Even the brains of simpler organisms like fruit
ies ( Drosophila melanogaste}, whose whole connectome is currently being mapped (176),
contain on the order of a hundred thousand neurons. This outstanding complexity leads to

a wide range of challenges, both experimental and theoretical.

Advances in experimental techniques now allow neuroscientists to probe the brain in very
extensive manners, for example by collecting simultaneous recordings of tens of thousands of
neurons in awake animals {99 or by reconstructing large-scale connectomes as mentioned
above. Such large datasets re ect the intrinsic complexity of neural circuits, and they
sometimes even challenge earlier beliefs about the functional organization of the brainl96).
They hence require the development of new analysis tools, as well as new theories able to
channel this complexity into simpler ideas.

A particularly recurrent observation in neural recordings is that cells exhibit certain
collective forms of correlated activity, known aslow-dimensional activity patterns. These
collective patterns can be linked to many aspects of behavior, and seem to re ect fundamental
constraints on the structure of neural networks in the brain. Interestingly, similar patterns
are found in arti cial neural networks, a broad class of models designed partly to loosely
imitate biological networks and partly as powerful arti cial intelligence algorithms. These
low-dimensional patterns could thus form a basic organizational principle of computations
in complex networks.

In this work, we will explore several aspects of this idea, and will be particularly interested
in developing tools to discover low-dimensional activity patterns, and relate them to the
connectivity structure of neural networks. We will rely on several fundamental concepts
which are introduced hereafter.

1 Science replaces visible complexity by invisible simplicity. Jean Perrin was a French physicist, former
student at ENS and professor at Paris university, recipient of the 1926 Nobel prize for his experiments
showing the reality of atoms.
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Figure 1.1 : Left: Golgi stained neurons from a monkey neocortex (reproduced from
ref. (185), credited to Kathy Rowland). Right: one of Ramoén y Cajal's numerous drawings

of intricate brain connectivity, here representing cells of the visual cortex of an infant (Fig. 4

of Comparative Study of the Sensory Areas of the Human Cortex1899))

.2  From neurons to networks

At the dawn of the twentieth century, the eld of neuroscience was born in the midst of a
heated controversy between histologists Camillo Golgi and Santiago Ramén y Cajal7().
The rst one, observing brain slices with a stain of his invention, revealed a beautifully
intricate web-like structure (Fig. l.1a), which we now know to be composed of the axons and
dendrites connecting our neurons. Limited by the capacities of optical microscopes, he could
not observe the very narrow gaps separating neurons at synapses, and, like many of his peers,
believed this web was a single giant entity, called the reticulum. At about the same time, a
Spanish researcher interested in studying brain anatomy started using Golgi's stain, carefully
recording his observations in drawings that were to become famous (Fig. l.1b). His extensive
work led him to maintain that the brain was not composed of a giant reticular web, but
of disjoint cells, termed neurons. This proposal relied on the hypothesis that neurons were
separated by very tight interstices, a remarkably bold hypothesis since it could not be veri ed
until the advent of electron microscopy, half a century later. Despite their disagreements, the
two scientists shared the 1906 physiology Nobel prize for their contributions, and Ramén y
Cajal's neuron doctrine quickly started to prevail in the nascent community of neuroscientists.

The logical next step within this paradigm was to study the physiology of individual
neurons. A general understanding was achieved - through the works notably of Louis
Lapicque (107, 22), Charles Sherrington (188 and Edgar Adrian (2) among others - and
can be outlined as follows:

each neuron communicates to its downstream neighbors by sendinaction potentials,
also known asspikes small electrical impulses that can swiftly travel along its axon.

Each neuron's activity can be represented by the sequence of spikes it generates, a
sequence called thespike train. More speci cally, and although this remains a debated
point (213, we will consider in this work that the information encoded by a neuron is
contained in the frequency at which it generates spikes at a particular moment, which
we term its ring rate .

