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O que separa o mundo
interior do exterior nao é
uma barreira, sim um
diafragma - a superficie
transparente onde afinal se
anula a distingao entre
interior e exterior. O que
esta por dentro anuncia,
denuncia, prenuncia,
pronuncia o que esta por
fora. E ao contrario. Este
diafragma imaginéario nao
poe em comunicacao o
mundo interior com o
exterior, o que pressuporia
isolamento ou ruptura de
ritmo - mas comunica.
Herberto Helder -
Photomaton & Voz (1979)
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Titulo

Espirais paralelas de controlo comportamental por circuitos estriatais opostos

Resumo

A execucao de agdes motoras é uma forma fundamental de interagao dos animais
com o seu ambiente. Esta interacao envolve a selecao de agoes apropriadas para
alcancar um objetivo relevante para o animal. As vias diretas e indiretas nos
ganglios basais desempenham um papel crucial na aprendizagem, execugao e in-
ibicao de sequéncias de agoes. No entanto, os seus papéis funcionais precisos nestes
processos ainda nao estao claros.

Neurdnios que expressam receptores D1 e formam a via direta parecem lidar
com Erros de Predicao de Recompensa (EPRs) positivos, com a sua excitagao
optogenética levando a um aumento do movimento. Em contraste, os MSNs que
expressam D2, que formam a via indireta, tornam-se mais excitaveis com niveis
ténicos mais baixos de dopamina (EPRs negativos) e inibem o movimento. Uma
hipétese atual sobre a funcgao estriatal propoe que estas duas populagoes repre-
sentem sinais de Ir e Nao Ir para padrdes motores especificos. No entanto, esta
hipétese contradiz outros resultados que mostram que ambas as populagoes estao
ativas no inicio da acao, levantando a questao: como podem estas duas populacoes
estar simultaneamente ativas com fungoes aparentemente opostas?

Nesta tese, fornecemos uma descricdo mecanicista de como a dinamica nes-
tas duas vias leva a selegdo e supressao de agoes, conciliando estes resultados
aparentemente dispares. Desenvolvemos um agente de Aprendizagem por Re-
forgo Hierarquico Multiagente que imita o comportamento e a atividade neuronal
de ratos a realizar uma tarefa de discriminagao temporal baseada na supressao
de movimento. Ao incorporar dados neuronais do estriado dorsolateral (DLS)
e dados comportamentais de perturbagoes optogenéticas do estriado dorsomedial
(DMS), demonstramos como diferentes lagos corticoestriatais, representados por
agentes de aprendizagem por reforco concorrentes, podem interagir para moldar
o comportamento e a atividade neuronal observados. Por fim, teorizamos que as
representacoes de estado subjacentes no DMS podem resultar de um processo de
abstragao de estado que utiliza informagoes das representacgoes no DLS, sugerindo
uma nova enquadramento teérico do papel funcional destes circuitos.
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Abstract

The execution of motor actions is a fundamental way in which animals interact
with their environment. This interaction involves selecting the appropriate actions
to achieve a relevant goal for the animal. The direct and indirect pathways in
the basal ganglia play a crucial role in the learning, execution, and inhibition of
action sequences. However, their precise functional roles in these processes are still
unclear.

Neurons that express D1 receptors and form the direct pathway appear to han-
dle positive Reward Prediction Errors (RPEs), with their optogenetic excitation
leading to increased movement. In contrast, D2-expressing MSNs, which form the
indirect pathway, become more excitable with lower tonic levels of dopamine (neg-
ative RPEs) and inhibit movement. A current hypothesis about striatal function
proposes that these two populations represent Go and No Go signals for specific
motor patterns. However, this hypothesis contradicts other results showing both
populations are active at action onset, raising the question: how can these two
populations be simultaneously active with seemingly opposite functions?

In this thesis, we provide a mechanistic description of how the dynamics in
these two pathways lead to action selection and suppression, reconciling these ap-
parently disparate results. We developed a Multi-agent Hierarchical Reinforcement
Learning agent that mimics the behavior and neuronal activity of mice perform-
ing a movement-suppression-based temporal discrimination task. By incorporating
neuronal data from the dorsolateral striatum (DLS) and behavioral data from op-
togenetic perturbations of the dorsomedial striatum (DMS), we demonstrate how
different corticostriatal loops, represented by competing reinforcement learning
agents, might interact to shape the observed behavior and neuronal activity. Fi-
nally, we theorize that the underlying state representations in the DMS could result
from a state-abstraction process utilizing information from the representations in
the DLS, hinting at a potential new theoretical framing of the functional role of
these circuits.
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Overview

This thesis is composed of five main chapters. In the first chapter, I present a
general introduction, where a review of the literature relevant for Chapters 2 and
3 is made. In this introduction, I start by framing the general problem of action
selection that biological agents are faced with and how action suppression plays
a pivotal role in its solution. The remaining of this first chapter is dedicated to
reviewing how a set of brain areas, so-called basal ganglia, function to support the
process of action production and suppression. I will start with a short account
of the basic functional anatomy of the circuit, its general organizing principles,
and relevant models of its function, as well as the current state of the art of
computational models for these circuits.

In Chapter 2 I present the experimental work performmed by Bruno Crugz,
which will serve as the basis for all the modelling work done in the following
chapters. In it, I will describe the behavioral paradigm and the cell-type-specific
recordings of activity and subsequent manipulations of a set of neuronal popula-
tions chosen to probe the functional role of the direct and indirect pathways of the
basal ganglia.

In Chapter 3 I'll present the modelling work I did for the dataset presented in
Chapter 2. I'll build the model step by step and outline the reasoning behind the
choices done. I'll show how simpler models are not sufficient to model the data
and how we the new elements contribute to the successful mechanistic explanation
of the observed behavior, activity of the direct and indirect pathway neurons and
the optogenetic inhibition experiments performed on two distinct regions of the
striatum.

In Chatper 4 I'll define a novel theoretical framing for the learning of the state
representations based on an Information Theoretic perspective. I'll start with a
toy model that makes explicit the underlying modelling structure that we’re after
and then present an integrated state-abstraction algorithm that is able to express
the results obtained in Chapter 3.

In the final chapter, I'll discuss how the modelling work done in Chapters 3 and
4 fits in the overall scheme of basal ganglia theory, as well as open up a discussion
to a novel approach regarding our understanding of the circuits under study and
how this might be relevant not only for our understanding of the brain but also as
a way of developing novel machine learning algorithms.
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Chapter 1

Introduction

(...) in the same way that each
plant is a terrestrial star gazing at
the sky, so also every star is a
celestial plant in spiritual form,
which only differs from the
terrestrial ones by its matter... the
celestial plants are turned towards
the side of the earth and look
directly at the plants they have
procreated, infusing them with
their particular virtues. - Crollius
Traité des signatures (1624)

The human desire to understand oneself has historically necessitated the draw-
ing of dichotomous lines between things. Just as the line between night and day
was crucial for ancient civilizations to understand time and the coming and go-
ing of the seasons, the separation between an organism and its environment was
instrumental in dissecting the mechanisms of life. Analogous to this, other lines
have also been drawn between the self and the world, which have allowed us a
myriad of intuitions as to the mechanisms of the world. The creation of myths and
the symbols that support these myths present to us a fine thread of the constant
struggle between dichotomizing and uniting concepts and entities. The Roman
conception of Janus, a double-headed God who represents change and passages, is



one such example. This history of this deity traces back to previous conceptions
of a dual entity such as Isimud in ancient Mesopotamia and Culsans in the later
Etruscan civilization, which still preserved the same symbolic quality of being the
bearers of some passageway through time and consequently, changed.

Resemblance, as Foucault puts it Foucault (1970), was one of the fundamental
mechanisms by which Western knowledge was drawn up until the 16th century. It
guided the interpretation of texts and the organization of symbols, by allowing the
world to unfold as a set of mirrors unto themselves. Thus, representations served
as pointers to what was already present in some way or form, serving as a record of
a particular similarity. In this sense, change kept within itself the record of its past,
and as the dual face of Janus indicates, as things change we simultaneously look
forward and backward in equal measure, maintaining with it multiple identities
within one single entity.

However useful this concept may have been, what we saw happening was a
sharp shift from a Renaissance episteme that emphasized resemblance and simili-
tude to a Classical episteme, which emphasizes representation, order, and identity,
consisting in the insertion of specific dichotomies that separated entities which
were previously united. One of the most crucial dichotomic anchors was laid with
the emergence of the Cartesian framework in the 17th century, established by René
Descartes. His philosophical stance initiated what would be one of the most in-
fluential frameworks used to understand experience and along with it, cognitive
processes. His separation of the mind and body seemingly allowed one to ask more
precise questions as to the nature of perception, given that this process was now a
direct relationship with something external and objective, and as such separated
two systems which were until then thought as one, allowing for specific mechanisms
to be uncovered for each specific system.

This perspective, deeply rooted in Western reductionist thought, became the
backbone of numerous posterior philosophical systems, which are still determinant
in the ontologies used in contemporary science, with the most contemporary ver-
sion of it being expressed in the stimulus-response paradigm that permeates most
of neuroscience. However, even though this system has been quite productive
in generating hypotheses regarding the nature of perception and the supporting
neural activity, the apparent clarity also introduced a certain rigidity which ar-
guably also limits our holistic understanding of our perception of the world and
the behavior of organisms in general.

One parallel line of thought which opened up a slightly different approach
was taken by Arthur Schopenhauer, later in the 18th century. He challenged



Figure 1.1: Nicolas Poussin’s (1594-1665) Dance to the music of time with the
depiction of a statue of the roman God Janus on the left.



this narrative with a profound assertion: the world, he argued, is not divisible
into disparate entities such as the ones presented by Descartes, bringing back the
Janusian duality mentioned in the beginning. For him, within our will to act
in the world is also our perception of it, or as he put it, how we represent it
internally. For Schopenhauer, these two concepts were inexorably linked and fed
each other in a constructive cycle. Acting one’s will influences our representation
of the world as much as this in turn shapes how we’ll act in the future. This
brought to light an essential query: if will and representation are so interwoven,
how does one’s intention shape and constrain their perception of the world? If
that is true, and given that each organism seems to have different goals within a
certain environment, could it be that each organism also has a different perception
of the world? What can we now make of objective reality and our understanding
of animal behavior within it?

Jakob von Uexkull, a contemporary of Schopenhauer, proposed an interest-
ing concept to aid in understanding this: the "Umwelt”. During this period, it
was thought that most non-human organisms didn’t have an internal world with
concrete percepts, being at their best simple reflex machines which if understood
through their reflex mechanisms would not have any more complexity underneath.
Uexkull’s proposal recognized that organisms, due to their inherent perceptual
limitations, interact with the world through a unique restricted lens, and in fact
contained within themselves a distinct perceptual universe, tailored to their eco-
logical niches and necessities. As an example, the colors of flowers in spring might
communicate a sense of complex beauty to us, but for other organisms that share
look at the same meadow, each color and shape span a highly specific and private
symbolic space of action and avoidance on which all living beings must operate in
order to survive.

If our interaction with the world is then so inherently constrained, it begs the
question: How does our subjective reality relate to the objective world? William
James, a late 20th-century psychologist and philosopher, presented an answer by
suggesting that this limited empirical experience isn’t just our reality — it’s reality
itself. Attempting to conceptualize beyond these confines, James posited is an
exercise in metaphysical futility. He saw the "Umwelt” not as a limiting lens,
but as a direct perceptual link to reality. James’ theory naturally led to the
emergence of pragmatism and catalyzed the birth of ecological psychology. Within
this perspective, all perceptions become "direct accesses” to reality, defined and
shaped by their ecological relevancies.

This conceptualization of experience would lead to the emergence of a field



now known as Ecological Psychology. This ecological interpretation of perception,
i.e. one that takes into account the living function of an organism within its
ecological realm, later on led to the conceptualization of ” Affordances” by James
Gibson. Here, the functional significance of an object to an organism is seen
in relation to the ecological backdrop of its existence. FEchoing Schopenhauer’s
intertwined notion of ” Will and Representation,” Gibson’s Affordances posits that
entities carry within them a dual significance: their intrinsic characteristics and
their utility to the observer, both in a continuous cycle of transformation. This
dynamic is shaped by the ecological web of relationships between the observer and
the world at large.

The work presented in this thesis aims at continuing this line of thought whilst
zooming in to the brain itself, and to the underlying circuits that might implement
these action-perception cycles. In a similar way to Poussin’s dance (see Figure 1),
we'll focus on the music of time and how its passage determines our encoding of
change within an organism’s internal representation of the world. To an extent,
we aim to provide a possible extension and interlinkage of the Uexkiilian and
Gibsonian frameworks of Umwelt and Affordances, by applying them to dynamic
and task-specific representations. Instead of looking at representations themselves
as mere compressive schemas of the world, we will take into account their niche
ecological utility for the animal, while providing, like the two faces of Janus, a
non-dichotomic expression of how thought and action might operate within the
brain.

What will unfold in the following chapters is also the development of a hy-
pothesis; the idea that within the brain itself, the same mechanisms occur i.e. not
only do individual organisms of specific species have their unique worlds some-
what shielded from other species, but within these perceptual realities lies an even
deeper interior ecology of perception shaped by each organism’s nervous system.
In a sense, what will be presented here will be a sort of Umweltian approach to
specific neural sub-circuits, with the hopes that through building this resemblance
between the system as a whole and the systems within that system, one will be
able to build sharper hypothesis regarding brain function.

What we shall see in the following sections is that the brain, while a hub
of interconnectedness, houses somewhat separable circuits, each responsible for
distinct action-perception dynamics, each offering specific perceptual keyholes that
seem to form a potential hierarchy of abstraction to represent the world.

This intricate design seems to suggest the existence of myriad perceptual realms
even within an organism, all converging to maintain the organism’s autopoietic



(self-sustaining) stability (Maturana and Varela, 1980). We will concern our-
selves with one of the most over-arching circuits that allow for these cycles; the
corticostriatal-thalamocortical loops.

In the following sections of Chapter 1, we will open up its anatomical intricacy
to find a highly regular and modular set of circuits, on which Schopenhauer’s
conception of the inseparability of action and perception seems to be somewhat
undeniable. We will also dive into previous attempts at modeling these circuits
and what computational paradigms have emerged to explain what seems to be a
vastly complex landscape of experimental results regarding animal behavior. In
Chapter 2, the core experimental results on which the modeling work done in this
thesis has been based on will be presented. The latter has been spread throughout
Chapter 3, where we present a multi-agent model of these corticostriatal circuits
and where this initial proposition of an interior ecology of perception first appeared.
This idea and its relationship with Gibson’s Affordances will be fully explored
in Chapter 4, where we will further expand on the idea of an interior ecology of
perception by developing a potential mechanism that could generate more abstract
representations of the world by taking into account how observations are directly
linked with actions.

1.1 Untangling the fabric of volition

“...the knowledge of the sixteenth century was a knowledge by compari-
son, by differentiation; it was a knowledge of identities, of designations,
of assimilations. It ranged things in accordance with their resemblances.
The great network of similitudes was a vast, open book that lay before
the gaze; resemblances were then more than identities, marks, or even
signatures—they were illuminations.” - (Foucault, 1970)

It is likely that the existence of basal forebrain structures at the base of the
cerebral hemisphere has been known since ancient times. In fact, Claudius Galenus
(129-201 BC), a prominent Greek physician, anatomist, and philosopher who made
significant contributions to the field of medicine and wrote extensively on various
medical topics, observed the presence of these structures. However, it wasn’t until
Andreas Vesalius (1543), a renowned Flemish anatomist, published his treatise
De Humani Corporis Fabrica (') that a preliminary depiction of the basal ganglia

Ltranslates to ”On the Fabric of the Human Body”



emerged in the literature. Vesalius presented a remarkably detailed representation
of the various components of the soon-to-be-denominated basal ganglia, but still
without naming these structures or discussing their potential function.

Thomas Willis was the first to anatomically identify distinct subcortical struc-
tures in 1664 (Willis, 1664), using the term corpus striatum to describe a large
group of subcortical elements. The term striatum comes from the Latin word
"striatus,” which means "striped” or ”furrowed”, a name that was chosen likely
due to the presence of nerve fibers that run in parallel along its length, giving it a
distinct banded appearance.

The corpus striatum was started to be thought of as a nodal point in the control
of both motor and sensory information (matching Galen’s sensus commaunis) and
around this time the view of the subcortical or striatal origin of motor behavior
began taking shape as Willis thought that the marked striatal atrophy he noted
while dissecting the brain of patients who suffered from paralysis supported the
corpus striatum’s involvement in the control of voluntary movement. Willis was
also the first to clearly distinguish anatomically the corpus striatum from the
thalamus, which he called Thalami nervorum opticorum.

What is known now as the putamen and the caudate nucleus were not initially
associated with each other, but instead, the putamen was associated with the pal-
lidum in what was called the nucleus lenticularis or nucleus lentiformis. Later in
the 19th century, German neuroanatomist Karl Friedrich Burdach made significant
contributions to the identification and naming of various basal ganglia components
in the Anmerkungen section of his book Vom Baue und Leben des Gehirns (Bur-
dach, 1819-1826). The anatomical link of the striatum with its primary targets,
the pallidum and the substantia nigra was also discovered around this time.

It is also interesting to note the evolution in the conceptual framing that this
region has elicited in those who’ve dived in its complexity. For Burdach in par-
ticular, the basal ganglia were the site of sensory perception and consciousness.
Volition, he thought, emerges from the corpus striatum, whereas sensation, partic-
ularly visual, and consciousness originate from the thalamus (Burdach, 1819-1826).
Although rather simplistic for today’s understanding, the idea of the striatum as
being related to volition is quite remarkable given how little was known in terms
of direct functional mapping of this region to any specific behavior.

Around the same period, James Parkinson started describing a particular set
of conditions that expressed themselves as motor impairments, he wrote:

Involuntary tremulous motion, with lessened muscular power, in parts
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not in action and even when supported; with a propensity to bend the
trunk forward, and to pass from a walking to a running pace: the senses
and intellects being uninjured. (Parkinson, 1817)

What would end up being described as Parkinson’s disease was then separated
from multiple sclerosis, (Charcot, 1877) and more atypical forms of the disease also
were described for the first time (Charcot, 1888). This descriptive specificity and
the evolution of staining techniques at the turn of the 19th century allowed for an
initial anchoring of these symptoms with the globus pallidus (van Bogaert, 1930;
Hunt, 1917).

The involvement of the striatum in these conditions was also about to be un-
covered in the form of striatal-nigral degeneration, which was initially categorized
as a distinct disease but has since been merged into the larger diagnosis of multiple
system atrophy (Adams et al., 1964). Subsequently, Parkinsonian states related to
striatal pathology were identified in other conditions such as Huntington’s disease
(Westphal, 1883) and in cases of striatal calcification (Bruyn et al., 1964)(Muenter
and Whisnant, 1968).

The 20th century led to another set of remarkable discoveries that would lead to
a massive paradigm shift in our understanding of this brain region and the role that
neuromodulators played in shaping its function. In the 1950s, researchers identified
dopamine as an intermediary in the synthesis of noradrenaline and adrenaline from
tyrosine which allowed for a deeper understanding of the 1957 observations by
Arvid Carlsson and colleagues that led to the unraveling of the role of dopamine
as a transmitter in the nervous system (Carlsson et al., 1957).

Carlsson and his colleagues also made a critical observation that the akinetic
effects of reserpine, a drug used to treat hypertension, could be reversed by inject-
ing the dopamine precursor 3,4-dihydroxyphenylalanine (DOPA). This injection
was correlated to a recovery of dopamine content in the brain, suggesting that
depletion of dopamine, rather than other neuromodulators (such as noradrenaline
or serotonin), caused the akinetic state in reserpine-treated animals. This finding
supported the hypothesis that dopamine might have a central role in controlling
motor function (Bjorklund and Dunnett, 2007).

In the following year, Ake Bertler and Evald Rosengren, and Sano and col-
laborators in Japan (Bertler and Rosengren, 1959; Sano et al., 1959), reported
that dopamine in the brain was predominantly located in the striatum, which con-
tained little noradrenaline. This discovery further supported the hypothesis that



dopamine might be involved in motor control. In 1959, Bertler and Rosengren’s pa-
per inspired Oleh Hornykiewicz and Herbert Ehringer to study the distribution of
dopamine in human post-mortem brains. They found that dopamine concentration
was consistently reduced in the caudate and putamen of PD patients. These obser-
vations provided the first evidence linking dopamine depletion to PD and opened
up new avenues for developing treatments for this debilitating disease (Ehringer
and Hornykiewicz, 1960).

Advancements in electrophysiological techniques in the 70s allowed for the first
steps to be taken in recording neurons from the basal ganglia. Evarts (1968)
demonstrated the feasibility of recording subcortical neurons in freely moving an-
imals, a technique that was then used by DeLong (1972) in experiments where
single-unit activity was recorded from neurons in the basal ganglia of monkeys
performing voluntary limb movements. The study found that the activity of many
basal ganglia neurons was related to the direction, amplitude, and velocity of limb
movements. Additionally, these experiments suggested that the basal ganglia may
be involved in the regulation of muscle tone and the initiation and cessation of
movements.

The convergence of the detailed anatomy that was known and these electrophys-
iological findings sprouted the beginning of what would then turn out to be one of
the first waves of functional conceptualization of the basal ganglia. Two concepts in
particular, that of parallel thalamocortical loops put forward by (Alexander et al.,
1986) and that of competing thalamic inhibition masks by (Mink, 1996) were cru-
cial in defining what could potentially be the underlying motifs by which activity
was segregated and functionally related amongst the different regions and nuclei
of the basal ganglia, as well as providing a framework to interpret how dopamine
would also affect deferentially in different regions of the striatum.

Recordings from individual dopamine neurons in the wventral tegmental area
(VTA) of monkeys performing a task in which they learned to associate visual
stimuli with a juice reward showed that dopamine neurons increased their firing
rate when an unexpected reward was presented, but not when the reward was
predicted or omitted. The authors also found that the magnitude of the response
was correlated with the size of the reward and the degree of uncertainty in its
delivery. Finally, the authors showed that dopamine neurons could learn to respond
to a new, previously neutral stimulus when it was paired with a reward (Schultz
et al., 1997).

A clear link was then presented that showed how a temporal-difference (TD)
learning rule was able to capture not only the magnitude but the temporal dynam-
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ics of the activity of these neurons as the conditioning was performed. The link of
dopamine to the function of the striatum opened up a highly foundational research
path across various animal models, culminating with the emergence of one of the
most influential theoretical frameworks that are currently used in computational
neuroscience, that of the Reward Prediction Error (RPE) theory of dopamine.

1.2 Architecture of the Basal Ganglia

In order to be able to precisely model the basal ganglia we need to understand its
underlying structure. In the following section we’ll go through a detailed descrip-
tions of the different ganglia and the underlying neuronal types as well as some of
the known functional properties of each region.

The subcortical formations that we refer to as the Basal Ganglia consist of
multiple sets of both feedforward connections that start from the input to the
output layers of this structure which can be seen in Figure 1.2 but also a varied
and complex lateral and feedback structure that connect both within the inner
ganglia and brain regions outside the basal ganglia (Abdi et al., 2015).

These include input nuclei, such as the striatum (Str) and subthalamic nu-
cleus (STN), output nuclei, such as the internal segment of the globus pallidus
(GPi) and substantia nigra pars reticulata (SNr), and intrinsic nuclei, such
as the external segment of the globus pallidus (GPe), substantia nigra pars
compacta (SNc, and ventral tegmental area (VTA). Each of these nuclei plays
a crucial role in the regulation of motor behavior and cognitive functions, and as
mentioned before, their dysfunction has been associated with a range of neurolog-
ical disorders (Parent and Hazrati, 1995).

In the following sections, we’ll describe the main components of the basal gan-
glia, their afferent and efferent connections, and what neuronal types are more
common. Due to the underlying similarities, we’ll reference both primate and ro-
dent studies and provide some detail on their functional properties to give some
intuition on the role of each of these areas in the promotion or inhibition of move-
ment.

Striatum

The striatum (Str), the largest component of the basal ganglia, is integral to
receiving inputs from nearly all cerebral cortex areas. Functionally related cortical
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Figure 1.2: Overall structure of the basal ganglia adapted from (Mink, 1996)
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areas project to overlapping striatal zones while unrelated cortical areas project
to distinct zones, allowing for the integration of inputs and focused output (Mink
and Thach, 1993; Smith et al., 1998). It sends inhibitory projections to the basal
ganglia output nuclei GPi and SNr, as well as to the GPe (Sato et al., 2000).
Two main pathways shape this circuitry and regulate the output of the circuit;
the indirect pathway, which encompasses the striatum through GPe and STN,
operates in opposition to the direct pathway, which connects directly to the GPi
output nucleus (Kita et al., 1999).

The medium spiny neuron, which is the predominant cell type in the striatum,
forms a remarkable 95 % of the neuronal population within this region (Gerfen,
1988; Kemp and Powell, 1971). Each of these neurons is capable of processing in-
put from multiple cortical areas and of connecting to a diverse array of additional
inputs; excitatory, likely glutamatergic input from thalamic regions, specifically
the centromedian and parafascicular nuclei (Lapper and Bolam, 1992; Sadikot
et al., 1992) and cholinergic input that originates from the large aspiny striatal
neurons (Izzo and Bolam, 1988). They are also recipients of inputs from neigh-
boring medium spiny neurons, which are characterized by the neurotransmitters
gamma-aminobutyric acid (GABA), substance P, and enkephalin (Penny et al.,
1986). Finally, a significant input comes from dopamine-rich neurons located in
the substantia nigra pars compacta (SNc¢) (Carpenter, 1981; Mink, 1996).

The striatal neurons are divided into two main populations, characterized by
their dopamine receptor expression and projection patterns, the D1 and D2 MSNs
expressing D1R and D2R receptors, respectively (Gerfen, 1992; Gurney et al., 2015;
lino et al., 2020; Mink, 1996).

The interaction of D1 neurons with the G-protein-coupled adenylyl cyclase
system via Gs/G, G-proteins further influences the transmission of signals within
these neurons. In the case of D1 neurons, their activation stimulates adenylyl
cyclase, leading to an increase in cyclic AMP (cAMP) levels. This increase in
cAMP activates protein kinase A (PKA), which then phosphorylates downstream
targets, leading to the opening of certain ion channels which increase the neuron’s
excitability. Conversely, D2 neurons are coupled to Gi/o-type G-proteins, which
inhibit adenylyl cyclase, leading to a decrease in cAMP levels, and thereby less
activation of PKA (Steiner and Tseng, 2016).

The DI1R neurons innervate the GPi and SNr, two output nuclei of the basal
ganglia. Activation of these neurons initiates the release of GABA onto the GPi
and SNr neurons. As these output nuclei are already inhibitory in nature, this extra
layer of inhibition effectively results in a ’disinhibition’ of their target neurons in
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the thalamus, meaning that the inhibitory effect of the GPi and SNr on thalamic
neurons is lessened (Kreitzer and Malenka, 2008). This disinhibition has a critical
outcome: it allows for increased activity of the thalamocortical neurons, ultimately
leading to an upregulation of cortical activity. Such effects can be particularly
pronounced in motor areas of the cortex, thus leading to the initiation or facilitation
of movement (Nambu, 2011).

Conversely, D2R expressing indirect pathway neurons project to the GPe, then
to the subthalamic nucleus, and finally to the GPi/SNr. This longer route results
in a net increase of inhibitory output from the basal ganglia to the thalamus, thus
reducing cortical activity (Cazorla et al., 2014) and the increase in inhibition of
motor programs (Mink, 1996).

Besides leading to opposite effects in downstream areas, the plasticity of the
MSNs also changes differently depending on the receptors being expressed. Suc-
cinctly, D1R neurons increase LTP with higher amounts of dopamine, whilst D2R
neurons increase LTP with lower amounts of dopamine (Gurney et al., 2015; Iino
et al., 2020).

The striatum is usually divided into dorsal and ventral regions (Alexander and
Crutcher, 1990). The dorsal striatum includes the caudate nucleus and the puta-
men, which have been associated with procedural memory and the regulation of
voluntary movement respectively (Graybiel et al., 1994). It can be further subdi-
vided into the dorsomedial striatum (DMS) and the dorsolateral striatum (DLS).
The DMS is involved in goal-directed behaviors and decision-making processes
(Balleine et al., 2007), while the DLS is implicated in habitual or routine behav-
iors, often referred to as stimulus-response learning (Yin et al., 2004a; Bornstein
and Daw, 2011; Dayan and Berridge, 2014).

The ventral striatum (VS) encompasses the nucleus accumbens (NAc), a critical
part of the brain’s reward circuit, and the olfactory tubercle (Heimer et al., 1997).
The NAc itself can be divided into a core and a shell. The core region has been
suggested to play a role in the integration of motivational information, thereby
facilitating decision-making and action selection (Mogenson et al., 1980). The
shell, with its extensive connections with limbic structures, is involved in processing
rewards and motivational states (Di Chiara, 2002). This stratified architecture of
the striatum represents the complex and overlapping array of neural connections it
maintains with various parts of the brain, orchestrating a broad range of cognitive,
motor, and reward-related functions.

In this thesis we’ll focus mainly on the DLS and DMS regions in the striatum,
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not denying the essential role that the remaining structures have in producing
behavior.

STN

The subthalamic nucleus (STN) receives inputs from various cortical regions in
rodents, including the primary motor cortex, certain areas of the prefrontal cortex,
the anterior and medial cingulate cortex, the primary somatosensory region, and,
to a lesser extent, the granular insular cortex. These cortical inputs primarily
originate from layer V neurons, and some of them have been observed to arise
from collaterals of pyramidal tract fibers (Giufrida et al., 1985; Kitai and Deniau,
1981). Additionally, there are cortical neurons that project to both the subthalamic
nucleus and the striatum (Féger et al., 1991).

The proportion of cortical neurons sending collaterals to these two structures
varies across different cortical areas. For example, the prefrontal cortex has a higher
percentage (approximately 40%) of cortical neurons projecting to the subthalamic
nucleus or the striatum compared to the anterior cingulate cortex (about 15%) or
the primary motor cortex (about 9%) (Féger et al., 1991).

The STN consists primarily of long-axoned projection neurons, whose sparsely
spined dendrites can extend beyond 750pm (Rafols and Fox, 1976). These neu-
rons bear resemblance to nigral and pallidal neurons, though their dendrites are
considerably thinner (Francois et al., 1984; Percheron et al., 1984; Rafols and Fox,
1976). The morphological attributes and dimensions of the somatodendritic tree
of subthalamic neurons are analogous across rats, cats, and monkeys. However,
the nucleus’s size varies significantly across these species, and within primates,
neurons only occupy about a fifth to a ninth of the total volume (Carpenter et al.,
1968b; Hammond and Yelnik, 1983; Rafols and Fox, 1976).

Regarding the projections from the subthalamic nucleus, it has been observed
that subthalamic neurons projecting to the putamen and the external globus pal-
lidus (GPe) are mainly located in the dorsolateral two-thirds of the STN. In
contrast, those projecting to the caudate nucleus and the internal globus pal-
lidus/substantia nigra pars reticulata (GPi/SNr) are confined to the ventromedial
third of the nucleus (Nauta and Cole, 1978; Smith et al., 1990). The STN is
known for its potent glutamate-mediated excitatory effect on the two primary out-
put structures within the subcortical nuclei set, namely the GPi and the SNr. It
serves as the primary relay nucleus in the indirect pathway, collaborating with
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the GABAergic inhibitory direct pathway to modulate the activity of GPi/SNr
(Hammond and Yelnik, 1983).

GPe

The Globus Pallidus Externa (GPe) is intrinsically linked with the STN, form-
ing a critical loop within the basal ganglia system’s overall functionality. Phys-
iologically, this association, as previously shown in classical anatomical studies,
facilitates the GPe’s role as an intermediary, connecting the striatum with the
output structures of the basal ganglia (Carpenter et al., 1968a; Albin et al., 1989;
Alexander and Crutcher, 1990). Particularly, GPe’s GABA-mediated inhibitory ef-
fect is instrumental in modulating the STN, enabling the STN to exert its potent
glutamatergic drive on the basal ganglia (DeLong et al., 1985).

In terms of their cellular architecture, both the GPe and the Globus Pallidus
Interna (GPi) are composed of sparsely distributed GABAergic neurons character-
ized by large cell bodies and high expression of the calcium-binding protein par-
valbumin. The GPe is primarily innervated by two afferent systems: a GABAer-
gic projection from D2R-containing striatal medium spiny neurons (MSNs) and a
strong glutamatergic excitatory projection from STN neurons (Rosin et al., 1998;
Bogenpohl et al., 2012; Shink et al., 1996; Joel and Weiner, 1997; Nambu, 2004).
These afferent connections underline the integral role of the GPe in the basal gan-
glia’s indirect pathway and its interplay with the STN. Additionally, the GPe also
receives minor glutamatergic inputs from the caudal intralaminar nuclei (Kincaid
et al., 1991; Marini et al., 1999; Yashukawa et al., 2004).

The GPe’s efferent connections extend beyond the STN, reaching most compo-
nents of the basal ganglia and significantly influencing information processing in
the GPi/SNr through its substantial inhibitory projection (Hazrati et al., 1990).
This feature establishes dual tiers of integration within the pallidal complex and
the basal ganglia circuitry. Relatively recent studies have revealed new efferent
pathways from the GPe, mainly to the output structures of the basal ganglia (GPi
and SNr) (Hazrati et al., 1990; Kincaid et al., 1991).

GPi/SNr

The Globus Pallidus internus (GPi) and Substantia Nigra pars reticulata (SNr)
are usually grouped in rodents due to their analogous cyto and chemoarchitectural
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characteristics and combined role as output nuclei (Kravitz et al., 2010). In pri-
mates Ilinsky and Kultas-Ilinsky (1987), their role as high-discharge output nuclei
has been shown. Regarding inputs to the GPi and SNr in rodents, two main types
are recognized: D1R-containing MSNs forming the direct pathway and an excita-
tory glutamatergic projection from the STN, part of the indirect pathway (Mastro
et al., 2014). Such diversity in inputs echoes findings in primate studies such as
those by Smith and Parent (1986), where substantial inhibition from the direct
pathway and excitation from the indirect pathway was observed.

These inputs impact both GPi and SNr neurons simultaneously, much like their
primate counterparts (Huerta-Ocampo et al., 2014). These inhibitory GABAer-
gic and excitatory glutamatergic afferent systems converge on basal ganglia out-
put neurons. These output neurons then innervate thalamic and brainstem tar-
gets, specifically the superior colliculus and the pedunculopontine nucleus (PPN)
(Kravitz et al., 2010; Wall et al., 2013), mirroring the findings of DeLong et al.
(1983) in primate studies.

The anatomical layout of the GPi and SNr in rodents contributes to the or-
ganization of motor and limbic territories within the basal ganglia, a feature also
apparent in primates (Smith and Parent, 1986). In rodents, the striatum’s motor
territory projects to the dorsal one-third of the SNr, thereby designating it as the
SNr’s motor territory. Neurons in the dorsolateral area of this region are respon-
sive to primary motor cortex (MI) stimulation, particularly that of the orofacial
region, paralleling the findings in primate studies by Kitano et al. (1998). The
GPi and SNr have a continuum orofacial region, which receives inputs from the
supplementary motor area (SMA) territories of the putamen and alters its activity
during task performance (Kita and Kita, 2011). Mirroring primate studies such
as Wichmann and Kliem (2004), the striatum’s prefrontal territory projects to the
rostromedial two-thirds of the SNr in rodents, encompassing the oculomotor ter-
ritory (Huerta-Ocampo et al., 2014). Lastly, the limbic territory of the striatum
connects to the most medial part of the SNr, echoing the primate studies by Haber
et al. (1990) (Mastro et al., 2014).

Functionally, the GPi and SNr in both rodents and primates play a crucial role
in facilitating and regulating movements and behaviors. At the cellular level, the
firing patterns of neurons in these regions integrate various inputs, allowing for
the fine-tuning of their outputs, as highlighted in studies by DeLong et al. (1983)
and Wichmann and Kliem (2004). They are intimately involved in motor control,
with abnormal activity in these regions associated with movement disorders such
as Parkinson’s disease (Kravitz et al., 2010). Furthermore, the GPi and SNr also
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participate in the regulation of eye movements and saccades, with specific territo-
ries such as the oculomotor territory implicated in these processes (Hikosaka and
Wurtz, 1983). Their role extends beyond the motor domain, with parts of the SNr
implicated in limbic functions, including reward and motivation, which were ex-
plored in the studies by Haber et al. (1990). These functional aspects underline the
critical role the GPi and SNr play within the basal ganglia network in coordinating
a range of behaviors and responses.

VTA/SNc

The ventral tegmental area (VTA) and the substantia nigra pars compacta
(SNc) are vital components of the dopaminergic system, playing crucial roles in
various cognitive functions. These include associative and reward-based learning
(MacInnes et al., 2016; Schultz, 2013), motivation (Berridge and Kringelbach, 2013;
Ranaldi, 2014), memory (Keuken et al., 2014; Hegarty et al., 2013), and cognitive
control in decision-making (Colzato et al., 2011, 2010). While some studies con-
sider the VTA and SN/SNc as a unified midbrain DA-complex (D’Ardenne et al.,
2012; Krebs et al., 2011, 2009), the majority of research delineates them as distinct
structures. Despite potential overlaps, both areas are developmentally, morpho-
logically, and functionally unique entities (Fu et al., 2016; Olszewski and Baxter,
1954). However, the VTA presents more divergence than the SN¢, not only at the
anatomical level (Zhang et al., 2010; McRitchie et al., 1996; Morales and Margo-
lis, 2017; Swanson, 1982), but also in the range of functions beyond DA-related
behavior.

The neuronal population of the VTA and SNc varies, implying differences in
their functional complexity. SNc¢’s neural composition is less diverse, majorly filled
with dopaminergic neurons and scarcely intermingled with glutamatergic or com-
binatorial neurons (Root et al., 2016). Contrastingly, the VTA exhibits more
heterogeneity. While over 80% of the human SNe¢ comprises DA neurons (Root
et al., 2016), only 50-80% of the cells in the human VTA are identified as DA
neurons (Root et al., 2016). The remaining are GABA-ergic (30%), glutamatergic
(5%) (Pignatelli and Bonci, 2015; Root et al., 2016; Zhang et al., 2017), or com-
binatorial neurons (Morales and Margolis, 2017; Root et al., 2016). This diversity
enables GABA to mediate powerful feedback loops between NAcc and VTA, which
is believed to generate motivated behavior in mice (Yang et al., 2018).

Despite sharing connections to mutual regions, the afferent and efferent con-
nections of the SNc and VTA differ in strength, particularly to striatal and cortical
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regions (Williams and Goldman-Rakic, 1998; Olszewski and Baxter, 1954; Watabe-
Uchida et al., 2012). The SNc projects preferentially to the dorsomedial striatum
(DMS), dorsolateral striatum (DLS) and tail of the striatum, receiving extensive
GABAergic input from neurons located therein and projecting back to striatal
target neurons via dense connections (Watabe-Uchida et al., 2012; Halliday et al.,
2012; Parent and Hazrati, 1995). The VTA mainly targets neurons in the ven-
tral striatum, namely the NAcc, it receives inputs from a variety of brain regions,
including the dorsal raphe, pallidal regions, the central nucleus of the amygdala,
hypothalamic regions, the dopaminergic retrorubral field, and the parasubthala-
mic nucleus (Watabe-Uchida et al., 2012). Such differentiated connectivity profiles
influence the functionality of the nigrostriatal and mesocorticolimbic pathways, im-
pacting cognition, motivation, and addiction (Aransay et al., 2015; Hauser et al.,
2017; Yang et al., 2018).

Dopamine plays a crucial role in reinforcement learning and is the main feed-
back signal that these structures project onto the striatal cellular matrix. Rein-
forcement is a fundamental process by which organisms change the frequency of
their behavior, depending on the valence of the reinforcement stimuli; positively
valenced reinforcement signals increase the frequency, while negative valenced sig-
nals decrease it. One key aspect of this learning mechanism is that the neurons
that respond to these signals seem to code not only the magnitude of this valence
but the Reward Prediction Error (RPE). The RPE signal has been observed in the
firing patterns of DA neurons and changes in DA concentration within the striatum
across different species. This differential response in terms of plasticity is gated
by the previously mentioned LTP mechanisms that are facilitated by the D1R
and D2R expressing MSNs. Through DA-dependent plasticity, the RPE signal
strengthens the synaptic connections of actions or stimuli that lead to unexpected
rewards in neurons expressing D1, whilst with aversive negative stimuli, we have
a sharp decrease of the response of VTA/SNc neurons, generating a decrease in
overall release of DA to the striatum, which increases the plasticity of D2R MSNs.
This synaptic modification increases the likelihood of repeating or inhibiting ac-
tions associated with positive or negative outcomes, respectively (Kravitz et al.,
2010).

1.2.1 Disinhibition of motor programs

Looking at the individual components of this circuit has given us some evidence
as to their potential effect in the modulation of movement, given the repeating
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motif of cortico-motor areas connecting directly to its various nuclei. We’ll briefly
describe the current frameworks that have been used to understand the functioning
of this circuit, mostly through the lens of disinhibition of motor programs (Mink,
1996; Grillner et al., 2005; Gurney et al., 1998).