This ring rate is transmitted through synapses to downstream neurons, being multi-
plied in the process by a synaptic weight, which will be positive at excitatory synapses,
negative at inhibitory ones. The resulting number will be a contribution to the input
current of the downstream neuron.
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Figure 1.2 : Fundamentals of neural signalling (see text for explanations). For each
neuron represented here, a simulated spike train and the associated smoothed ring rate
are represented. Red and blue shadings represent respectively excitatory and inhibitory
synapses. Top left inset represents a single action potential recorded intracellularly (from a
cultured rat cell) and top right inset a real-life example of a spike train (recorded from an
electric sh Eigenmannia, both insets reproduced from ref. (39))

the input current will nally be transformed into the ring rate by a non-linear mapping
(39) (known as the f-1, or frequency-input, curve). Spikes are thus generated randomly
at the resulting rate.

It is this simpli ed model of the neuron stripped to its most fundamental principles that
we will consider in this work, and we will see that despite the absence of numerous other
biological processes, it remains capable of generating many interesting and complex behaviors.

Once the fundamental properties of individual neurons had been revealed, neurosci-
entists aimed at understanding how they contributed to the di erent aspects of behavior
and cognition, and how they exchanged information in the circuits they formed. In this
endeavor, the neuron doctrine also shaped many of the initial studies, leading to a number of
foundational discoveries. One of the main approaches was that of theuning curve, whereby
researchers recorded the electrical activity of an individual cell while submitting an animal
to diverse environmental stimulations, reporting the average ring rate obtained for each
stimulus (Fig. 1.3a). Following this methodology, David Hubel and Torsten Wiesel famously
discovered cells in the visual cortex of cats that were responsive to speci ¢ orientations of
visual bars, and could form the rst steps of a computational pathway aimed at recognizing
all sorts of shapes 84) (Fig.1.3b). Indeed, neurons that were receptive to particular aspects
of visual stimuli have been found throughout the hierarchy of visual cortices, leading up to
the discovery of neurons that were selective to particular faces in the IT cortex 209. In a
similar feat, O'Keefe and Dostrovsky discovered place cells, neurons in the hippocampus of
a rat that were active only when the animal was in a particular location (133 (Fig. 1.3c).
This discovery started to unveil the abilities of brains to represent space, leading to the later
description of grid cells in the entorhinal cortex? (62; 128) (Fig.1.3c). The individual cell

2Hubel and Wiesel obtained the 1981 physiology and medicine Nobel prize for their discoveries about
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Figure 1.3 : a. Example of a tuning curve: ring rate of a cell in response to visual stimuli
of di erent orientations (simulated data, inspired on ref. (39)). b. Spike train responses of a
monkey striate cortex cell in response to visual stimuli of di erent orientations (reproduced
from ref. (85)). c. Firing events (red dots) for a hippocampal place cell (left) and a medial
enthorinal cortex grid cell (right), overlaid on the trajectory (black line) of an animal in a
box (reproduced from ref. (128)).

approach led to advances not only in the study of perception, but also in that of action, as
emphasized by the discovery of neurons that drove particular behaviors when stimulated20).

Between perception and action lie a series of complex executive functions, sometimes
termed higher-order functions, which control our behavior in a more general sense, rendering
us able to integrate several sources of information, to recall the past, and to plan ahead.
These include for example deliberation, decision-making, working memory, context-dependent
computations, abstraction, and many more. Several brain areas have been linked to these
functions like the prefrontal cortex for mammals, and single-neuron studies in these areas
have been able to relate neural ring rates to cognitive variables like an upcoming decision
(94; 186, 71) or a memorized information (61; 10G 72). Let us consider an example in the
eld of decision-making: in 1999, Jong-Nam Kim and Michael Shadlen submitted macaques
to random dots kinetograms (94), a class of visual stimuli composed of points moving
randomly, albeit with an average motion leaning towards the left or towards the right (the
coherence, Fig.l.4a). The monkey had to decide which way this average was pointing to and
perform an eye saccade towards a target in this direction. The researchers recorded single
neurons in the prefrontal cortex (PFC) of the monkeys while they were performing the task,
nding cells that encoded the perceived direction during stimulation and delay, and that
could hence be the support of this decision-making process (Figl.4b). A broad corpus of
experimental and theoretical studies supported these observations, and proposed models of
competing cell populations that could integrate the available evidence and encode a decision
during a delay in order to perform such a task (186; 71; 220; 221).