The output from the basal ganglia (GPi/SNr) is inhibitory and projects to
motor and premotor areas in the brainstem and thalamus. Given that there are
no direct connections between the BG and spinal sensory or motor neurons, one
influential hypothesis put forward by (Mink, 1996) is that this output creates
an inhibitory mask on competing Motor Programs (MPs) that converge unto the
thalamus, allowing for relevant motor programs that have lead to rewarding stimuli
to be expressed, whilst those competing motor programs which have not led to
positive stimuli to be suppressed (Mink and Thach, 1991; Wichmann et al., 1999).
Experiments in non-human primate models of Parkinson’s disease, a pathology
primarily characterized by bradykinesia and caused by BG dysfunction, showed
that focal application of the GABA(A) agonist muscimol in GPi improved motor
symptoms (Hikosaka and Wurtz, 1985). These studies promote a view of the BG
as primarily operating through disinhibition, allowing for the appropriate selection
of actions (Mink, 1996; Gurney et al., 1998; Grillner et al., 2005).

The level of disinhibition exerted by the BG is believed to be modulated oppo-
sitely by its direct and indirect pathways due to the different modulatory connec-
tions of these pathways to their corresponding thalamic outputs (see Figure 1.6).
For instance, the direct pathway activity has been observed to cause brief pauses
in GPi/SNr, promoting action selection, while the indirect pathway activity in-
creases discharge rates in GPi/SNr, raising the action threshold (Sippy et al., 2015;
Tecuapetla et al., 2016). Such functional opposition has been documented not just
concerning overall motor output but also in ongoing motor sequence production,
reinforcement, and value-based decision-making (Kravitz et al., 2010; Yttri and
Dudman, 2016; Tai et al., 2012).

However, the co-activation of direct and indirect pathways observed during
action production (Cui et al., 2013) challenges the viewpoint of functional oppo-
sition. This led to the idea that the BG enables action production through the
simultaneous and concerted activation of the direct pathway (facilitating actions)
and the indirect pathway (inhibiting potentially competing actions).

The interaction between the relatively more focused inhibition from the stria-
tum to the GPi and the excitation from the Subthalamic Nucleus (STN) has been
suggested to create a ”center-surround”-like filter, akin to those found in early
visual systems (Kuffler, 1953). While still debated, the functional consequence of
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Figure 1.3: Simplified architecture of the basal ganglia.
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this wiring could selectively increase the signal-to-noise ratio between actions, sup-
porting the selection of one motor plan over others. This view has been expanded
to hypothesize that a similar selection might occur in other parallel loops of the
BG, potentially regulating more abstract cognitive and limbic cortical states (Doya,
1999; Hikosaka et al., 2000; Parent and Hazrati, 1995; Foster et al., 2021). More-
over, ”selection through disinhibition” strengthens the argument for the BG’s role
in selecting, rather than generating, actions, thereby contributing to the overall
vetoing of motor plans elsewhere in the brain circuitry.

It is the combination of this multiple parallel circuitry, both at a single corti-
costriatal loop through the direct and indirect pathway at the level of concurrent
striatal circuits that connect with different associative, limbic, and motor areas
that might indicate a more complex picture for the functioning of this circuit. In
this work, we’ll explore the possibility that elements from these two viewpoints
might not only be present but might be necessary to explain the functioning of
this system.

The co-activation of these circuits integrated alongside a push-pull mechanism
that leads to the disinhibition of specific motor patterns and inhibition of others
might be a fundamental mechanism for action selection in the basal ganglia.

1.2.2 Intracortical networks

Given the complexity of this circuitry, it is important also to understand a bit
of the structure that has the highest number of connections to this region; the
cortex. In order to do so we’ll briefly outline the main cortical regions, the under-
lying subnetworks, how these subnetworks are internally composed, and how they
connect with other subnetworks.

The intricate complexity of cognition and behavior is understood as an amal-
gamation of network-level phenomena, necessitating integration of various sensory
inputs, synchronization of multiple motor outputs, and the harmonization of ac-
tivity within large-scale networks linking these operations (Bressler and Menon,
2010; Sporns, 2010; Swanson and Bota, 2010). Given the diverse amount of sen-
sory modalities, we can parse out the different cortical regions as pertaining to
some processing of either a single sensory modality or multiple sensory modalities,
which are usually denominated as associative areas. These cortical sub-regions,
which form subnetworks of their own, can be classified into four main categories:
somatic sensorimotor, medial associative, and lateral subnetworks (Foster et al.,
2021; Zingg et al., 2014).
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The somatic sensorimotor network comprises both sensory and corresponding
primary motor areas. Within the medial associative, visual and auditory networks
are arranged in a hierarchical structure, processing information from primary sen-
sory regions to higher-order association areas. Medial and lateral subnetworks,
organized along the longitudinal axis of the cerebrum, show distinct patterns con-
verging onto the ventromedial half of the prefrontal cortex (Zingg et al., 2014).

Each subnetwork of the neocortex exhibits a unique topological organization,
potentially indicating distinctive information processing strategies (Yamada et al.,
2005). However, all subnetworks seem to show a high degree of interconnectiv-
ity amongst the constituting sub-regions. The somatic sensorimotor network, for
instance, demonstrates strong reciprocal connections among all principal somatic
nodes that directly link with orofacial, limb, and whisker sensory neurons. This
structure promotes direct interactions between sensory and motor regions, bypass-
ing the need for higher-order association areas. Such an organization could facil-
itate the swift integration of different sensory modalities to dynamically regulate
motor actions.

The medial subnetworks chiefly mediate interactions between sensory and higher-
order association areas. The first medial subnetwork facilitates sensory information
transmission from visual, auditory, and somatic sensory areas and connects with
higher-order association areas (Feierstein et al., 2006; Bucci, 2009; Vann et al.,
2009; Weible, 2013). The second medial subnetwork differs topologically from the
first, consisting of a multi-synaptic network that provides a structural foundation
for transmitting information from the dorsal hippocampus which is related to spa-
tial orientation, navigation, and episodic memory, to the medial prefrontal cortex
(Vann et al., 2009; Fanselow and Dong, 2010; Weible, 2013).

The lateral subnetworks function as points of massive convergence in the cor-
tex, focusing on two primary components: the anterolateral insula (AI) subnetwork
and the temporal association (TEa), perirhinal (PERI), and ectorhinal areas in the
posterolateral temporal subnetwork are the two major regions. Each of these re-
ceives input from, and projects back to, numerous cortical areas. For example, the
anterolateral insular subnetwork amalgamates gustatory, visceral, and olfactory in-
formation, while the posterolateral temporal subnetwork processes predominantly
visual, auditory, somatosensory, and motor information. Both then relay this infor-
mation to the medial prefrontal cortex and the lateral entorhinal cortex (ENTI),
supporting the suggested roles of the Al in internal state self-awareness (Craig,
2009), and the TEa/PERI/ECT in perception, object recognition, and emotion-
associated contextual memory (Winters et al., 2008; Aggleton et al., 2016).
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In general, there seems to be a highly complex and interconnected set of con-
nections amongst these regions, with information flowing bidirectionally between
cortical regions connected with direct sensory neurons and higher-order associa-
tion areas. This recurrent connectivity might be responsible for shaping cognitive
processes at multiple levels, allowing for both the higher-order abstract represen-
tations to feed and be fed by lower sensory and sensorimotor regions and vice versa
(Fuster, 2001). Besides this interconnectivity, we also see a strong convergence of
most of the networks to prefrontal regions, showing a convergence of multiple in-
formation modalities, which might be responsible for the creation of more abstract
representations. The cells in these regions also show longer temporal constants (in
contrast with shorter time constants in sensory regions) which have been associ-
ated with a functional role of allowing higher-order representations to be shaped
in working memory (Fuster, 2001; Zingg et al., 2014; Murray et al., 2014).

1.2.3 The corticostriatal projectome

Ramon y Cajal (1899) was the first to describe the existence of corticostriatal pro-
jections and to suggest that these fibers represented collateral branches of one or
more of the descending tracts of the internal capsule. Later work showed that the
corticostriatal network is a critical pathway that modulates a vast array of neuro-
logical functions. We’ll focus mainly on the cortical projections to the dorsolateral
(DLS), dorsomedial (DMS), and ventral (VS) regions of the striatum.

The somatic sensorimotor cortical areas are primarily linked to the dorsolateral
striatum (DLS), forming a motor circuit involved in the control of movement (Kre-
itzer and Malenka, 2008; Foster et al., 2021; Alexander and Crutcher, 1990). This
connection mediates the translation of sensory input into motor responses and has
been associated with procedural learning and habit formation. The lateral associa-
tive cortical areas, such as the prefrontal cortex, project to the DMS, constituting
a cognitive circuit engaged in decision-making and goal-directed behaviors (Yin
et al., 2006).

Medial associative cortical areas, including the anterior cingulate and orbitofrontal
cortex, form intricate connections primarily with the DMS but also exhibit some
degree of overlap with the DLS (Haber and Knutson, 2010). This overlap suggests
a more nuanced circuitry, possibly reflecting the integration of different cognitive
and emotional functions. This medial circuitry is particularly involved in the eval-
uation of reward-related information and the adjustment of behavior in response to
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changing contingencies, a role highlighted by its dysregulation in conditions such
as addiction and obsessive-compulsive disorder (Everitt and Robbins, 2005).

Finally, the ventral striatum, particularly the nucleus accumbens (NAc), re-
ceives projections from various cortical and subcortical regions, playing a crucial
role in the integration of reward-related, motivational, and decision-making infor-
mation (Russo and Nestler, 2013). Notably, projections from the prefrontal cortex
(PFC) to the ventral striatum are significant, where various sub-regions of the
PFC, including the medial PFC (mPFC), orbitofrontal cortex (OFC), and ante-
rior cingulate cortex (ACC), extend their axons to the nucleus accumbens. These
connections are critical in regulating cognitive functions such as decision-making,
impulse control, and reward expectation (Haber and Knutson, 2010).

In addition to the PFC, the ventral subiculum of the hippocampus sends gluta-
matergic inputs to the ventral striatum, contributing to the regulation of affective
and spatial learning processes. The amygdala, particularly its basolateral part
(BLA), also projects to the ventral striatum and aids in processing emotionally
salient events (Groenewegen et al., 1999). Moreover, the insular cortex, with its
unique role in interoceptive awareness and emotional processing, also projects to
the ventral striatum. Thus, the inputs to the ventral striatum represent a richly
interconnected network, interweaving numerous aspects of cognition, emotion, and
motivation (Russo and Nestler, 2013).

Beyond the striatum, the basal ganglia-thalamocortical circuit is fundamental
in mediating information flow. The substantia nigra pars reticulata (SNr) serves
as the primary output nucleus of the basal ganglia, relaying inhibitory GABAer-
gic projections to the thalamus (Smith et al., 1998). Specific areas of the thala-
mus are then involved in the feedback loop to the cortex, particularly the motor
and prefrontal areas. Notably, the somatosensory cortex’s connections with the
DLS and the prefrontal cortex’s links to the DMS converge in the ventral an-
terior /ventrolateral thalamus and mediodorsal thalamus, respectively (Alexander
et al., 1986). This connectivity suggests a pervasiveness of the functional segrega-
tion of the corticostriatal projections and underscores the integrative role of these
circuits in coordinating a broad spectrum of behaviors.

Multiple hypothesis have shaped the way in which the field functionally in-
terpret the connectivity between these areas. The different hypothesis focus on
specific details of anatomy, particularly the inherent division of the subcircuits
and the differential connectivity patterns between these areas.

The ’'parallel processing’ (Alexander and Crutcher, 1990; Alexander et al.,
1986) hypothesis suggests that different types of cortical information are processed
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through the cortico-basal ganglia-thalamo-cortical loop largely independently via
multiple, parallel, segregated circuits. Up to five such parallel circuits have been
identified: motor, oculomotor, orbitofrontal, dorsolateral prefrontal, lateral or-
bitofrontal, and anterior cingulate loops (Alexander and Crutcher, 1990). Each of
these circuits appears to receive inputs from several separate cortical areas, traverse
specific portions of the basal ganglia and thalamus, and project back upon one of
the cortical areas providing input to the circuit, thus forming a partially ’closed’
loop (Parent and Hazrati, 1995). This organization allows for the processing of
distinct information types in a modular fashion while maintaining some degree of
functional segregation.
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Figure 1.4: Parallel circuitry of the corticostriatal loops in primates, adapted from
(Alexander and Crutcher, 1990).

In contrast, the ’information funneling’(Percheron et al., 1994) hypothesis pro-
poses the existence of absolute convergence of cortical information along the cortico-
striato-pallido/nigro-thalamo-cortical system. This funneling begins with an ’in-
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trication’ of axonal endings from widely separate and functionally different cortical
regions within the striatum, and is further enhanced by what is called 'reception
convergence’ at pallidal and nigral levels. This organization suggests a greater
integration of information and subsequent narrowing of outputs as they traverse
the basal ganglia, ultimately facilitating the selection and control of specific motor
and cognitive functions.

1.2.4 Parallel loops of behavioural control

We have so far focused on the neuronal details of each ganglia, and their overall
circuit connectivity, and provided some intuitions about their potential functional
role in the production of movement. In the following two sections, we’ll take
a bird’s eye view of the structure of these circuits and try to describe a more
general set of circuit motifs that will pave the way to a wider theoretical framing
that will later be used in the models developed in this thesis. We'll join a series
of anatomical motifs, that of the parallel circuitry, recurrent feedback circuitry,
and disinhibition of motor programs in order to link the information processing
performed by the relevant intracortical circuits to the potential representations
learned in the striatum.

As we've seen in the section 1.2.3, cortical regions that share the same in-
tracortical circuits project unto overlapping striatal regions, drawing a somewhat
topographical map between the information classes present in the cortex and the
striatum (Hunnicutt et al., 2016). This class specificity is maintained across the
basal ganglia and in the thalamic projections which feedback the motor-related
programs back into the cortex, drawing a set of parallel loops that are specific to
each corticostriatal map (Alexander and Crutcher, 1990). However, these circuits
are not isolated from each other, having multiple pathways that allow for com-
munication across the different loops. Besides the connectivity amongst different
cortical sub-circuits, striatonigrostriatal (SNS) projections across the basal ganglia
seem to provide a channel that goes from the lateral to the dorsomedial regions of
the striatum.

We’ve previously mentioned how the dorsolateral prefrontal cortex projects to
the dorsomedial striatum and premotor and motor cortex projects to the dorsolat-
eral striatum. However, midbrain projections from the NAc shell target both the
VTA and ventromedial SNc. Midbrain projections from the VTA to the NAc shell
form a “closed,” reciprocal SNS loop. Projections from the medial SN feedforward
to the core, form the first part of a spiral. The spiral continues through the SNS
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projections, with pathways originating in the NAc core and projecting more dor-
sally. In this way, ventral striatal regions influence more dorsal striatal regions via
spiraling SNS projections (Haber et al., 2000). The anatomy suggests that infor-
mation seems to flow from the striatal regions usually associated with prefrontal
projections such as the DMS to more motor and pre-motor related regions usually
connected to the DLS, which seems to suggest, at least partially, that the higher
order and potentially more abstract representations might shape the more stimu-
lus bound representations of the direct sensory areas (Bornstein and Daw, 2011;
Dayan and Berridge, 2014).

One must say, however, that the story might not be that simple. As we’ve
shown in 1.2.2, the cortex is not only highly interconnected, but it is so in a
bidirectional manner, allowing for information flow from higher to lower orders
and vice versa. Even assuming that there’s some separation between the different
corticothalamocortical loops (Alexander and Crutcher, 1990) the high degree of
connection degeneracy might allow for information to also pass from striatal areas
connected to lower order sensorimotor cortical regions, such as the DLS to associa-
tive higher-order areas. The prospect of this directionality leaves a wide room for
modeling information flow between different regions, something that we will focus
on in the modeling done in Chapter 4.

We thus have a clearer picture of the architectural motifs present in the basal
ganglia that might allow us to design more detailed predictive models of its func-
tioning. The picture goes as follows; different cortical regions, which are highly
interconnected, project unto specific striatal regions, overlapping by amount of
proximity within their intracortical proximity. These striatal regions then en-
code deferentially the information coming from direct sensory areas and associa-
tive higher orders, feeding a set of downstream projections unto the output of the
basal ganglia which, due to the direct/indirect split, encodes both excitatory and
inhibitory maps for different motor programs. Simultaneously, a spiral-like set of
connections project sensorimotor related information within the striatum to pre-
frontal associated striatal regions. Through experience, these motor programs are
shaped, and the outgoing motor responses are fed back via the thalamocortical
connections back into their corresponding cortical regions, leading to a new spread
and mixture of the information processed in these multiple loops at different levels
of abstraction (see Figure 1.5).

We will attempt at deriving a model that captures most of the basic properties
of this architecture in the following chapters of this thesis.
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1.3 Computational models of the basal ganglia

Modelling such a complex and interconnected system requires not only attention to
the biophysical details but also a broad high-level perspective as to what might be
the purpose of this system. The history of our understanding of the basal ganglia
is deeply interlinked with an ever-growing ecosystem of models aimed at unveiling
the underlying mechanisms that might explain the functioning of this system.
One potential strategy we can adopt in approaching this modeling ecosystem is by
considering the highly influential work of David Marr.

Marr focused particularly on the visual system but was able to leave a deep
legacy in the way in which we currently approach our understanding of brain sys-
tems as information processing systems that are cut through three fundamental
levels of analysis (Marr, 1982). The main tenet goes as follows; the understanding
of any information processing system is incomplete without insight into the prob-
lems it faces, and without a notion of the form that possible solutions to these
problems can take. These fundamental levels of understanding were defined as
follows Marr and Poggio (1977):

1. computational level: ‘what’ is being computed and why.
2. algorithmic level: 'how’ is the computation being performed

3. implementational level: what is the 'physical medium’ on which the com-
putation is carried out.

We shall use these levels of analysis as a scaffolding for categorizing the differ-
ent modeling paradigms that have emerged within the study of the basal ganglia
(Gurney et al., 2004) while keeping in mind that these boundaries are not strictly
applicable in cases where models present elements of various levels.

Within the computational level a set of paradigms have emerged; that of
thinking of the basal ganglia as a reinforcement-driven dimensionality reduction
(RDDR) system (Bar-Gad et al., 2000), as an action gating(Contreras-Vidal and
Stelmach, 1995) or action selection (Berns and Sejnowski, 1998; Redgrave et al.,
1999) system and finally as a serial processing system (Joel et al., 2002; Gillies and
Arbuthnott, 2000; Bapi and Doya, 1998).

The RDDR model suggests that the basal ganglia perform an efficient rein-
forcement driven dimensionality reduction of the sensorimotor and higher-order
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representations present in the cortex (Bar-Gad et al., 2000). This model aligns
with known basal ganglia anatomy and physiology, which suggest a ”funneling”
structure where the number of neurons decreases from the cortex to the stria-
tum to the GPi (Kincaid et al., 1998; Oorschot, 1996; Percheron et al., 1994) and
the absence of mutual inhibition between striatal neurons despite extensive lateral
connectivity (Jaeger et al., 1994; Kita et al., 1996; Yelnik et al., 1997). Bar-Gad
et al. (2000)’s model suggests that the dimensionality reduction should be influ-
enced by both the statistical properties of the input patterns and their behavioral
significance. The relative importance of input is determined by novelty, incentive
salience, and the ability to predict reward, signals that can be coded by DA neu-
rons (Redgrave et al., 1999a; Berridge and Robinson, 1998; Robbins and Everitt,
1996; Suri et al., 2001).

An alternative addition to the computational role that the basal ganglia is likely
to have is that it serves as a substrate for action selection/gating processes. As
seen in section 1.2.1, the thalamic inhibitory tonus seems to serve as a gate that
inhibits motor programs from being expressed (Mink, 1996), something that is then
possible when the thalamic activity is lowered via the direct pathway inhibition.
Models of this type tend to have a strong implementational axis, particularly those
that are based on anatomy-inspired network models (Chakravarthy et al., 2010),
linking this particular function directly to the relevant nuclei in the basal ganglia.

Simulation studies presented by (Contreras-Vidal and Stelmach, 1995) bolster
the hypothesis that the pallidothalamic outputs act as gating signals, phasically
modulating the initiation and execution of movement. They also theorize that
Parkinson’s Disease (PD) disrupts these signals, causing imbalances in the basal
ganglia’s direct and indirect pathways, which result in aberrations in movement
speed and the premature gating of movement components. Their neural network
model simulates how dopamine depletion, a characteristic of PD, mirrors the motor
impairments observed in PD patients. This finding underscores the significant
role the basal ganglia plays in the initiation, execution, and sequencing of motor
programs.

Given the disinhibitory role that the basal ganglia seem to have in terms of
motor pattern expression (Mink, 1996), action gating and action selection models
are in some sense two sides of the same coin, as an action ends up being selected
through the opening of the thalamic gate. This notion is grounded on the com-
putational hypothesis that afferent signals to the striatum encode the salience of
these motor requests (Redgrave et al., 1999). The basal ganglia thus encompass
multiple selection mechanisms that can effectively address conflict among compet-
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ing signals and ensure smooth transitions between them. Evidence exists of local
inhibition within the striatum, either via local interneurons or through reciprocal
inhibitory networks among the output cells (Oorschot et al., 2002)

Wickens (1997) explored the dynamics of such local striatal neuron clusters
using network models, revealing a competition dynamic where more active neu-
rons suppress less active neighbors. However, under low dopamine conditions, the
network shifts from competition to co-activation, offering a potential model for the
muscular rigidity seen in Parkinson’s patients with dopamine deficiencies.Redgrave
et al. (1999) further posit that the BG has evolved as a specialized central selec-
tion device, adept at resolving conflicts between subsystems competing for access to
limited motor or cognitive resources. This selection operation favors winning com-
petitors through selective disinhibition while maintaining or increasing inhibitory
control over losing competitors. Moreover, the authors note the critical role of
dopamine bursts in reallocating attention and behavioral resources towards unex-
pected salient events, further supporting the role of the BG as a center for resource
allocation and attention switching.

In the serial processing modeling axis, (Dominey, 1995) and (Beiser and Houk,
1998) developed models suggesting these functions can exist harmoniously. Dominey
(1995) proposed that an internal sequence representation is created across the pre-
frontal cortex, which can then be reproduced later by the basal ganglia. In the
same vein, (Beiser and Houk, 1998) suggest the basal ganglia as an encoder, trans-
forming serial events into a spatial representation of prefrontal cortex activity. In
this process, the medium spiny neurons of the caudate serve as context detectors,
facilitating the encoding of distinct stimuli.

Berns and Sejnowski (1998) present an alternative model for this looping pro-
cess, proposing the subthalamic—pallidal loop as a site for short-term memory in
the production and encoding of sequences. During the learning phase, the stria-
tum repeatedly imposes a temporal sequence pattern on the GPe through direct
inhibition. Given the significant connection delays and the fact that input to the
STN arises from the GPe, the activity pattern across the STN is at least one-time
step behind the GPe’s. This temporal lag facilitates the learning and generation
of sequences, associating the previous step in the STN’s temporal sequence with
the current step in the GPe. Once learned this activity pattern effectively cycles
between the STN and GPe, producing and perpetuating the sequence.

At the algorithmic level, the models lie in the mixture of two main ap-
proaches; that of neural network models that utilize some kind of information
processing defined in the level above (Gillies and Arbuthnott, 2000), or neural
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reinforcement learning models which, due to the strong experimental link be-
tween Reward Prediction Errors and the signals from dopaminergic neurons in
the VTA/SNc (Schultz et al., 1997), use value-based representations in order to
learn policies which end up serving as the action selection mechanism. Given the
flexibility of the latter approach, the distinction between these two approaches
becomes quite fuzzy, as neural network models can be directly implemented in
a reinforcement learning paradigm in order for the value representations to be
learned (Chakravarthy et al., 2010; Joel et al., 2002). We will dive deeply into this
framework in section 1.3.1 as it will be crucial for the model that was developed
in this thesis, presented in Chapter 3.

Going back to the RDDR, one of the proposed algorithms for the dimensionality
reduction step was through principal component analysis (PCA). Inspired by pre-
vious work involving neural networks performing dimensionality reduction using
competitive Hebbian learning rules for interlayer connectivity and anti-Hebbian
rules for lateral inhibitory intra-layer connectivity (Oja, 1982; Foldiak, 1990; Kung
and Diamantars, 1990), Bar-Gad et al. (2000) studied a simulated feed-forward
neural network, demonstrating that a two-fold increase in reinforcement signal
value led to an almost five-fold decrease in compression reconstruction error. This
hypothesis positions the basal ganglia as integral in information extraction and pre-
processing from the cortex, allowing for the complexity in cortical representations
to be reduced to the signals that have led to positive reinforcement.

Finally, at the implementation level, the intricate microcircuitry becomes
relevant in order to map the mechanisms necessary for the computations defined
in the levels above to be performed. In a general sense, both of the levels above
also tend to refer to some circuit-level implementation details, particularly in what
respects action selection and action gating models Gurney et al. (2004).

In the exploration of the basal ganglia’s circuitry, models of striatal microcir-
cuitry were originally influenced by the structure of spiny projection neurons and
their collaterals (Gurney et al., 2004). These models were established with the as-
sumption of a lateral-inhibition-type network with strong, reciprocal connections
between neurons, which under high-gain conditions, would enable the most active
cells to suppress activity in their weaker counterparts (Wilson and Groves, 1980;
Wickens et al., 1991; Alexander and Wickens, 1993).

Most models of the striatum, which serves as the input stage of the basal gan-
glia, have emphasized pattern recognition or mutual competition, to form pattern
classification networks (Beiser et al., 1997). Wickens et al. (1995) explored the
effects of local connectivity dominated by recurrent inhibitory connections on the
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response properties of striatal networks. Their model revealed unique patterns
of spatio-temporal activity in different network topologies. Moreover, Fukai and
Tanaka (1997) provided a more in-depth analytical treatment of selective activation
in lateral inhibitory networks, demonstrating the dependence of 'winner-take-all’
and 'winners-share-all’ computations on the strength of collateral inhibition rela-
tive to self-inhibition. Lastly, a network model by Connolly and Burns (1995) hy-
pothesized a functional role for characteristic patterns of subthreshold fluctuations
in the membrane potential of spiny neurons and suggested that these fluctuations
could be involved in coordinating obstacle-avoiding limb movements.

All in all, the diversity of basal ganglia computational models is also an expres-
sion of the underlying complexity of the system, as understanding its high-level
functioning requires that we also understand all the levels below. We will now focus
on a particular class of models, Neural Reinforcement Learning models, which have
been particularly successful in explaining various characteristics of these circuits,
as well as the role they play in behavior.

1.3.1 Neural Reinforcement learning

The origins of Reinforcement Learning (RL) are often associated with the early
20th century, with the seminal work by psychologists Ivan Pavlov and B.F. Skinner.
Pavlov’s classical conditioning (Pavlov, 1927) and Skinner’s operant conditioning
(Skinner, 1938) established fundamental principles regarding the role of rewards
and punishments in shaping an agent’s behavior. However, the idea of discounted
rewards, a core concept in RL, can be linked to even earlier sources.

The notion of discounted rewards in reinforcement learning is related to the
concept of time preference, the preference for immediate rewards over future ones,
with early mentions found in the Talmud (Ohrenstein, 1996) and with some ev-
idence of this process in ancient civilizational complexes such as the Sumerians,
who kept records of credit based exchanges (Graeber, 2011). Later on, the evo-
lution of mathematics that dealt with the calculation of interest led to medieval
mathematicians developing the idea of compound interest to determine the accu-
mulation of invested sums and the appropriate amounts to be paid for annuities.
Although the concept was initially used as a way to calculate an expected return of
a loan or investment, Martin de Azpilcueta Navarrus set forth the concept of time
preference, which recognizes that a present good is worth more than future goods,
thus bringing to life the idea of a discounted future reward (Azpilcueta Navarro,
1966).
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From these foundations, the idea of time preference has been extensively dis-
cussed in the field of economics, specifically in the value theory of money. A
notable economist, Irving Fisher, studied the time preference concept in the late
19th and early 20th centuries (Fisher, 1930). Fisher’s work on interest and capital
connected the idea of discounting future rewards to the notion of present value,
which is a key concept in finance and economics. 2

Coming back to a more modern era, in the 1950s Bellman introduced Dy-
namic Programming (DP) (Bellman, 1957), a mathematical framework for ad-
dressing complex decision-making problems in non-deterministic environments. In
the 1970s, Richard Sutton presented the Temporal Difference (TD) learning algo-
rithm (Sutton, 1988), which integrated dynamic programming and Monte Carlo
methods, allowing agents to learn from incomplete sequences of experiences. Sut-
ton’s work, along with research by Andrew Barto (Barto, 1995) and others, laid the
foundation for modern reinforcement learning algorithms. During the 1980s and
1990s, reinforcement learning gained increasing attention within the artificial in-
telligence community. Chris Watkins and Peter Dayan made notable contributions
by developing the Q-learning algorithm (Watkins and Dayan, 1992), which enabled
agents to learn optimal distributions of action distributions (policies) without the
need for an environment model, representing a significant advancement in the field.

The basic structure of these algorithms lies in first defining a Markov Decision
Process (MDP), formally defined as M = (S, A4,P,R,7), consisting of sets of
states S = {s1,89,...,5n.} and actions A = {ay,as,...,an,} where N; is the
number of states and N, the number of available actions at each state and v € [0, 1]
denotes a discount factor, for discounting future rewards.

The probability transition matrix P holds the underlying environment dynam-
ics which an RL agent tries to approximate as best as possible, it is defined as a
distribution

Piy =Prlsp1 =s"| sy = 5,0, = d (1.1)

which holds the probability for a transition from s to s’ when taking action a
and allows for the agent to be able to execute an optimal policy 7*(a|s;) € [0, 1],
a probability distribution for actions given a state s;.

2The connection between the present value formula and the sum of discounted rewards is
based on considering rewards (R) as analogous to cash flows (CF) and the discount factor ()
as analogous to the discount rate (1 + r) Both concepts involve accounting for time preference
and have similar expressions: PV = Zf:fzo % Gy =30 oV Rkt
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In an analogous manner, one can define the expected reward R as

Re, =Erii|se = s,a; = a, 5041 = 5] (1.2)

which holds the rewards for the transition s — s’ upon execution of action a.
For a given state-action pair, the expected reward can be calculated to

R(s,a) =Y PLRYL (1.3)

s'eS

With these elements at hand, we can define state-value functions V(s) € R or
state-action value functions Q(s,a) € RM*Me which will represent the cumulative
reward gathered at each state visit, serving as a measure of how desirable that
state is. These value functions are obtained by calculating the discounted sum of
returns over the whole trajectory of the MDP for a given policy =

V7™(s) = E’T[Z’ykrk+t+1|st = s] (1.4)
k=0

for the state-value function and

Q" (s,a) =E" Z’ykrt% | ss =s,a, =a (1.5)

k=0

for the state-action value function. The connection between the state-value
function and the action-value function is given by

V7™(s) = Zﬂ(a|s)Q’r(s,a). (1.6)

a

We can derive the classic Bellman equation by expanding the sum inside the
expectation value (Equation 1.4)

Ter1 + ’YZ Yorippsr | =E7 [reer +YV7(s) (1.7)

k=0 k=1

E" lz ’Ykrmg} =E"
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which allows us to define a recursive equation for the value that depends only
on the next state, more concretely

VT(s) =) m(sla) Y Piy [Riy +7V7(s)) (1.8)

which is the so-called Bellman equation (Bellman, 1957; Sutton et al., 1998).

As solving the set of linear Bellman equations defined in 1.8 is not feasible
for most MDPs, one can obtain the optimal state-value function via a different
approach. We can approximate the state-value function by defining it as a linear
combination of basis functions <5 with weights 6; € R, i.e.

Vils) = 3 06(s) (19)

In order to approximate this value function, we can define the least squares
objective between the value function V™ and its linear approximation V'

J(0) = = S (Vi) — V7(s)? (1.10)

2n
t=1

In order to minimize this loss, one can use Stochastic Gradient Descent (SGD)
on the parameters 6 whilst assuming the Temporal Difference Learning approxi-
mation Sutton and Barto (2018)

V7 (s¢) = Elreen + Vg (5041)]5¢)- (1.11)

The update on the parameters is then given by the gradient of the loss J(6)
with learning rate ay

0,1 < 0 —ayVJ(0)) (1.12)
which expanding the gradient turns into
Orir = 0 — av (Vi (se) = V7 (50)) VV (50). (1.13)
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Inserting the approximation of V™ referred to above simplifies the expression
to

Oy < 0 — v (reey + V5 (se1) — Vi (s0)dil(se) (1.14)

and the update of the value function for a given state s; can now be given by

Vi (s¢) <= V' (s¢) + av0:0(s) (1.15)

The term in parentheses is defined as the Reward Prediction Error (RPE)

6t = Rys1 +7Vo(2e11) — Va(st) (1.16)

and represents one of the most influential hypotheses regarding the functional
role of dopamine in the basal ganglia.

Put forward by Montague et al. (1996), the hypothesis suggests that the phasic
activity of dopamine neurons in mammals can be explained by the signals generated
through the RPEs. This theory was built on experiments led by neuroscientist
Wolfram Schultz during the 90s (Schultz, 1995; Schultz et al., 1993) which, by
examining the TD error signals from a model of classical conditioning, they found
a striking resemblance to the patterns of phasic activity of dopaminergic neurons
in the VTA.

Through simulated trials, they found that the phasic response matched the
observation that RPEs also only occurred during a reward event and that the re-
sponse shifted to an earlier predictive cue during the conditioning period. They
also observed a decrease in response if the predicted reward is omitted. Despite
some variation in dopamine neuron behaviors and mismatches between hypoth-
esis predictions and experimental observations, the hypothesis has been widely
accepted due to the compelling correspondence between the majority of neuron
activities and TD errors (Schultz et al., 1997).

The link between phasic dopamine and RPEs led to an incredible amount of
experimental and theoretical work that has evolved into more and more detailed
models of the functional properties of the basal ganglia. One of the architectures
that has had a lot of explanatory power is the actor-critic architecture, which we
will dive into in the following section.
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Figure 1.6: Diagram of the actor-critic architecture.

1.3.2 Learning the actor

Initially outlined in Sutton et al. (1983), the idea was of jointly learning two
interacting modules: a policy unit or actor where actions would be selected and
a critic, named an “Adaptive Critic Element” or ACE. The authors argued that
modeling a structure as complex as a neuron at the level of a logic-gate-like unit was
inadequate, hence the proposed actor-critic architecture as an initial exploration
into systems that consist of a network of complex learned subunits, which laid the
groundwork for the emergence of hierarchical and heterarchical RL architectures.

The basic structure of these algorithms relies on the combination of two value
representations; a critic, which usually is associated with the state value function
V™(s;), and an actor, which is usually associated with an advantage or action
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preference function which uses the RPEs from the critic to learn state-action values.
One of the first TD-like implementations was given by Baird (1993), and we’ll keep
a similar notation for the actor, defining it as a state-action value function or, as
we’ll see later on, an action preference.

Baird (1993) defined an advantage function A(s;, a;) that will allow the agent
to choose the appropriate action at each state. This function is given by the
ongoing advantage over the state value function, Vj7(s;) = V(s;) where we drop
the dependencies on 6 and 7 to alleviate the notation. The advantage is defined
as

A(sy, ar) Z Voriyilse, al = V(sy). (1.17)

The goal of this function is to only change if doing so incurs an advantage
over the previously calculated state value function. One interesting aspect of this
function is that we can write it in function of the RPE &,

A(sty a) = Ex[ron + 9V (2641) — V(se) st i (1.18)

now contracting the terms we see that J; is an unbiased estimator of the ad-
vantage function, i.e.

A(sy, ap) = Ex[04]s1, ay). (1.19)

The choice for the update rule in this case was simply to perform an online
average of the RPE, where at each iteration k of the moving average we have

Sf7at -

Z (1.20)

This allows us to expand into a recursive equation

?v\H

1 k—1 1 k—1
A(Shat :7(5k+z(5t :E 5k+7z(§t (121)

?’r
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which implies the following recursive relationship, i.e. the learning rule for
A(St,at)

1
Ak(Sh CLt) = Ak,l(Sn at) + %(5]“ — Akfl(St, CLt)) (122)

which is equivalent to writing, for a learning rate a4

A(st, ar) < A(se, ar) + aa(0; — A(se, ar)). (1.23)

Performing a tile basis function approximation to the advantage functions and
factoring it as two independent functions over actions m;(a;) and states ¢;(s;), we
get

Alsi ) = 3 milan)olsu)d (1.24)

which now putting into the update rule above allows us to write the update
expression for the basis functions of a single action a;

mi(a) < ((1 — aa)mi(a) + aad(sy)i0)0(a — ay). (1.25)

with §(a — a;) the kroenecker delta function, selecting only the current action
Q.

An alternative definition of an actor can be seen as a simplification of this
scheme, where we do away with the balancing between the RPE §; and the advan-
tage, and update directly the values through

A(St, G/t) — A(St7 at) + aAét. (126)

In usual RL formalization, given the discrete observations s; the agents have
to choose an action through a policy 7(a|s;) which represents the probability of
choosing an action a given an observation s;.

One action selection approach is that actions at each observation s; are chosen
via a softmaxxed distribution of A(s;,a;), i.e. the probability of a given action a’
being executed can be obtained by sampling from the distribution given by
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eﬁA(st,a)

S A ) (1.27)

m(als;) =

where (8 is the temperature parameter and the denominator contains the sum
over all actions.

1.3.3 Actor—critic models of the basal ganglia

This same architecture has been used a level higher in the circuit, with actor
and critic elements being associated with specific basal ganglia regions(Joel et al.,
2002). This model class has shown tremendous flexibility in capturing a lot of the
basal ganglia related experimental results, although not a single model has been
able to model all levels: behavioral, neural and optogenetic perturbations. Other
limitations, as we shall see, end up appearing due to the specificity of the regions
that are trying to be modeled, leaving other highly relevant basal ganglia regions
untouched. We shall do a quick pass-through of the modeling done so far and the
specific elements that have been modeled by each implementation.

Suri and Schultz built upon Barto (1995) the basic actor-critic model by pro-
viding a neural representation of the actor and altering the Temporal Difference
(TD) algorithm to simulate the timed depression of Dopamine (DA) activity dur-
ing omitted rewards. In their model, each stimulus was depicted by a neuron set,
each active for varying durations, enabling the replication of DA neuron firing pat-
terns to reward-related stimuli (Suri and Schultz, 1998). The actor, comprising a
single neuron layer representing specific actions, learned stimulus-action pairs from
the critic’s prediction error signal, with a winner-take-all rule ensuring only one
action was chosen at any given time. While this model could solve complex be-
havioral tasks (Suri and Schultz, 1998, 1999), the authors did not align the critic
with the known basal ganglia architecture and made arbitrary modifications to
the TD algorithm to incorporate novelty responses, generalization responses, and
temporal reward prediction aspects, rather than pursuing a biologically plausible
implementation as attempted by Contreras-Vidal and Schultz (1999).

Houk et al. (1995b) proposed one of the earliest actor-critic models of the basal
ganglia (Joel et al., 2002). Their model places striosomal modules, composed of
striatal striosomes, STN, and dopaminergic neurons in the SNc, in the critic’s role,
while matrix modules perform as the actor. Three critical sources of input con-
tribute to the firing patterns of DA neurons: two from the striatal striosomes and
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one from the lateral hypothalamus. One striosomal input offers prolonged inhibi-
tion directly to the SNe¢, while the other, via the STN, provides phasic excitation.
The hypothalamic input is excitatory and conveys information about primary re-
wards. Through dopamine-dependent strengthening of corticostriatal synapses,
striatal striosomal neurons learn to fire in response to stimuli predicting future re-
inforcement. Once learned, a reward-predicting stimulus triggers a DA burst, with
expected rewards not causing a DA response due to striosomal inhibition canceling
hypothalamic excitation.

However, the model lacks a precise timing mechanism and fails to explain the
timed depression of DA activity when an expected reward is omitted. Later mod-
els, using the 'complete serial compound stimulus’ representation (Montague et al.,
1996), addressed this issue by enabling the learning rule to select appropriate tem-
poral representations corresponding to the stimulus-reward interval. In terms of
the actor, Houk et al. (1995a) describes the implementation within the basal gan-
glia circuitry, assigning this role to matrix modules, which consist of the striatal
matrix, subthalamic nucleus, globus pallidus, thalamus, and frontal cortex. They
suggest that these modules either command actions or generate plans that or-
ganize other systems to produce actual command signals, possibly signaling the
occurrence of significant contexts from a sensory perspective.

Suri and Schultz (1999) built upon (Barto, 1995) the basic actor-critic model by
providing a neural representation of the actor and altering the Temporal Difference
(TD) algorithm to simulate the timed depression of Dopamine (DA) activity during
omitted rewards. In their model, each stimulus was depicted by a neuron set,
each active for varying time intervals, enabling the replication of DA neuron firing
patterns to reward-related stimuli (Suri and Schultz, 1998). The actor, comprising
a single neuron layer representing specific actions, learned stimulus-action pairs
from the critic’s prediction error signal, with a winner-take-all rule ensuring only
one action was chosen at any given time. While this model could solve complex
behavioral tasks (Suri and Schultz, 1998, 1999), the authors did not align the critic
with the known basal ganglia architecture and made arbitrary modifications to
the TD algorithm to incorporate novelty responses, generalization responses, and
temporal reward prediction aspects, rather than pursuing a biologically plausible
implementation as attempted by (Contreras-Vidal and Schultz, 1999).