This line of investigation quickly reached its limits however, and as larger recordings
were performed on more complex tasks, it became apparent that a vast majority of neurons
in these areas weramixed selective meaning they encoded several variables at the same
time (113 155 60). This is apparent notably in multimodal tasks, in which the brain
has to mix di erent streams of information. A compelling example is provided by the
context-dependent decision-making task tested by Valerio Mante and colleagues in 2013
(118), in which macaques were submitted to random dots kinetograms similar to those used
by Kim and Shadlen, but that also varied along a color dimension, with a certain percentage
of dots being red and the others green (Fig. l.4c). A context cue at the beginning of each

cell tuning in the visual system. John O'Keefe shared the 2014 Nobel prize with May-Britt and Edvard
Moser for their respective discoveries of place cells and grid cells.
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Figure 1.4 : a. Task design of referenceq4): along di erent epochs of a trial, monkeys had
to xate a central point, wait for the two decision targets to appear, observe the moving
dots stimulus, keep xating the center during a delay and nally communicate its decision
by making an eye saccade to the target towards which most dots were moving. b. Activity
of an example neuron recorded in the prefrontal cortex of a macaque during the task. A
decision towards the receptive eld of this neuron elicited higher ring rates than towards
the other direction, and this e ect was stronger for higher motion coherences. c. Set of
stimulations used in reference (18), varying in average dot motion (x-axis) and average color
(y-axis). d. Time-dependent responses of 6 neurons recorded in this study, across di erent
task conditions. Green overlay on the x-axis represents signi cant selectivity towards the
represented conditions. e. Selectivity of individual cells recorded in this study with respect
to the four task variables (motion, color, choice and context), visualized in all 6 possible
pairwise point clouds. Correlation and the corresponding p-value are indicated for each
point cloud.

trial indicated the animal whether to pay attention to the motion or the color of the dots,

and it had to integrate only the cued information to form its decision while ignoring the
other. Electrophysiological recordings in the prefrontal cortex of tested monkeys showed
that the cells responses were complex and variable, certain cells seemingly encoding combina-
tions of variables or changing their selectivity depending on context (Fig. l.4d). Even more
surprisingly, visualizing the selectivities of individual cells to di erent variables showed that

all possible combinations of selectivities were represented in the recorded neurons (Fig. 1.4e),
ruling out the hypothesis of specialized cells that each represent a single cognitive variable.

Understanding these complex and mixed representations required a fundamental change
of paradigm, and the last twenty years have seen neuroscientists gradually move from the
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single-neuron doctrine towards thepopulation approach where representations are assumed
to be represented across large populations of neuron233, 66; 64; 52). In this view, the
fundamental computational and representational unit of the brain is not the individual
neural cell but a set of anatomically and functionally close cells that we can term &circuit

or network, and it would be meaningless to study separately each neuron of such a circuit.
Representations and computations wouldemerge spontaneously from the complex and
large-scale interactions that occur in such a circuit, in a similar fashion as the construc-
tion of a hive emerges from the interactions between a large population of beés It is
particularly challenging to de ne precisely at what scale such circuits should be de ned, as
they could range from the cortical column to the whole brain, which is, as we mentioned,
a fully interconnected organ. Fortunately for us, the brain can be decomposed in clearly
separable and seemingly specialized ar¢gsand we will generally mean by circuit such a
small area, or even a small patch of one or a few millimeters in side on the surface of the cortex.

These theoretical transformations have been paralleled by the development of new ex-
perimental techniques that enabled researchers to track and record the activity of large
numbers of neurons simultaneously in behaving animals. Among those we can mention the
development of multi-electrode arrays which can record on the order of hundreds of cells in a
localized patch, and of calcium imaging which can record thousands of cells simultaneously,
or even the activity of the entire nervous system for small organisms like the zebra sh.
These new techniques change the nature of data that is obtained from experiments: in
the population view, the response to a environmental stimulation is not characterized by a
single time-varying neural ring rate r(t), but by the joint ring rates of the set of recorded

neurons. This vector can then be seen as an element of ah-dimensional abstract space,
which we will call the neural state-spaceor activity space in which each axis represents a
single neuron. For a given stimulus the time-dependent activity of the network draws a
continuous trajectory (curved line) in this space (Fig. 1.5b). Of course as soon as more than
3 neurons are studied, the state-space cannot be visualized or apprehended in any intuitive
way, but neuroscientists can now use the powerful tools of high-dimensional geometry and
statistics to reach conclusions at the population level. In particular, 2 families of statistical
methods are widely used in the analysis of high-dimensional data and will prove to be
relevant for neuroscience:

- dimensionality reduction algorithms : these methods aim at nding low-dimensional
subsets of a high-dimensional space that explain most of the variability of the studied data.
These methods can nd linear subsets (mathematically calledsubspace} of the original
space, or non-linear, curved ones (callethanifolds) (36; 87). These can then be used for
visualization purposes or to better understand the structure of data. The application of these
techniques to neural recordings has been a very fruitful area of research, as it has been found
that numerous recordings of hundreds or even thousands of cells could be well summarized
by only a few dimensions ¢6) (yet, see (198 or (106) for more nuanced accounts) . We
will develop further these ideas, crucial in this work, in the section 1.4 of the introduction.
For the moment, let us illustrate this idea with the example of the context-dependent
decision-making task mentioned earlier (18). As we explained, individual neurons seem to
encode mixtures of the diverse variables associated to the task (the average motion, average
color, context, and choice). However, a targeted dimensionality reduction algorithm can
identify one axis of the neural state-space corresponding to each of these variables, and
projecting the recorded population vectors on these axes reveals how information is encoded

3The concept of emergence, one of the main ideas in the study of complex systems, is well captured by
the aphorism: The whole is more than the sum of its parts., attributed to Aristotle.
4 Although recent brain-wide recordings have started to shake these established views (196; 199)
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Figure 1.5 : a. Schematic of a network of a few neurons, all exhibiting mixed selectivity
to two cognitive variables, a red and a turquoise one, to di erent degrees. b. The joint
time-dependent activity of those neurons can be conceptualized as a trajectory in a high-
dimensional state-space whose axes correspond to the activity of each neuron of the network.
Here, only the projection on the rst three axes can be visualized, other axes being left to
the reader's imagination. A dimensionality reduction algorithm extracts a low-dimensional
subspace(grey plane) of this state-space on which the trajectory (blue line) lies. The axes of
this subspace correspond to thdatent variables or neural modesencoded by the network,
and each neuron contributes to diverse degrees to each mode. c. Dimensionality reduction
applied to the context-dependent decision-making task of Mante and colleaguesl (8. Left:
activity in the motion context projected on the choice and motion axes identi ed by the
targeted dimensionality reduction algorithm. Each curve corresponds to the average over
trials that presented each level of motion coherence. Trajectories start at the center, at
stimulus onset. One can notice how network activity is rst driven along the motion-encoding
axis before turning onto the choice axis. Right: Same trials, this time averaged over shared
color coherence and choice and projected onto the choice and color axes. This projection
shows that although it is irrelevant to the choice, the sensory evidence for color remains
encoded in another axis of the state-space.

and transformed in this network: for example, projecting the activity on the motion and
choice axes, during motion-context trials reveals that the population starts by encoding the
perceived motion as sensory information arrives to the prefrontal cortex, and then gradually
starts forming a choice, as manifested by the bend of collective activity along the choice axis.
Projecting population activity on the same axes during color-context trials reveals how the
sensory information about the motion of dots still arrives to the prefrontal cortex but does
not contribute to the choice as it is correctly ignored in this context. In summary, in this
view, variables are encoded in a distributed manner across the neural populations, and mate-
rialized by axes also calledmodesof the neural state-space. The role of individual neurons
becomes diluted in the collective behavior, and neural computations are instead supported by
these sharedJatent variables, which are entirely abstracted away from their cellular substrate.

- clustering methods : it is also natural when studying the activity of a large population
of neurons to ask if the studied cells are organized in specialized groups (subpopulations).
Neurons can be grouped by their response pro les to stimuli, for example by applying an
automatic clustering procedure to neural recordings, but they can also be grouped by their
physiological or genetic properties. Indeed, there is a wide heterogeneity of cells in the brain,
which vary in terms of the neurotransmitters they emit®, the connexions they can fornf,

5In particular, Dale's law, which implies that a neuron can form only excitatory or only inhibitory
synapses with its downstream neurons, but not both, remains a fundamental organizational principle of the
brain (39).

6Here, we can notably distinguish between interneurons, which form connexions only at a very local
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