The implementation by Contreras-Vidal and Schultz (1999) was based on a neu-
ral network model aligned with basal ganglia anatomy that handled DA responses
to stimuli, but also incorporated an additional adaptive resonance network devel-
oped by. In this model, two types of reward prediction errors, one related to timing
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(TD model) and the other coding for the type and amount of reward (adaptive
resonance network) were defined. Unlike the Suri and Schultz (1998) model of
prolonged, variable-duration activity, their model activates striosomal neurons se-
quentially for a limited duration post-stimulus. In this model, learning strengthens
striatonigral instead of corticostriatal synapses, something that has not been veri-
fied experimentally (Joel et al., 2002). The striatonigral synapses that are active
during primary reward delivery, and post-learning, striosomes’ timed inhibition
would cancel the excitation of DA neurons by predicted rewards. In contrast to
(Barto, 1995) critic-based models, excitation and inhibition sources to DA neu-
rons are distinct, with phasic DA responses to reward-predicting stimuli arising
from the PFC, communicated via the striatal matrix and SNr. This multi-RPE
approach was also taken by Brown et al. (1999), where they hypothesized that the
rapid response to conditioned stimuli and delayed, adaptive inhibition of rewarding
unconditioned stimuli relies on distinct anatomical pathways.

Suri et al. (2001) expanded on the actor-critic model from Suri and Schultz
(1998, 1999), integrating an extended Temporal Difference (TD) model, a basal
ganglia-thalamocortical circuitry-based actor and intricate critic-actor interactions.
Each striatal layer model neuron corresponds to a small population of striatal ma-
trix neurons, capable of initiating an action. The selection of a singular action
depends on direct and indirect pathway interactions connecting the striatum to
the basal ganglia output nuclei, along with a winner-take-all rule at the cortical
level.

The model incorporates long-term adaptation of corticostriatal transmission,
and transient effects on striatal neurons’ firing rates and up/down-state durations.
The critic receives sensory and reward information, matching the previously men-
tioned corticostriatal functional hypothesis (1.2.3), as well as intended and actual
action data from the thalamic and cortical levels of the actor (1.2.4), enabling the
learning of stimulus-reward and action-stimulus associations.

The model demonstrated sensorimotor learning and planning capabilities, form-
ing novel associative chains and selecting actions based on these chains’ predicted
outcomes. This planning ability depends on future stimuli predictions and intended
action information as input to the critic. The novelty responses of DA neurons,
promoting exploration behavior, are modeled through optimistic initial weights for
novel stimuli. Exploratory behavior also stems from stochastic transitions between
striatal neurons’ up and down states.

Concluding this overview one might note that most of the underlying actor-
critic architectures anchor themselves on the anatomical evidence of some critic

43



network that could exist in the connections of striatal striosomes with the DA
system with the functional role of the remaining nuclei not being taken into con-
sideration. Besides this, the functional role of the direct and indirect pathways
expressed by the DIR and D2R MSNs is not clearly defined. One possibility for
the actor component is defined in (Suri and Schultz, 1999) but it also doesn’t ex-
press the distinct role of these pathways. We shall now dive into the specific class
of models that have taken the direct/indirect pathways in consideration, as well
as work that attempts to define a set of learning rules that process positive and
negative rewards via different channels.

1.3.4 Encoding opponent reinforcement pathways

Dopamine plays a substantial role in decision-making, motivation, incentive, and
effort, as numerous studies indicate that animals with heightened dopamine levels
exert more effort for identical rewards (Berridge, 2012; Smith et al., 2011; Beeler
et al., 2010; Salamone et al., 2005). The relationship between dopamine’s effects
on incentive and performance and reinforcement learning is contentious, with some
suggesting reinterpretation in terms of incentive salience (Berridge, 2012) and oth-
ers demonstrating learning effects, like reward-based choice preferences predicted
by striatal responses to reward prediction errors during learning, modulated by
dopaminergic manipulation (Jocham et al., 2011).

Most models of learning define a single value for each action, which is either
incremented or decremented by dopamine-encoded reward prediction errors. This
facilitates choice among different actions by comparing their current values, with
higher valued actions more likely to be selected (Frank et al., 2007; Jocham et al.,
2011; McClure et al., 2003; O’Doherty et al., 2004; Pessiglione et al., 2006; Same-
jima et al., 2005; Schonberg et al., 2007). However, these models can’t fully explain
the modulatory influence of dopamine on incentive choice or the asymmetric ef-
fects of dopamine on learning from positive versus negative outcomes (Berridge,
2012; Salamone et al., 2005). They also struggle to reconcile the findings that mo-
tor symptoms of Parkinson’s disease can progress without further dopaminergic
degeneration (Beeler et al., 2012).

Other models, which focus more on vigor, propose that tonic dopamine mod-
ulates response vigor to optimize for reward or avoid punishment per unit time
(Niv et al., 2007). However, these models only address effects on vigor (e.g., re-
sponse execution speed or effort), not on choices between actions with different
valences/incentives. Also, they mainly consider the effects of increased dopamine
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signaling, without examining cases where dopamine depletion might enhance per-
formance.

Neurobiology and neural network models paint a more complex picture, sug-
gesting a more intricate dual-opponent system for action and learning. As we've
seen in Section 1.2, dopamine modulates activity and plasticity in two distinct
populations of striatal MSNs that project to different basal ganglia output nu-
clei. Striatal MSNs in the direct (striatonigral) pathway predominantly express
dopamine D1 receptors, facilitating actions, while those in the indirect (striatopal-
lidal) pathway predominantly express dopamine D2 receptors, suppressing actions
(Kravitz et al., 2010).

One particularly relevant model that takes this differential encoding into con-
sideration is the Opponent Actor Learning (OpAL) model by Collins and Frank
(2014). The model aims to describe dopamine’s incentive, learning, and interaction
effects using a simple parameterization. By utilizing variables that correlate with
biologically interpretable measures like tonic or phasic dopamine level, D1 and
D2-expressing striatal neuronal activity, synaptic strengths, and synaptic plastic-
ity, the model was able to achieve a level of biophysical realism regarding these
neural populations that was not present in previous models. This model hypoth-
esizes that these pathways are not merely encoding a go or no-go message, but
instead aggregate evidence in favor or against each action (Collins and Frank,
2014). The final choice is determined by the relative differences in evidence for
each action, via competition throughout the corticostriatal circuit.

The model is defined through an actor-critic architecture, which associates the
critic (as defined in eq. 1.4) to the ventral striatum and makes the classical as-
sumption that phasic signals of dopamine convey the critic prediction error (Dayan
and Daw, 2008; Montague et al., 1996; Roesch et al., 2007) and the actors to their
corresponding D1 and D2 populations, being associated to corticostriatal synaptic
weights. This split is done by splitting the corresponding action values into two
oppositely signed RPE-dependent functions. The update equations for the actors
are given by

{AG(St7 at) < AG(St, at) + OCGAAG(St7 at)(St (1 28)

AN(St, at) <— AN(St, at) — O[]\[AA]V(St7 at)ét

with A%, AV the Go and NoGo action preferences and o, oy their correspond-
ing learning rates. These two state-action values capture the notion that dopamine
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has opposite effects on plasticity via stimulation of D1 and D2 receptors still allow-
ing each population to undergo potentiation and depression. The multiplicative
factor on the learning rate captures the three-factor Hebbian rule, where learning
depends on pre-synaptic activation (from cortex, the stimulus and action), post-
synaptic activation in striatum (proportional to the actor weight), and dopamine
(Reynolds et al., 2001).

Optogenetic studies (Tai et al., 2012) have shown that the values of specific
actions can be amplified or inhibited by stimulating D1 or D2 MSNs during the
choice period. Stimulation of D1 MSNs in one hemisphere increased the likeli-
hood of opting for the contralateral action, enhancing its value rather than simply
spurring motor response. The level of stimulation required varied depending on the
existing learned value of the action. Interestingly, stimulating D2 MSNs had the
opposite effect, effectively decreasing the action’s value. Thus, D1 and D2 stim-
ulation at the time of choice respectively created additive positive and negative
impacts on the action’s estimated value.

Collins and Frank (2014) model the effect of optogenetic perturbations by
slightly altering the learning rules, which now have an added perturbation term,
specifically

{AG(st, a) < AC(sp, ar) + agAC (s, ay)[5; + OF] (1.29)

AN(St, at) — AN(St, Clt) - O[NAN(St, at)[(st - ON}

where O%, OV are the optogenetic perturbation weights. In either case, the
actions are selected via a softmax of the sum of these two action preferences defined
in eq. 1.27, i.e.

AT(St, at) = ﬁGAG(St,at) — ﬁNAN(St7 G/t). (130)

The OpAL model was shown to account for learned choice biases and the impact
of dopaminergic manipulation on these biases. It also encapsulated the interplay
between performance and learning, validated by empirical data from the rotarod
motor skill learning task. The model made novel predictions for reward-based
decision-making, highlighting stronger incentive effects when choices were made
under the same dopaminergic state as during learning. The model also suggested
that learning and incentive effects could jointly influence effort-based decision-
making, with their relative impacts depending on the overall effort required.
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A question remains: What could be the utility of this split reward and punish-
ment processing?

Relatively recent approaches have also used this idea to try to understand
higher-level questions regarding cognitive function and the interlinkage between
uncertainty and the valence of stimuli. (Anderson et al., 2019) propose that the
uncertainty influences affective states by prompting the mental simulation of pos-
sible future outcomes, thus allowing for the construction of contextually depen-
dent representations that might fine-tune the exploration of novel environments.
(Lowe and Ziemke, 2013) explore this relationship through a reinforcement learn-
ing algorithm utilizing separate representations of reward and punishment. Their
approach, based on DYNA-SARSA and policy evolution via genetic algorithms,
was shown to allow for adaptive affective context-sensitive behaviors.

Okada et al. (2001) introduce a two-dimensional evaluation reinforcement learn-
ing technique that distinguishes between reward and punishment evaluation. Their
approach uses the difference between these evaluations for action selection and their
sum for adjusting the exploration-exploitation ratio, providing a novel means to
manage the tradeoff between these crucial aspects of reinforcement learning.

This exploration of reward-punishment dynamics finds practical applications in
robotics. (Navarro-Guerrero et al., 2017) explore the use of negative reinforcement
signals in robot motor learning by showing that nociception can drive learning,
expanding the state space and reducing task errors. On the other hand, they also
suggest that punishment may be detrimental to performance if used as typically
within reinforcement learning applications.

Lastly, (Elfwing and Seymour, 2017) presents an alternative approach to the
conventional binary system of reward and punishment in reinforcement learning
systems. They introduce the MaxPain algorithm, which also predicts rewards
and punishments in parallel. They demonstrate this approach can promote safer
behavior and improve early exploration and learning in reinforcement learning
systems across a set of grid world environments.

The parallel evaluation of positive and negative reward information seems to
increase the subtlety with which agents explore environments. It’s thus quite pos-
sible that the D1/D2 system evolved for that reason as well; that of generating
more detailed distributions of different valence spectra, separating positive and
negative regions into different encodings. Given that there’s a fundamental asym-
metry in terms of the frequency of positive vs negative rewards (with negative
rewards being much more common than positive ones), organisms should have a
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broader representation for negative stimuli and a more precise one for positive sig-
nals. This is somewhat mirrored by biology, as the connectivity patterns between
striato-pallidal neurons show convergent and sparse projections and are thus hy-
pothesized to carry action-specific information, and subthalamic projections to BG
output nuclei are denser and relatively more diffuse Hazrati et al. (1990). In other
words, while general spatial convergence is found, inhibition of motor programs is
thought to be broader and more diffuse while excitation appears more focused in
relative terms.

1.4 Opening the gates

As we’ve now presented the basic building blocks of the core work done in this
thesis, we can outline the following chapters, which will be structured as follows:

e Chapter 2: We'll present the main experimental findings present in Cruz
et al. (2022).

e Chapter 3: We'll construct a reinforcement learning model of the direct
and indirect pathways within the context of the experiments in Chapter 2,
carefully going through the reasoning and choices made.

e Chapter 4: We'll close the modeling work by proposing a potential mecha-
nism for one of the crucial components of the model.

e Chapter 5: To finalize, we’ll present a brief discussion of what all this might
entail for the field, as well as list the multiple research avenues that might
have been opened through the work presented in this thesis.
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Chapter 2

Action suppression reveals
opponent parallel control via
striatal circuits

2.1 Introduction

The idea, presented in section 1.2.1, that the direct and indirect pathways function-
ally oppose each other has been a recurring hypothesis in the field. As mentioned
earlier, this assumption is supported by anatomical (Smith et al., 1998) and ex-
perimental (Deniau and Chevalier, 1985; Kravitz et al., 2010; Freeze et al., 2013)
findings that suggest a rapid enhancement of the BG output neurons’ activity when
iMSNs are activated and the rapid suppression when dMSNs are activated.

This opposite effect is also observed at the behavioral level in relation to lo-
comotion, motor sequence production, reinforcement, and value-based decisions
(Kravitz et al., 2010, 2012; Roseberry et al., 2016; Sippy et al., 2015; Tai et al.,
2012; Tecuapetla et al., 2016; Yttri and Dudman, 2016). However, the observed
co-activation of both dMSNs and iMSNs during action production has raised ques-
tions against the functional opposition hypothesis (Cui et al., 2013; Tecuapetla
et al., 2014; Cox and Witten, 2019).

An enduring and potentially reconciling viewpoint proposes that these path-
ways might contribute competitively to the selection of actions (Denny-Brown
and Yanagisawa, 1976; Mink, 1996; Redgrave et al., 1999). This theory suggests
that action selection involves a combined effort of motor program promotion by
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the direct pathway and suppression by the indirect pathway. These operations
could justify the observed co-activation, even in an antagonistic setting, while also
predicting that action suppression would lead to large-scale decorrelation or even
anti-correlation between the two pathways. The iMSNs activity would heighten to
suppress action, while dMSNs activity would be reduced until action is resumed.

We tested this hypothesis through a variant of an interval categorization task
(Gouvea et al., 2015; Soares et al., 2016) which required continuous action suppres-
sion. Using fiber photometry and electrophysiology, dMSNs and iMSNs activity in
mice’s DLS was recorded!.

b
LU stimuli
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Trial Initiation e:ﬂgh : O%Q I 1_ Centernose port
p 1.28 1 _ T choicetime
ORO) Time e e |
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[l Reward/Error tone

—— > Timein trial

“Long” Trial

a “Short" Trial

“Broken Fixation’| 50 &

Figure 2.1: Task (a) and event (b) diagram. Subjects self-initiate each trial in
a center nose port. After a variable delay, a second tone is played, and they are
asked to categorize the presented interval as short or long by responding in one of
two side ports. Between the two tones subjects are required to maintain position
in the center port - ”fixation”.

The results revealed functional opponency during action suppression, distinct
from the usual phasic activation observed during action production, with iMSNs
showing a stronger engagement and dMSNs showing an anticorrelated activity
profile. In order to understand the functional properties of these pathways, opto-
genetics experiments were also performed. Surprisingly, the results showed DLS
circuits were not significantly involved in action promotion but primarily in action
suppression.

Based on the known parallel circuit architecture of the BG (Alexander and
Crutcher, 1990), we postulated that the suppressive function seen in DLS might

LAll animal experiments and underlying data analysis and figures in this section were con-
ducted by Bruno Cruz (Cruz et al., 2022) and adapted from (Cruz et al., 2022)
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be a result of an action-promoting policy learned elsewhere in the striatum, a
hypothesis that we will explore with more detail in chapter 3.

We shall, in the following chapter, go through the main experimental results
that were the main anchor for the modeling work done in this thesis, outlining the
main elements that were deemed as relevant for the model itself.

2.2 Mice show structured breaking fixation pat-
terns

One of the ways in which one could unveil mechanisms of suppression is by studying
in a detailed manner when that suppression fails. We did that by training mice in
a modified version of a two-alternative time interval categorization task developed
earlier (Gouvea et al., 2015; Soares et al., 2016). The task involved mice self-
initiating a trial by inserting their snout into a centrally located initiation nose port,
which triggered a brief auditory tone. The mice were then required to maintain
their position in the initiation port until a second auditory tone was presented
after a random delay, ranging from 0.6s to 2.4s, as can be seen in figure 2.2

Once the second tone was delivered, the mice could then select either of the
two choice ports situated at an equal distance from the initiation port. Rewards
were provided based on the timing of their choice: choosing the ’short’ side if the
interval was less than 1.5s, and the ’long’ side if the interval was more than 1.5s.
Mice not only successfully learned to categorize the intervals, but did so with high
accuracy for the intervals that were significantly shorter or longer than the decision
boundary, drawing an expected performance psychometric curve, also exposed in
figure 2.2.
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Figure 2.2: a) top: Psychometric fit to the performance of each mouse that underwent
photometric recordings (n=14, light gray) and the logistic fit to the overall average
performance across mice (black). bottom: Reward expectancy calculated from the
overall performance of animals on a given stimuli (blue trace depicts the rectified
psychometric fit at 1.5s) b) Animal’s head speed as a function of time, aligned on
trial initiation, for a single random session of each mouse that underwent photometric
recordings, during trials wherein the longest interval (2.4 seconds) was delivered and
a correct choice performed. Gray, mean of individual animals; black, average of all
mice (n=14). Shaded region highlights period of immobility (0.6s to 2.4s post-trial
initiation). c¢) Probability density functions of broken fixations over time during the
immobility period (0.6s to 2.4s), contingent on subsequent choice of one of the side
ports. d) Average overall pseudo-performance of all animals used in the photometric
recordings calculated from broken fixation trials. To calculate the performance in
broken fixation trials, we binned the times at which animals aborted the trial and
calculated the proportion of reports at the long choice port over all reports. Inset
depicts single animal probability of choosing long as a function of breaking fixation
before (< 1.5s) or after (> 1.5s) the decision boundary



As we can see in Figure 2.2a, each trial showed a typified pattern of movement;
there was an increase in movement speed leading up to trial initiation, followed
by a short period of postural adjustment before a period of immobility until the
second tone was played. After the second tone, movement speed increased again
as the animals made their choices. If the mice failed to maintain their position in
the initiation port until the second tone, thus breaking the fixation, an error tone
would sound, terminating the trial.

Interestingly, even after breaking fixation and aborting the trial, the animals
often chose a port (Figure 2.2c). These choices exhibited a similar timeline and
trajectory to valid choices, which resulted in a very similar psychometric curve
as the one obtained through valid choices. Furthermore, these were mostly ’ap-
propriate,” leaning towards the ’short’ choice port when breaking early and the
long’ port when breaking late. This pattern seems to reflect the overall reward
associated with the two choices over time, rather than the likelihood of the second
tone’s occurrence.
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Figure 2.3: a) Schematic of labeling convention, the three large circles represent
the three nose ports present in the behavioral task apparatus. The filled gray circle
represents the trial initiation port, while the open circles represent the two choice
ports. b) Hazard rate of broken fixations trials (see methods) wherein animals
subsequently made a choice at the port corresponding to a short (green, right) or
long (purple, left) choice. Error bars/boxes represent s.e.m.

This can also be seen through the hazard rate (Figure 2.3b), which gives us

the probability of breaking fixation at a given time point ¢ given that it has not
been broken up until then. We see also a clear difference between the contra-side
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normalized hazards, with a slight bump in the first half of the delay period and a
sharp increase for the contra-right side post-second half.

We obtain these distributions via

_ B(k)
ST BG) + Y CO)

where B(k) is the number of broken fixation trials that occurred between ¢ and
t + At and Z;‘,F:k B(j) the sum of all broken fixations that occurred in the time
greater or equal to t, up until the longest possible interval T (2.4s) and Z]T:k C(y)
the sum of all completed trials that occurred from time ¢ until T, and fit the
psychometric functions with a 4-parameter logistic function

H(k) <k <t+ At (2.1)

z—=b
Plr)=(u—1)—" 41 (2.2)
1+es

where P is the performance of the animal on interval x, v and [ the upper and
lower asymptote of the curve, respectively, b the bias parameter and s the slope
parameter.

2.3 Opposing dynamics between direct and indi-
rect pathway activity

In order to understand in more detail the mechanics of this breaking fixation
behavior, the large-scale activity of the direct and indirect pathways were probed.
The direct and indirect pathway activity was recorded in the DLS while the mice
were performing the task. This was achieved by merging mouse lines that expressed
Cre recombinase in either dMSNs or iMSNs with cre-dependent viral expression of
the calcium indicator GCaMP6f. Fiber photometry was then employed to access
the pooled activity of a local population of dMSNs or iMSNs in the DLS.

The activity patterns during the trial were then examined by combining neu-
ronal activity in both hemispheres. Sharp increases in activity in both dMSNs and
iMSNs were observed during task epochs when mice were required to take action.
However, distinct differences in activity were found during the delay period, when
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Figure 2.4: a) Averaged normalized activity recorded from the hemisphere contra-
lateral to a long (left panel) or short choice (right panel) port (z-scored) across all
iMSN (red) and dMSN (blue) mice. Only correct completed trials were included.b)
Average of all pairwise differences in immobility period activity of dMSNs and iM-
SNs between the two hemispheres, subtracting activity recorded in hemispheres
contralateral to the "long” choice port from activity recorded in hemispheres con-
tralateral to the ”short” choice port (i.e., CL activity - CS activity).
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animals needed to suppress action. We observed that the activity of iMSNs was
found to be significantly higher than dMSN activity (Figure 2.4a).

These patterns of activity were further confirmed by recording single units elec-
trophysiologically from DLS and optogenetically photo-identifying iMSNs. Various
patterns of responses were noted in both photo-identified and non-photo-identified
putative MSNs. Consistent with photometry, the photo-identified iMSN popula-
tion was significantly enriched for cells displaying increased activity during action
suppression.

Lastly, pathway-specific activity was observed in the two hemispheres over time,
which suggests that DLS iMSNs are engaged to dynamically suppress the tempta-
tion to act. Significant downward deviations in the rate of change of photometric
signal in iMSNs preceding broken fixations as compared to time-matched control
periods were detected. This may reflect the contribution of two subpopulations of
iMSNs. The findings show that transient disruption of iMSN activity, as assessed
both using photometry and electrophysiology, was associated with the failure to
successfully suppress action.

2.4 Optogenetic inhibition experiments

Finally, in order to understand the role that each of these pathways played during
the action suppression period, optogenetic experiments were undertaken. Optical
fibers were implanted in the dorsolateral striatum. Cre lines used previously to
label MSNs were combined with Cre-dependent viral expression of light-activated
proton pump ArchT or ChR2, thus enabling inhibition or activation of iMSN or
dMSN activity. The effect of photoinhibition on neuronal firing was first charac-
terized through extracellular electrophysiological recordings from striatal neurons
during a quiet awake state. Rapid and sustained inhibition of putative MSN firing
was exclusively produced by illumination of striatal tissue in both iMSN-ArchT
and dMSN-ArchT mice, with no evidence found for disinhibition of non-targeted
MSNss.

In contrast, excitation mediated by ChR2 resulted in robust activation of MSNs
but also sustained inhibition in 10-20 % of putative MSNs. In order to examine the
behavioral effects of optogenetic inhibition during the task, focus was shifted from
activation, as it appeared to mix both activation and inhibition, potentially across
the two MSN types, complicating the interpretability of activation experiments
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Figure 2.5: Overall probability of breaking fixation during iMSN (a) or dMSN (b)
inhibition experiments. Colored and black dots represent data from laser-on and
laser-off trials, respectively. ”Bilateral” condition represents data from sessions
wherein light was delivered bilaterally to the DLS.

concerning the role of specific cell types in the striatum. The light was subsequently
delivered to the fiber(s) on a random minority of trials.

A near-complete inability of mice to suppress movement during interval pre-
sentation overall was found when iMSNs were inhibited bilaterally. In contrast, no
significant effect was observed on levels of broken fixation during equivalent trial
epochs by bilateral inhibition of dMSNs. An analysis of movements during the
ramping off of light stimulation showed a significant increase in choice time during
broken fixation trials, but only when dMSNs were inhibited.
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Figure 2.6: a) Hazard rate of breaking fixation over all included trials of a given
condition, for control (black outline) and manipulated trials at the hemisphere contra-
lateral to a short (green) or long (purple) choice port in A2a-Cre animals. b) Change
in probability (AP = Puaniputation — Poontro) due to inhibition of the CS (green)
or CL (purple) relative to session matched control trials. c) Quantification of the
effect shown in b). We calculated the hazard of breaking fixation during the period
where the choice contralateral to the site of inhibition would be correct or incorrect
(before/after 1.5s and after/before 1.5 for CS and CL, respectively). Data shown
are the differences between session matched controls and manipulations. Each pair of
points depicts data from the same hemisphere and the color the site of manipulation.



Furthermore, a necessity for DLS dMSN activity was specifically observed for
movement invigoration shortly before movement initiation. However, no effects
were noticed on choice times during valid trials or in experiments where inhibition
was applied during the execution of the choice movement. An increased likelihood
of mice breaking fixation early or late was observed when iMSNs contralateral to
the "short” or ”long” choice were inhibited, respectively. This reflected a striking
correlation with the pattern of hemispheric dominance observed in iMSN neural
activity.
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Figure 2.7: a) Hazard rate of breaking fixation over all included trials of a given con-
dition, for control (black outline) and manipulated trials at the hemisphere contra-
lateral to a short (green) or long (purple) choice port in D1-Cre animals. b) Change
in probability (AP = Pujaniputation — Poontror) due to inhibition of the CS (green) or
CL (purple) relative to session matched control trials. c¢) Quantification of the ef-
fect shown in b). We calculated the hazard of breaking fixation during the period
where the choice contralateral to the site of inhibition would be correct or incorrect
(before/after 1.5s and after/before 1.5s for CS and CL, respectively). Data shown
are the differences between session matched controls and manipulations. Each pair
of points depicts data from the same hemisphere and the color the site of manipula-
tion. (contralateral-correct: one-sample t-test, P = 0.711,¢;1 = 0.38, contralateral-
incorrect: P = 0.211,¢11 = 1.329, N = 12 Hemispheres). Error bars represent s.e.m..
n.s. P >0.05.



Lastly, when iMSNs were inhibited unilaterally, a consistent increase was no-
ticed in the probability that an animal would execute a choice to the port contralat-
eral to the site of iMSN inhibition. Notably, no consistent difference was identified
in the trajectory compared to choice movements performed without iMSN inhibi-
tion. No significant effect was observed by the unilateral inhibition of DLS dMSN
on lateralized choice behavior after broken fixations, nor when dMSN inhibition
was applied during the execution of the choice movement. Collectively, these data
demonstrate the dynamic engagement of the indirect pathway in the DLS of a given
hemisphere in suppressing contralateral movements, contributing to determining
which action is selected for execution.

We shall use the aforementioned constellation of results as the basis for the
model that will be developed in the following chapter, in order to understand,
at least mechanistically, the underlying functional relationships between these cir-
cuits.
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Figure 2.8: Change in probability of registering a choice at the port contralateral to
the hemisphere manipulated, after breaking fixation (AP = Paraniputation — Pcontrols
in A2a-Cre (a), one-sample t-test, P < 0.001,¢; = 6.605, N = 8 hemispheres) or
D1-Cre animals (b),P = 0.428,¢;1 = —0.824, N = 12 hemispheres). Error bars
represent s.e.m.. n.s. P > 0.05. % %% P < 0.001
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2.5 Discussion

Animals were trained in a time interval categorization task wherein the relative
importance of left versus right movements varied over time. This unique setup
allowed us to observe and study the specific neuronal populations that become
active in both suppression and promotion of actions, showing a clear functional
opponency between the two major pathways present in the BG (Schwarting and
Huston, 1996; Kravitz et al., 2010).

We observed functional opponency between direct and indirect pathway neu-
rons during a state of voluntary movement suppression. This suppressive state was
characterized by the proactive suppression of actions, meaning that it was carried
out in anticipation of an external stimulus, rather than in response to it. Besides
this, when animals failed to perform such suppression, their breaking fixation dis-
tributions showed the actual reward structure of the task, indicating a potential
latent model or plan that could be suppressed.

During this state, we noticed an overall higher level of activity in the iMSNs sit-
uated contralaterally to the direction of the movement that should be performed,
compared to their ipsilateral counterparts, a result that is consistent with func-
tional magnetic resonance imaging data in humans and electrophysiological data
in non-human primates (Majid et al., 2013; Watanabe and Munoz, 2010; Ford and
Everling, 2009; Amita and Hikosaka, 2019).

Importantly, we observed that even though both populations of iMSNs and
dMSNs were co-active during the suppression, as shown in (Cui et al., 2013),
that iMSNs were necessary for the suppression to take place whilst dMSNs were
not necessary. This highlights a distinct role of iMSNs and dMSNs in motor
functions that extend beyond mere proactive action suppression (Kravitz et al.,
2010; Tecuapetla et al., 2014; Markowitz et al., 2018).

Finally, a set of optogenetic experiments that inhibited iMSNs did not result in
less vigorous movements. Rather, it disrupted the suppression of actions. Specif-
ically, this inhibition seemed to disrupt the overall suppression of actions enacted
by body parts on the side contralateral to the hemisphere. This suggests a degree
of action specificity in iMSN function, with pathways more active on the contralat-
eral side during movement (Albin et al., 1989; Parker et al., 2018). Conversely,
inhibiting the activity of DLS dMSNs slowed down movements. This finding is
consistent with previous studies, underscoring the vital role dMSNs play in invig-
orating movement (Panigrahi et al., 2015).
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In order to make sense of the constellation of results shown, we’ll develop a com-
putational model in the next chapter that will aim at reproducing the behavioral,
neuronal recordings and optogenetic experimental data, to unveil a potential global
set of mechanisms that might be responsible for the production and suppression
of behavior in the BG.
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Chapter 3

Multi-agent actor-critic model of
basal ganglia suppression

3.1 Introduction

Given the experimental results shown in the previous section, our goal will be
to build a computational model that attempts to explain the neural mechanisms
underlying interval the behavioral and neurophysiological dynamics ongoing in this
temporal discrimination task. In order to provide maximal clarity as to how the
model works we will build each one of its components and show their underlying
mechanics so that the full model becomes intuitive.

As a historical note, the development of this model was anchored in a set of
fundamental questions that now lay bare what we didn’t fully understand about
this system. In the process of designing the model the questions that guide it were
the following;:

1. How can one explain and reproduce the co-activation of both pathways during
action onset?

2. How can one explain the dynamics of both pathways during the delay period?

3. How are the dynamics of these pathways related with the underlying breaking
fixation behavior?

4. How can one explain the effect of the optogenetic inhibition experiments per-
formed in both pathways?
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In order to answer these questions we will start by building an equivalent MDP
to the task that is solved by mice, aiming at modelling the most relevant com-
ponents of their behavior. Then, we will delve into the details of how direct and
indirect pathway plasticity can be modeled and their respective contributions to
learning.

With these components we built an actor-critic model that is able to contain
representations analogous to those of DLS iMSNs and dMSNs, using that informa-
tion to shape a policy that allows it to fully solve the IDT, based on the intuitions
of a potential functional role of the indirect pathway in suppressing movement.
We will show that a single two-pathway actor-critic agent is insufficient to explain
the data, which leads us to introduce a multi-agent architecture. In this architec-
ture, we will introduce a new agent containing a different and more abstract state
representation.

This will allow us to model the opponent dynamics between the direct and
indirect pathways and the predictions that the model gives as to what would be
the response to optogenetic perturbations in the two different agents. To finalize
we’ll compare how these perturbations relate to actual optogenetic experiments
done in mice in two regions of the striatum.

3.2 Modeling components

3.2.1 Task representation

In the Interval Discrimination Task (IDT) (Gouvea et al., 2015; Motiwala et al.,
2022), animals begin a trial by choosing a central nose port and receiving an onset
tone that demarcates the beginning of the trial. After this tone they need to
voluntarily suppress movement until a second offset tone is delivered and a reward
is available at the corresponding short or long nose-port. The length of this delay
period between tones is sampled randomly from a set of different intervals and the
trial identity is given by the relative position of the tone to the decision boundary;
short intervals for second tones before the decision boundary and long intervals for
second tones after that boundary.

The animal’s behavior in the task and the underlying neural activities of neu-
rons of the striatal populations was modeled as a Reinforcement Learning (RL)
problem. RL models require the definition of a Markov Decision Process (MDP)
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(Sutton et al., 1998) which consists of a set of states e C E € N of the environ-
ment, a set of actions a € A and a transition matrix P(e; 1, ¢|es, a;) that gives
us the probability of moving to a new state e;y; and receiving a reward r; after
performing action a;, with t € Z.

tone ocurrence

SP = [ action taken
sre DI TTTTTT] B terminal state

A6 Ti

Figure 3.1: Basic scheme of the Interval Discrimination Task with an example
trajectory.

We model the discrimination task by considering a linearly evolving variable
6 € R representing the passage of time in milliseconds (ms) since the onset of
a trial. This variable is constrained to the interval § € [0p,0;] € RT where 6,
is the interval onset, where animals are already at the center port and 6; the
time point at which, if not action is taken a timeout is produced and the trial
is over. We discretize this interval into a set of Ny bins of duration Af = %
(in milliseconds). The environment transitions P(e;i1le, a;) are defined as an
off-diagonal transition matrix were for each true time state e; = t we move to

err1 =t + 1 and where the corresponding true time is given by 6 = tA#6.

In each trial, the second tone is defined in a set of temporal markers 7; € R
all defined in the range [0, 0] and given by the values [0.6, 1.05, 1.26, 1.38, 1.62,
1.74, 1.95, 2.4] s which will signal to the agents the occurrence of the second tone
(interval offset) on a given trial ¢ at real time ¢ identified by the true time state e;.

At each e; the environment will accept one of 3 actions; choice of the short
port (a = S), choice the long port (a = L) or perform no action, which we define
as a HOLD action (a = H). If no action other than H is performed during the
delay period and the correct choice is made after the tone, the agents will receive
a reward. If the incorrect action is performed in the choice period or if an action
other than H is performed during the delay period then a punishment is delivered,
with both reward and punishment being defined as {r;",7; } € R respectively.
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3.2.2 Internal state representation

In order to model the passage of time from the perspective of an organism, we
need to create a state representation for an artificial agent that has similar enough
mechanics to those of the model organism under study. One crucial aspect of
temporal perception that we take into account is that animals also seem to show
scalar variability in temporal perception of elapsed time. This scalar variability
is seen in linear relationship between the variance in the estimate of time elapsed
and the time since a given event (Gibbon, 1977; Gouvea et al., 2015).

We model this by considering that the agents do not have direct access to the
"true time” state e; but instead rely on an internal estimate of elapsed time given
by another set of states. This mapping is performed by a function K : E — S that
goes from the experimenter’s clock e, € E to the time as felt from an observer,
defined as s; € S = [0, ..., Ng] € Z, where Nk is the total number of states. The
function K also maps the occurence of a tone event within the internal temporal
estimate by creating two possible sets of states; post 1st tone states (or pre 2nd-
tone states) and post 2nd tone states i.e. the states are split into two subsets

Spre C {07 fﬂ € Z,if e < 1
S — (3.1)
Spost C {@k ...,NK] €Zif e, >
with the transition between these two sets triggered by the occurrence of a tone
at time 7;, where 7 is the index of the second-tone event.

This distinction between the sets {SP¢, SP°'} is what allows the agent to cor-
rectly discern in which states it should perform an action or remain ”still” through
the HOLD action. This can be made clear by the fact that if we only had states rep-
resenting time after first-tone and did not perform this split into post second-tone
states, one state would potentially signify both the correct and incorrect temporal
region for an action to be performed, which would not allow for informative reward
signals regarding the correct actions to reach the agent.

This internal estimate was constructed so as to produce scalar variability in
temporal estimates around the true time. To achieve this, we define a central
dwell time g that corresponds to a sequence of states that accurately follows the
elapsed time from the experimentalist’s viewpoint; that is, true time. We then draw
the dwell times at each trial from a gaussian distribution given by A ~ N (u, o),
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Figure 3.2: Representation of how temporal variability is generated in the model.
On panel A we show how different trajectories stemming from different dwell times
Af#¢ emerge and how after each tone {71, 73} there’s a transition from SP"¢ to SPost.
In Panel B we see how the dwell time relates with the experimenter’s time e, = ¢.

with the variance of the distribution ¢ defining the range of potential dwell times
for a given agent.

The variable Af¢ represents the dwell time for the current trial 4, becoming
discretized in a number of ‘true time’ states, e; that elapse in a single internal
state s;, and is responsible for the scalar variability of internal time estimates
expressed by the model across trials. Because the effect of trial to trial dwell time
variability accumulates as the model progresses through states, internal variability
in time estimates grows in aggregate as true time elapses.

The mapping K contains the transition dynamics between pre and post-second
tone, as it is defined in the the full set of states K : {0, A0, 7,} — {SPre, Sposty
and is given by

\‘A%dJ’lf 0 <

si=K(0,A0],7) =
L9J+Lﬁ92n

(3.2)

NG

An important aspect of this state representation is that the agents only have
access to their internal estimate of time s; and are not aware of the tone identity
at any given trial. Their experience of the environment is completely determined
by the dynamics of s; and how reward and punishment appear once an action is
performed. Previous models of this task have defined the temporal variability as
each trial depending on a stochastic variable that would determine the dwell time
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at each clock tick (Motiwala et al., 2022). The state representation defined here
is inspired by such previous models and portrays a more simplified version, whilst
also allowing for the expression of the fundamental behavioral properties that we
want to produce in our agents.

3.3 A two pathway actor-critic model

In order to model the recorded neural activities, we will modify an actor-critic
algorithm(Motiwala et al., 2022)(Baird and C., 1993) into a multi-agent paradigm
where different striatal pathways are represented by different actors with different
observation dynamics and different Reward Prediction Error (RPE) sensitivities.
We take the Action Preferences framework as a starting point so as to define the
learning rules for the different pathways and then combine the learned action-
preferences into a single probabilistic policy m(a|s) from which a decision will be
sampled.

The choice of action preference algorithms for this problem is twofold; actor-
critic models have been mapped onto striatal anatomy as a way of explaining the
potential relationship between these areas (Joel et al., 2002) Secondly, due to the
fact that the action value functions are computed through the reward prediction
error d;, we’ll be able to map the the plasticity dynamics of dopaminergic neurons
to our learning rules as has been done in previous work (Collins and Frank, 2014;
Grondman et al., 2012).

3.3.1 Learning the critic

In the usual actor-critic paradigm the critic is given by a state value function,
defined as the expected value over a policy 7(als;) of the sum of discounted rewards
and is written as

T—k—-1

Vist) = E,{ Z VTer

k=0

st} (3.3)

with v < 1 being the discount factor. We use the Temporal Difference (TD)
method to learn the state value function, with an update given by (Sutton and
Barto, 2018)
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Vi(s) < V(st) + ay(se)o;. (3.4)

with ay(s;) the learning rate for the critic and 6, the Reward Prediction Error
(RPE) which is defined as

0 = Rep1 + 7V (541) — V(se). (3.5)

This RPE will serve as a global learning signal for all the action-value functions
that will correspond to the direct and indirect pathway values. In order to facilitate
convergence we define the learning rate as a function of the number of visits to a
given state st, N(s;)

1

i (3.6)

ay(s;) =

The learning rates for both the critic and actor components of the model will
be defined equally across all models developed.

3.3.2 Modeling direct and indirect pathway plasticity

Given that we want to reproduce the joint activity of D1-MSNs and A2A-MSNs
observed in the data, we’ll build an actor-critic architecture that supports these
two pathways in the form of specific value functions for each pathway. However,
in order to make that separation, we need to distinguish which processes might
differentiate each one of these pathways.

We take inspiration from biology and the known results regarding the underly-
ing plasticity dynamics in striatal neurons to model the activities of the direct and
indirect pathways. In-vitro work performed in (Gurney et al., 2015) has shown
that positive changes in overall plasticity of D1-MSNs are directly correlated with
an increase in dopamine (DA) in the cellular matrix, whilst decreases in DA con-
centration show a decrease in plasticity.

Conversely, for D2-MSNs higher DA values have the opposite effect as it reduces
the change in plasticity while lower concentrations of DA potentiate plasticity. This
result seems to also be present in the volume change of dendritic spines for D1 and
D2 MSNs. High DA amounts potentiate an increase of volume for D1 dendritic
spines (D1-SPN) whilst decreasing volume for the spines of D2-SPN. Conversely,
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a decrease in DA concentration increases the volume for D2-SPN and reduces that
volume for D1-SPN (Iino et al., 2020). One important aspect is that these changes
in plasticity show a non-linear response to the amount of dopamine present in the
cellular matrix, corresponding to a non-linear saturation function (Gurney et al.,
2015).
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Figure 3.3: a) Transfer functions for the direct and indirect pathways, mapping
the RPE to the change in action preference in the corresponding actor. b) Spine
volume changes plotted against estimated DA concentrations, adapted from Iino
et al. (2020)

We’ll attempt to capture these plasticity rules by defining a set of non-linear
functions fP that we’ll associate with individual pathway p = {D, I}, direct or
indirect, respectively. As the Reward Prediction Error (RPE) has been linked
with activity in VTA, the projections from this region to the striatum will sense a
corresponding release of dopamine, thus linking RPE with a change in the plasticity
of the striatal MSNs. In order to model this, we’ll make this non-linear function
dependent on the RPE of the agent experiencing the states s; ,i.e. fP(&;). In
this manner we're able to associate a given pathway to a specific combination
of a non-linear function f? that is modulated by the same RPE 6? 1 but going
through different ”transfer” functions, i,e. for the direct pathway D1-MSNs we
have fP(8;) and indirect pathway D2-MSNs will be affected by f!(8;). Concretely,
these functions are defined for each pathway p as
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(3.7)

where the k’s are adjusted for each individual pathway. The definition of these
non-linear functions as adjustable sigmoid type functions allows for the expres-
sion of the observed co-activation of the direct and indirect pathways neurons,
both observed in the data and also in (Cui et al., 2013). We achieve this by pa-
rameterizing these f? in such a way that there’s an overlap of the RPE sensitivity.
Although other formulations that rely on rectified reward units (Collins and Frank,
2014) or reward sensitivity filters (Tano et al., 2020) have been proposed and do
in fact model some aspects of these populations, they do not allow for pathway
co-activation, which we try to address by allowing more flexibility in the above
defined RPE sensitivity functions.

3.3.3 Learning the actors

In actor-critic formalisms one needs to learn the policy independently from the
state value function. In our case we chose to learn the action preferences A(s;, a;)
at each state-action pair that will allow the agent to choose the appropriate action
at each state. In the usual definition of these actor-critic models, for an action a,
and state s; the action preferences are learned through the RPE that is calculated
at the current time &;.

The update rule for the action-preference for a single agent receiving RPEs
from a critic is given by (Sutton et al., 1998)

A(St, at) < A(St, at) + CYA(St (38)

In simple terms, at each update if the action executed at state s; results in
a positive RPE then that action will become more likely to be performed in the
future, if the RPE is negative then the likelihood of the action decreases for that
state s;.

The equivalence in the change of plasticity observed in (Gurney et al., 2015)(Iino
et al., 2020) with the action-preference change in the model is done by slightly al-
tering the action-preference updating learning rules defined above. We do this by
applying the pathway transfer function f?(d;) to each pathway learning rule, i.e.
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AP (1, a1) = AP(s,a0) + aaf?(6r) (3.9)

One can see that given an RPE 4, different pathways will change their corre-
sponding action-preference in different ways, depending on the particular filtering
that is being applied to the global RPE. In the most general case, for a given num-
ber N, of pathways the total action preference A” would be given by the weighted
sum of all the pathways and can be expressed as

T sy, ay) pr (8¢, a) (3.10)

where w, represents the weighting of each actor. In order for the agent to
correctly navigate the environment, this function needs to be such that the correct
actions are expressed or suppressed at any given observed state.

3.3.4 Policy definition

In our framework, the direct and indirect pathways are efined by two oppositely
tuned RPE sensitivity functions within each corresponding action-preference func-
tion. This opposition allows us to express the inhibitory nature of the indirect
pathway and the excitatory nature of the direct pathway at the level of action
execution.

A policy defined only through direct and indirect pathway agents would be
given by the total action preference

AT (sy,a0) = wp AP (s, a0) — wr Al (sy, ay) (3.11)

where the negative sign in the indirect pathway allows for it to serve as an
inhibitory gate for action execution. This idea was first proposed in (Mink, 1996),
where it is shown that the expression of motor patterns seem to be direcly corre-
lated with the amount of inibition present in the outputs of the Basal Ganglia.

Given that the indirect pathway is a fully inhibitory signal in the total action-
preference AT, it serves as the only action ”break” signal that is available to the
agent. Therefore, all of the inhibitory information which codes the errors learned
through experience is coded in the A’ action-preference. One way of looking at

73



this function is that it represents, instead of the policy which tells agents what to
do the anti-policy, contaning information about what the agent should not do.
It serves as a dynamic map that evolves through the environment, releasing and
increasing inhibitory pressure on the available positively tuned signals that push
for the actions to be expressed.

Environment
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Figure 3.4: Architecture of the two pathway actor-critic model of the basal ganglia.

We consider that both SHORT and LONG actions are taken explicitly by the
agent as in the vanilla RL case through a probabilistic policy m(a¢|s;) but the
HOLD action will be triggered by a dependency on the joint activity of the direct-
indirect pathway action-preferences so as to mimic the inhibitory role of the indirect
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pathway seen experimentally(Kravitz et al., 2010).

it A"(sy,a;) <0 V a;={SHORT,LONG}
= A"(s;,, HOLD) = 0,

else

= AT(s;,, HOLD) = —c0

(3.12)

Given that sampling from the policy implies a softmax operation, this set of
conditions will increase the probability of an HOLD action being taken propor-
tionally to the total amount of inhibition that is present in the indirect pathway
action preference A’. For the remaining case and in order for the agent to be
able to choose an action, this probability is sharply reduced when the inhibition of
the indirect pathway fails to be higher than the value held by the direct pathway
action preference AP.

The policy for this case is then defined as,

eﬁAT(sL,a)

Zj eBAT (st,a7)

m(alsy) = (3.13)

3.3.5 A single two-pathway agent is insufficient to explain
the data

We now have all the ingredients to build a simulation of an agent in the task
environment defined in section 3.2.1. The experimental results give us a clear cut
list of elements that we should see expressed in our model, we can define them as
follows:

1. Activity of the indirect pathway should be higher than direct pathway during
the delay period

2. The activity of the indirect pathway should increase as time passes in the
delay period

3. Agents should show a bimodal breaking fixation distribution, with choice
matching the correct choice in the correspondent delay period region
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We first train the agent until convergence of both the critics and the action
preferences by calculating the relative difference of all functions at each iteration
step.

0.5 1.0 1.5 2.0
Time (s)

Figure 3.5: Fitted psychometric curve for the two pathways agent in the IDT

The psychometric curve for this agent shows that the model is not only capable
of solving the task but shows very similar behavior in terms of the success rate for
each of the tones, as can be seen in Figure3.5.

However, one of the crucial elements that we need to model, namely the break-
ing fixations do not show the bi-modality that we were looking for. The distribu-
tions show a strong bias to breaking and choosing with similar probability for both
SHORT and LONG actions. In fact it seems that the agents show practically no
urge to break and choose the LONG action in the second half of the delay period.

In order to understand this we need to look at the activities of each pathway
throughout the delay period and for each action, which will correspond to the
contralateral hemisphere of the mice i.e. SHORT action will correspond to the
contra short side and LONG action to the contra long side.

Noting that the agent only has access to the states s; and is trained only in
these variables, we need to map the values of the action preferences back to the
time variable 6 so that we can plot them in a reasonable way. We do this by
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Figure 3.6: Broken fixations of the agents during training for the ”contra-short”
CS (left panel) and ”contra-long” CL (right panel)

running over the time bins corresponding to the delay period and sampling from
the states that are closest to that bin for each trial i.e. for a given trial i € Ny
where Ny is the total number of trials we’ll have a ”sampled time” t; which will
be in the experimenter’s frame of reference, this is similar to an inversion of the
transformation K (6, A8¢,7;) that was done previously, so we can define it as

tl‘ = Kﬁl(st)i (314)

and the action preference at a given time point ¢ is the average over trials

Ap(t, (lt) = <A(t“ at)>i. (315)

By plotting the action preferences for both pathways in the delay period we
notice the cause for the unimodal breaking fixations. Although the first goal is
achieved, that of a higher activity of the indirect pathway over the direct pathway,
the signal is constant throughout the whole delay period as one can see in Fig 3.8,
creating no differential "urge” to break fixation and choose the action correspond-
ing to the delay period region. What the breaking fixations seem to show is only
the decrease in the probability of reaching the latter states in the environment,
which is expected due to the nature of the task.

However, we need to ask. Can this be a result of a bad convergence of the
model? We can check for convergence by observing the following limits
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Figure 3.7: Signals of the action preference functions during the delay period of
the IDT.

{hmﬁm(AV)2 = limesoo(V(3)e = V(3)em1)? & (3.16)

0
lim, o0 (AAP)? = lim, 00 (A(5, @) — A(5,@)c_1)? ~ 0

where V(5). and A(S,d@), are the state and advantage value functions vector
and matrix (respectively), for the episode e of the simulation.

If we plot these curves for all the value functions present in the model, we see
that the model is able to converge swiftly towards a very small change after 250k
episodes. Given this, we state that although this simple model is able to solve the

task it does so too optimally, creating no internal urge to break fixations as mice
do in the experiments shown earlier.
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(a) Convergence of the critic value function V'(s;) for the two pathway agent
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Figure 3.8: Convergence measure of the two pathway agent in the IDT (250k
episodes)
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3.4 Introducing a new agent

We’ve now shown that the simplest of models that could potentially contain all
the known experimental results was not able to reproduce the data. In order to
solve this problem we will start from a very basic question:

what could be the reason for the animals to break fixation?

Our reasoning is that, due to the fact that we're able to draw the same psycho-
metric curve with the choices after a breaking fixation as with the correct choice
behavior, that there’s some level of understanding of the task structure by the
mice.

One potential reason for this behavior is, that through experimenting with all
the trials multiple times, they’ve gotten to know the task structure and thus might
be predicting where the reward would be located at different points of the delay
period. Because there’s a sense of where the reward will be, either on the SHORT
or the LONG port, they have an urge to choose that port at a given point in time,
and sometimes this urge is too strong, causing a breaking fixation.

In order for this urge to act specifically at different regions of the delay period
we hypothesize that there is potentially a more abstract task representation living
in parallel with the more detailed representation shown in section 3.2.1.

In order to test this hypothesis, we will add a new agent to the model, one that
has a more abstract state representation for the task and that would correspond to
a different, but unknown region in the striatum. The basic hypothesis is that this
"urge” signal must come from somewhere, so we will generate a new agent that
will have different action preference signals and will compete, as in a multi-agent
scenario but generating a single policy out of which actions will be selected as in
the previous single agent model.

3.4.1 Introducing a new state representation

We build this more abstract state representation by constructing a scheme where
the agent does not have perceptual access to all the information present in the
environment. Specifically, we prevent the second-tone from occurring and keep
the agent in a pre-second tone sequence of states, whilst still having access to the
reward or punishment received.

The dynamics of this environment are straightforward, as they do not contain
the second tone jump in states present in the original state representation, shaping
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Figure 3.9: State representation of the new agent.

a similar situation to that of information asymmetry present in other RL models
(Galashov et al., 2019). Importantly, these state transitions share the same dwell
time AG¢. In order to differentiate from the previously defined state variable we
will call these states, s& and define the mapping as KX via

0
sio = K (0,A0],7;) = {A@CIJ (3.17)

As we will see in the next sections, although the representation seems simple,
it has a lot of expressive power in terms of allowing the model to reproduce the
underlying behavior and activity patterns of the two pathways.

3.4.2 Multi-agent architecture

The multi-agent representation used in this model consists in two agents with the
same underlying pathway architecture defined in the previous section but each with
a different state representation. In order to make the notation more consistent,
we’ll add a superscript L to the initial state representation defined by Eq. 3.2 i.e.
sy — sk, and define the complete set of sub-agents by the superscript ¢ € {L, X}.

We can thus write the critic update equations for both agents

Ve(sy) < V(s) + ay(s))d;. (3.18)
and the RPE as

0y = Repr + 9V (si4) — VO(s)). (3.19)

noting that now the RPE is different for each agent, as well as the learning
rate, which counts visits for the states corresponding to each representation.
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We now have in total p X ¢ action preferences, which depend respectively on
the state representation s§ and the pathway transfer function f?(d5); they can be
written as

AP (sy,ar) <— A“P(s7, ar) + aafP(57) (3.20)

and are joined in a total action preference, now dependent on both state rep-
resentations

AT (sE 5% ay) ZZWPC (s, ar) (3.21)

where w, is the weight of the pathways of each sub-agent.

By having the total action preference A7 we can now define the policy for the
global agent, made out of the two sub-agents

BAT(sF 5K a)

; X) B BAT (sk sX ,ad)’
Eje 5T

m(alsy, s

(3.22)

Because of the way in which we define the policy, each actor-critic sub-agent is
now in a competition for expression in terms of providing the correct action-value
output for the policy to be optimal. We choose this architecture of a single policy
as it maps with the convergent and lower dimensional output of the Basal Ganglia.

Another thing of note is that the mechanics of the HOLD action are still the
same as before, except now the indirect pathways of both sub-agents need to
adjust so that inhibition is enough for AT < 0, i.e. the condition for withholding
movement now becomes

> AP (s5,a) < Y A(sf, a4),Va, € {SHORT, LONG} (3.23)

(& c

All of the sub-agents are trained in parallel, as one can see from the algorithm
(ref-appendix) with the same convergence conditions as the ones used in the single
sub-agent case (see Eq. 3.16).
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Figure 3.10: Architecture of the multi-agent model with direct and indirect path-
way.
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3.4.3 Reproducing breaking fixation behaviour

In order to preserve symmetry amongst agents, we endowed both agents with the
same RPE transfer functions for the direct and indirect pathways as can be seen in
Figure3.11. We will test this new architecture in the task environment containing
the two state representations. As with the previous model, the multi-agent model is
able to learn the task, producing an equivalent psychometric curve as the previous
iteration (see panel b Figure3.11). However, a sharp difference now occurs in the
breaking fixation distributions; the bi-modality is now present and is qualitatively
similar to the one observed experimentally.
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Figure 3.11: a): Transfer functions for the direct and indirect pathways of both
the DLS and the X agents. b): Psychometric fit (black line) to the performance
of the model for each interval (black dots) used in the time interval categorization
task.

The agents are now not only breaking fixation with a higher frequency, but
they’re also choosing what would be the correct answer for that region of the delay
period i.e. breaking and choosing SHORT in the first half of the period, followed
by breaking and choosing LONG in the second half, as was observed in the data.
The hazard rate (Figure 3.12) of breaking for each contra-lateral side also matches
the observations, with a slight leftward hazard in the first half of the delay period
and an almost increasing hazard in the second half.
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The mechanics of this new behavior are a consequence of the new sub-agent
containing a different and more compact state representation. As we’ll see in the
following sections, this new representation is responsible for shaping a new set of
action-preferences which are able to positively enforce the correct action selection
and simultaneously force the DLS inhibition to adjust itself to this new action
execution impetus.

da "Short" choice b
0.2 = "Long" choice — Break & Short
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o
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Figure 3.12: a): Probability density functions of broken fixations, produced by the
model agent, over time (0.6s to 2.4s), conditioned on subsequent choice at one of
the side ports (light grey: SHORT choice, dark grey: LONG choice). b): Hazard
rate of broken fixation conditioned on subsequent choice of one of the side ports
(SHORT and LONG as green and purple, respectively).

3.4.4 Modeling opponent dynamics in direct and indirect
pathway

If one now looks at the profiles of the action preferences, the flat-lined profile of
the corresponding DLS (L agent) agent now gives way to a non-monotonic one. In
particular, the action preferences that correspond to the iMSN neurons for the left
and right actions now show an increase in inhibition for the first and second halves
of the delay period, respectively. The corresponding DLS direct pathway action
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preferences are oppositely tuned to their indirect counterparts, showing a slight
increase in the short-action action preference and a decrease for the long-action.

a . b
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Figure 3.13: Action preferences for two actors (ALP(sF a;), in blue and

AXI(sE a;), in red) that make up the L agent. Left and right showthe action
preferences for the LONG, and SHORT actions, respectively.

The dynamics of the indirect pathway action-preferences can be better under-
stood if one now looks at the X-pathway action preferences, also for the direct and
indirect pathways. In this case we see a flip in terms of the relevant pathwhays that
exert action-selection pressure, now with the X agent direct pathway generating
selection pressure for the left-action in the first half of the DP and for the right
action in the second half.

As can be seen from the policy definition in equation 3.22, each set of action
preferences corresponding to a different agent shape a different sub-policy. These
sub-policies interact so that the total action preference A” can approximate the
optimal policy, with the action-promoting signals emerging from the X pathway
direct pathway agent are then counteracted by the inhibition produced by the L
agent indirect pathway action-preferences (corresponding to the DLS).

The main difference in these two agents is the state-representation, which is
the main mechanism that allows for the accumulation of different RPE signals in
the states corresponding to the delay period in each one of the agents. As both
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Figure 3.14: Action preferences for two actors (A%P(s* a;), in blue and

AXI(sX a), in red) that make up the X agent. Left and right show the ac-
tion preferences for the LONG, and SHORT actions, respectively.

agents move through the delay period, the correct execution of an action after
a second tone is emitted leads to a positive RPE, which will update the action-
preference in different states for each agent. In the case of the L agent, the RPEs
will accumulate in the pre and post-second tone states, leading to an increase
of direct pathway action preferences only in post-second tones, when the agents
should actually choose an action. For the X-pathway, having only one set of states
without pre/post-second tone distinction, the accumulation of both positive and
negative RPEs occurs throughout the delay period, leading to the emergence of a
positive drive signal that matches the optimal post-second tone state policy.

3.4.5 Modeling DLS indirect pathway optogenetic experi-
ments

Given that we were able to reproduce the basic profiles observed in the DLS direct
and indirect pathway recordings, can we also reproduce the effect of the optogenetic
experiments on the DLS indirect pathway? In the model, these perturbations can
be achieved by lowering the pathway weights w;, which due to the fact that this
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corresponds to an effective decrease of the indirect pathway relevance in the policy,
is equivalent to an ”inhibition” of the corresponding pathway.

By now fitting this perturbation parameter to the experimental data, we can see
that the model reproduces with precision the effect of the inhibition (Figure3.15).
As in mice, this led to the failure to suppress action. Furthermore, inhibiting the
'short’ action preference led to failed action suppression early, whereas inhibiting
the long action preference led to failed action suppression late, in the delay period.
In addition, unilateral inhibition also caused an increase in contralateral action, as
in the experimental data (Figure 2.6). The results are both valid for the probability
of breaking fixation and the hazard, the latter can be seen in Figure3.16.

a b Short Action Long Action
1,
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7 & & 06 15 2406 15 24
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Figure 3.15: a) Effect of action preference inhibition of the indirect pathway for
the two actions simultaneously or for only short or long (control and manipulated
trials shown as black and yellow, respectively) b) Histogram of normalized broken
fixation counts for control (black outline) and inhibition of short (green) and long
(purple) DLS sub-agent indirect-pathway action preferences.
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Figure 3.16: a) Hazard of breaking fixation for the control (black outline) and
inhibition conditions resulting from the selective reduction of action preference
values for the Indirect pathway AX!(sl a;) for the SHORT (green) or LONG
(purple) actions. b), Change in hazard rate AHR = H Ryjanipuiation — H Rcontrol -

3.4.6 Prediction of an effect on DMS direct pathway opto-
genetic perturbations

As we've seen in Figure3.14, the drive for action-selection and its execution seems
to not be a consequence of the L-agent direct pathway, but of the direct pathway
drive being expressed in the X-agent direct pathway. Given this, the model would
predict that if we now inhibit the A*? action preferences the amount of breaking
fixations should decrease, as the drive for action promotion would decrease as well.

Previous data have shown that optogenetic activation of DMS MSNs can affect
action selection (Tai et al., 2012). We thus wondered whether more medial circuits
in the DMS might contribute to action promotion similarly to what has been
observed in the X-pathway of the model. We repeated the optogenetic inhibition
experiments carried out in DLS, but now targeting the DMS dMSNs in separate
groups of mice. In general, we observed a modest but significant decrease in
the probability of contralateral choice after broken fixations when inhibiting DMS
dMSNs, as can be seen in Figure 3.17.
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Figure 3.17: a) Change in probability of generating a contralateral action when
decreasing the magnitude of action preference values, of the indirect pathway,
ABI(sL a;) (red outline), or direct pathway AXP(sX a;) (gold outline), for one
of the two actions (SHORT or LONG) before the second tone observation (i.e.
broken fixations). b) Change in probability of registering a choice at the port
contralateral to the hemisphere manipulated when inhibiting iMSNs in DLS or
dMSNs in DMS, after breaking fixation.
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3.5 Discussion

The basal ganglia is characterized by a parallel circuit architecture, which manages
distinct sets of sensorimotor, associative, and limbic information. This architecture
is key to its largely segregated operation (Alexander et al., 1986; Alexander and
Crutcher, 1990; Prescott et al., 2006; Lau and Glimcher, 2007), which converges
at the level of action promotion and behavioral expression.

Building on this concept, we designed a model that integrates these parallel
circuits and varying plasticity dynamics in the direct and indirect pathways. Our
model, based on a multi-agent Reinforcement Learning paradigm, successfully cap-
tures both the behavior and the neural profiles of populations in the dorso-lateral
striatum. Moreover, it can emulate the behavioral effect of inhibiting certain pop-
ulations in different striatal regions, namely, the DLS and DMS, while also offering
a strong prediction for the potential profiles of the DMS activity profiles (Figure
3.14) (Cruz et al., 2022).

Different functions have been proposed for the parallel circuits, with emphasis
on arbitration between types of control as per context or task demands, such as
model-based versus model-free (Daw et al., 2005), or Pavlovian versus instrumen-
tal control (Dorfman and Gershman, 2019). Our model integrates these functional
hypotheses by anchoring each agent in a different state representation. Each state
representation leads to different RPE signals being generated as the animal expe-
riences the task environment.

Given the corticostriatal projectome structure presented in section 1.2.2 of
Chapter 1, we hypothesize that these different state representations would also
lie in different (but still connected) cortical regions. Sensorimotor areas tend to
be more event specific, thus containing second tone information, while the dorso-
medial regions tend to project to more prefrontal areas, which might lead to the
learning of more abstract and compressed state representations of the environment.

These different representations generate multiple, anticipatory, and possibly
conflicting drives on behavior, (Dayan et al., 2006) which the system needs to
manage via the promotion and suppression of actions. This provides a rationale
for a suppressive indirect pathway, linking RIL-based control to traditional BG
circuit function proposals (Mink, 1996) and advancing previous work that has
proposed a single-agent architecture multi-pathway approach to modeling basal
ganglia functionality (Collins and Frank, 2014).

Adaptive behavior involves balancing action-promoting and suppressing mech-
anisms. Our data show that in the sensorimotor striatum, elements of the direct
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and indirect BG pathways can express antagonistic modulation patterns, underly-
ing opposing yet distinct aspects of motor function. Understanding the interplay
in other brain circuits is crucial for grasping animal behavior at a fundamental
level.

This model provides a strong link between the multi-agent reinforcement learn-
ing paradigm and basal ganglia circuits, opening the way towards the development
of even more detailed functional architectures which have as a theoretical anchor
the idea of multiplicity in state-representations and a converging interaction in the
policy, which generates different control signals throughout the striatum and the
underlying direct and indirect populations, each working towards some aspect of
promotion and suppression of actions.
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Chapter 4

Representational multiplicity in
the basal ganglia

4.1 Introduction

Organisms in general have access to limited amounts of energy and time to perform
the necessary computations for their survival. Given this constraint, there is an
underlying need to be as efficient as possible in processing environment-related
information. One hypothesis is that this processing is done via the compression of
state and action-related information via structuring predictive models of the world
(Tishby and Polani, 2010).

As we've seen in the model developed in Chapter 3, the reproduction of the
iMSN activity requires that the urge to act is formed in a parallel circuit, with a
different state representation. Given that the mice choose the correct port after
breaking fixation, we assumed that this state representation should allow for the
formation of a more abstract perception of the reward locations, inciting an urge
to act and select the left or right port at the corresponding region of the delay
period.

One way to represent this is to consider an alternative version of the model
presented in Chapter 3. Whereas as the X-model presented in Chapter 3 had two
pathways, we can alternatively build a similar model with just one positively tuned
pahthway with transfer functions that filter out only positive RPEs; this results in
a set of action preferences for the X-agent which only contain the driving functions
for choosing the short and long nose-ports during the delay period.
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Figure 4.1: a): Action preferences A% (s;¥, a;) for an alternative formulation of the
model one single positively tuned pathway b): Diagram of the abstraction present
in the learned action preferences that could be represented in a set of two latent
states z. Half of the delay period is compressed into a short action state and the
remaining part in the long action state.
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As one can see in panel a of Figure 4.1 the action preferences for this agent
have a bimodal structure that associates each half of the delay period with the
corresponding action. The action preferences reflect short vs long state abstrac-
tions which intuitively could be thought of as clustering of states according to
the specific actions leading to reward in those states. This mechanism could be
thought of as an abstraction over the set of observed states s, which depending
on their location in the delay period could be abstracted or compressed into two
latent states corresponding to the short action selection region and the long action
selection region, as one can see in panel b of Figure 4.1.

However, the question remains of how the underlying state representation could
be learned. The following chapter will explore two possibilities for such a process;
one based on the information bottleneck (IB) method (Tishby et al., 2000) as
a means for state compression in conjunction with direct policy learning. Sub-
sequently, we provide a more general theoretical perspective integrating the IB
methodology with the variational inference approach to reinforcement learning
(Levine, 2018).

4.2 State abstraction for control via the Infor-
mation Bottleneck method

Given the structure of the interval discrimination task, how could one construct a
useful latent state space for action control? In order to address this question, we
leverage the information bottleneck perspective (Tishby et al., 2000).

This ubiquitous framework has been applied in many distinct domains of ma-
chine learning and computational neuroscience Schneidman et al. (2001), as it
allows a partially supervised construction of compressed representations, which
is also referred to as latent representations, from representations lying in higher
dimensional spaces.

The Information Bottleneck (IB) principle is a method in information theory for
extracting relevant information that a random variable X contains about another
random variable Y. It’s particularly useful in scenarios where you want to compress
the information in X while retaining its predictive power about Y.

The key idea is to find a compressed representation Z of X that maximizes
the mutual information with Y, while minimizing the mutual information between
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Z and X. This is akin to passing X through a ’'bottleneck,” keeping only the
information that is most relevant for predicting Y.

The formal objective function in the IB principle is a trade-off between two
mutual information quantities, expressed as follows:

pr=argmin (X : Z) - I(Z:Y) (4.1)

p(t|z)

Where I(X : Z) is the mutual information between X and Z, which we want
to minimize. as it represents the compression of X into Z. I(Z :Y) is the
mutual information between Z and Y, which we want to maximize. This term
quantifies the amount of relevant information about Y that is preserved in Z and
[ is a Lagrange multiplier that controls the trade-off between compression and
preservation of relevant information. A higher value of 8 places more emphasis on
retaining information about Y.

The mutual information terms can be defined as:

I(X:Z):Zp(:c,z)logp(x’z)=<logp(xlz)> e (4.2)

. — z o} M =\© o)
Hz:Y)= ;p( 108 ) <1 e >p(z|y)P(:'!) -

Where p(z, 2), p(z,9), p(z), p(z), and p(y) are the joint and marginal proba-
bility distributions of X, Z, and Y and we use the relationship between the joint
and the conditional probability to define the the averages in angular brackets'

In practice, solving the IB problem often involves iterative algorithms such as
the Blahut-Arimoto algorithm (which we will present in the following section),
as it’s not straightforward to directly solve the optimization problem due to the
dependencies between p(z|z) and the marginal distributions.

Adapting the base formalism defined in (Tishby et al., 2000), we can bring this
framework to the MDP setting by defining a set of world or perceived states s € S,
a set of latent states z € Z (usually with a lower dimensionality) and a set of actions
a € A. The number of states and actions are given by n,, n., and n,, respectively.
Previous work has studied the IB method in the MDP context has focused on

1

p(x, z) = p(x|2)p(2)
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exploring policy compression Tishby and Polani (2010); Lai and Gershman (2021).
Here, the IB method is applied to the dependencies between state, action, and
reward S — A — R which a view to compressing action encoding conditional on
state while attempting to simultaneously maximize reward obtained.

In contrast, we consider the dependencies between random variable S — Z —
A such that we seek to compress observed states into latent states and while
retaining the ability to execute the optimal actions accurately. That is, given an
optimal policy 7*(als), we aim to learn a latent space z such that the induced
policy 7*(alz) =~ 7*(als).

An essential component of this framework is to construct a perceptual policy
p(z|s) that encodes a given set of states s in a set of states with a lower dimen-
sional z. In other words, the perceptual policy aims at representing the internal
compressed construction that an organism or agent creates of the world, due to in-
formational and perceptional constraints inherent in its bounded interaction with
the world. We can define a loss function to optimize the construction of p. More
explicitly, we can construct the following functional (notation adapted from Tishby
et al. (2000))

p"i=argmax([Z.(Z : A) — M\L,(S : Z)] (4.4)

where we have the following definitions of mutual information between latent
states and actions

. — z.a)lo M: o )
L(Z.A%;p(’ 108 () <1 ®0(0) > o

and latent states with the observed states s

S pms) D)
T2 :8) = 2 plass)log pors T >p(z|s>p(s>' 4.6)

We’ll concern ourselves with how these latent representations could be learned
and how their dynamic evolution might lead to observable changes in behavior.

We also note that the agent can learn a policy over the observable states first
while simultaneously learning the configuration of the latent states. We can expand
the loss in 4.4 to contain a cost referent to the state-action mutual information
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Z(S : A). This mutual information can be directly expanded into observable state
policy terms and action-only dependent terms via

7(als)
Z(S:A)=(lo 4.7
( ) < © >7r(a|5)p(8) 7

px(a)

so that the complete loss can be written as a multi-objective optimization
procedure over both the behavioral and perceptual policies 7, p

{r*,p"} = argmax[Z,(S: A) +I.(Z : A) — \L,(S : Z)] (4.8)

mp

Intuitively, this problem can be seen as a multi-objective information bottleneck
problem such that a given triplet of random variables (e.g. S — Z — A) needs to
be solved for optimal 7 and p. However, in order to simplify our presentation in
the following examples, we will assume that the optimal action policy 7* has been
obtained, serving as the anchor to learning the perceptual policy p.

4.2.1 Blahut-Arimoto equations

Knowing the optimal policy 7*(a|s), the behavioral policy over latent states 7(a|z)
now needs to match the same solution. Given that these are two probability
distributions over actions, one can define a distance metric and find the perceptual
policy configuration p that minimizes this distance. We can solve the iterative 1B
problem over two policies defined over the set of observable s € S and latent z € Z
states by defining such distance metric as the Kullback-Liebler distance between
them, i.e.

d(s, z) = D[r(als)||7(al2)] (4.9)

where the goal is to fit the target policy over the latent states m(a|z) to the
optimal policy over observed states 7 (a|s)*.

The KL distance can be expressed as

7(als)

m(alz)

Dy [r(als)||m(alz)] = Y w(als)log

5,0,z

(4.10)
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Figure 4.2: Example simulation of the IB optimisation for n, = 4,n, = 2,n, = 2,
with initial conditions for the latent space policy 7, on panel a, the KL divergence
on panel b and the final latent space policy 7, (panel c), perceptual policy p(z|s)
(panel d) and the reconstructed observed state policy 7y (panel e).

In order to perform the iterative updates for a given s and a given z, we define
d(s,z) as a sum only over the the allowed actions, i.e.

m(als)

d(s,z) = Z m(als) log

a

s (4.11)

The full set of iterative IB equations read as follows (Tishby et al., 2000)

per1(z]s) = pe(2) o—fd(zs)

| Z(s,B)
pe1(2) =Y, p(s)p(z]s) (4.12)
m(alz) =, 7(a]s)Lizlels)

pe(2)

where the normalization factor Z(s, ) is given by

Z(s,8) = Zp(z)e‘ﬂd(s’z) (4.13)

and from Bayes conditional rule,

(4.14)

we can extract the perceptual policy p(z|s).
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4.2.2 Simulating a toy example

We can now apply this set of equations to a simplified version of the temporal
discrimination task. If we look at the action preferences obtained in Section 3.4.4,
particularly for the X-agent, one can see that the action preferences are clustered
in each of the delay period regions, for the left and right action, respectively.

initial m, 1 learned m, p(z|s) reconstructed s
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Figure 4.3: Same simulation as in Figure B.1 but with different initial conditions.

In this example, we'll attempt to learn the optimal latent state policy w(a|z)
and the perceptual policy p(z|s) for the case where the number of states is n, =
4n, =2,n, =2.

As one can see in Figure B.1, the IB algorithm can converge to the optimal
policy for the latent state policy. However, this is dependent on initial conditions.
If one starts from a set of initial states that are inversely biased, the perceptual
policy converges to a degenerate solution that matches this new configuration (see
Figure 4.3) while still being consistent with the optimal policy. This degeneracy
is observed for multiple initial conditions?.

With this toy example, we were able to show that the Information Bottleneck
objective can learn an optimal policy for a simplified version of the interval discrim-
ination task. However, the prerequisites of this formalism imply that the number
of states is already defined, which is a very strong constraint for a process that is
adaptive by nature. Even though an optimal policy for this latent state space can
be learned, the question remains as to how a biological system could know a priori
the number of states to perform the compression.

Due to this, we will now explore a different but related approach, based on
variational inference, which will learn a new latent state representation based on
the initial state representation defined for the L-agent defined in 3.

2See Appendix A
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4.3 Affordances as Perceptual Policies

Although the previous formulation gives us the right answer as to the behavioral
policy of a lower-dimensional latent state-representation, its definition requires
that we preemptively choose the number of states that are relevant for a given
task, which already imposes a very strong constraint on the structure of the latent
representation z.

In the following sections, we’ll derive an alternative formulation of this problem,
one that is less strongly constrained and also easier to implement in the original
algorithm of the multi-agent model presented in Chapter 3. We will base ourselves
in the variational inference formulation of reinforcement learning (Levine, 2018)
using the underlying optimization procedures as the backdrop for the computations
needed to shape the state representation that is used by the X-agent.

RL as Inference

Our main goal is to define a global loss function for this problem that takes into
account both the behavioral policy optimization and the optimization of the per-
ceptual policy p(z|s;) but allows flexibility in choosing which method is used to
optimize either one. We will focus mostly on the optimization of p, assuming that
an optimal behavioral policy 7 has been obtained via a single two-pathway agent
as the one presented in Section 3.3.

The intuition behind this formulation is that behavioral policies benefit from
being maximum entropy regularized (Levine, 2018; Ghugare et al., 2023) whilst
perceptual policies benefit from being minimum entropy regularized. This dis-
tinction can be justified from a biological perspective. For any organism to learn
the reward structure of a given environment, its state representation has to be as
stable as possible, i.e. the learned latent state identities shouldn’t change as every
time a new stimulus is presented, as then the credit-assignment problem would be
intractable i.e. the latent states sampled from p(z|s) should not be highly variable
at a given time point.

The MDP for this problem is similar to the one defined for the variational
inference RL framework defined in Levine (2018), where the optimization is guided
by an optimization variable o; ~ €™ which defines which state-action pairs are
optimal for a given path. We define a similar optimality condition for the latent
state z;, given by an affordance function g over the future latent states z;.
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Figure 4.4: Markov Decision Process structure with a latent variable z; with opti-
mality variables g;, defined similarly to the optimality variables o; defined for the
observable state representation s;.



Affordances

The concept of affordance, first defined by James Gibson in the 70s (Gibson, 1979),
was a theoretical concept that aimed at portraying how object classes in the world
were not static but a collection of use-case projections that depended on the or-
ganism’s relationship with the world, as he put it

The fact that a stone is a missile does not imply that it cannot be other
things as well. It can be a paperweight, a bookend, a hammer, or a
pendulum bob. It can be piled on another rock to make a cairn or a
stone wall. These affordances are all consistent with one another. The
differences between them are not clear-cut, and the arbitrary names by
which they are called do not count for perception. If you know what
can be done with a graspable detached object, and what it can be used
for, you can call it whatever you please.

- Gibson (1979)

As one can already intuit from this description, the concept of affordance itself
is a latent property; the use cases of something in the immediate future are latent
in the sense of being possibilities for a given organism with a goal in a given
environment. The utility of something in the immediate future thus entail some
amount of prediction, so we intuit that it’s dependent on a learned model of the
world and the evaluation of some sort of policy in a future state.

This model should learn the statistics of the occurring transitions as a given
path in the state space of state-action pairs s; € S,a; € A and state-latent-state
pairs z; € S is sampled from the space of all possible paths, i.e. 7,7, are sampled
paths for each set of trajectories 3

Ts = {SOaCLOa"'78k7ak7'“sT7aT} (415)
To = {80, 20, -y Sk Zky ---ST» 2T } (4.16)

We will calculate the expected value of the relevant observables (such as value
or entropy) over a sampled path from these two sets of random variables. The

3Note that the notational mapping to the model developed in Chapter 3 is stL — s and

X
Si = Zt.
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dynamics of the environment that generates these paths are given by a transition
tensor T'(sq, at, S¢+1) where we consider that the passive action probabilities p(a;)
for the environment dynamics are uniform and independent from the transition
ie. T(sg ar,841) = T(sy,8041)p(ay), so the passive action dynamics are mostly
random. Given an already defined optimal policy 7*, this allows us to define the
affordance function as a marginalization on actions of the action preferences A, i.e.

Definition (Affordance function): For a set of states s; € S, a converged
total action preference function! A” = A and a constant 3 (we assume 3 = 1 for
simplicity) we define the affordance function,

9(st, 5141) = log | B Z T(st, 8141)A(s141,0) | - (4.17)

The intuition for this definition goes as follows; we want a function that repre-
sents the future utility of a state. In order to know where that future utility lies
we use the transition dynamics of the environment 7' to fetch us the future states
s441 that are available for a given present state s;.

However, this is not enough because we want to know not only the future
accessible states, but those which have been useful for the agent in past experience.
Given that the agent can record that experience in its advantage function A, we
can perform a marginalization over the actions a for each future state s, that is
available for a current state s;, leading to the weighted sum of transitions.

Internal Model

Besides the passive dynamics of the environment we also define an internal model
for the agent, given by T'(s;, 5;11) € SV and learned through the following TD
iterative algorithm (Glascher et al., 2010; Gardner et al., 2018)

T'(st,8641) < T(5¢, 5e41) + 77[]1(51,+1 = 5/) —T(s4, $t+1)] (4.18)

where 7 is a learning rate and 1(s;4+; = &) is the unitary count function that is
1 every time a transition from a specific state s; to s;; occurs. Given that we're
associating this state representation to a more medial region of the striatum (see
Section 3.4.2), we're also leaning on a previously state hypothesis by Bornstein

7

4Choice made in order not to overload notation.
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and Daw (2011) regarding a model-free/model-based divide between dorsal and
medial striatal circuits (see also Section 1.3).

Given the base state representation s¥ defined in Chapter 3, we can learn the
transition matrix 7" by running the agent, with a learned optimal policy through
the environment. The resulting matrix can be seen in Figure 4.5.

The matrix consists of two diagonal sets of transitions, as for each pre 2nd tone
state (states 0-40 in Figure 4.6) there’s a chance that a second tone can occur at
that time point, which will lead the agent to a post 2nd tone state (states 40-80).
One can also observe the structure of these transitions by looking each individual
probability trace, shown in Figure 4.6.

Perceptual Policy

For the derivations presented in the sections conscerning the application of this
method to the IDT, we’ll assume that the dimensionality of the observed and
latent variables are the same i.e. ng = n,.

To define the actual perceptual policy conditional distribution over the set of la-
tent future states z € Z and observed states s € S, p(z]|s:), we will anchor ourselves
on the environment model 7 defined in Equation 4.18 and perform a weighted dis-
tributed representation over each one of the rows with a state-dependent filtering
function ¢(z) € R™.

Although the internal model matrix 7' was previously defined as a a function
of T(st, Si+1), we will now use z as a pointer to a latent future state s;.1, given
that these two spaces share the same dimensionality. The future latent state z is
defined as such due to the fact that it will only be a concrete state after being
sampled from the perceptual policy p, which is the filtered internal model matrix
T that we will derive in the following sections.

We define the filtering function ¢ as a free variational function which will be
optimized in order to reflect the affordance structure of the state-action space. This
function is a pivotal component of the derivation that allows us to integrate our
computational affordance hypothesis into the RL-as-inference framework (Levine,
2018). We achieve this by performing the the element-wise product between T and
¢ ie.

Definition: (Perceptual Policy) The perceptual policy distribution is de-
fined as a filtering of the internal model T" by the function ¢ via
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Figure 4.5: Transition matrix for the Interval Discrimination Task, learned with
an optimal policy 7*(a|s), darker colors are higher transition probability.
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ps(z]s) = T(s,z) @ e (4.19)

which, can be written also as a joint probability

Po(si, z) = T(sy, 2)e?®) (4.20)

this latter equation will be used to compute the optimization needed to obtain
the correct form of ¢.
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Figure 4.6: Traces of the probability distributions present in T(st,st+1). Blue
traces correspond to earlier states, purple traces to later ones, each corresponding
to a row in the transition matrix T’

Compression in the non-isomorphic case

Given that conceptualisation of affordances lies under a principle of compression,
we’ll briefly outline how this could be implemented in this framework i.e. we’ll
briefly look at the non-isomorphic case n; < n,, where § € S is a compressed
version of the state space S. Given, that the internal model T contains all of the
state-transition information available in the environment, we can use this matrix
and compress the underlying transition structure for future states. In any given
environment, not all states will be available for future transitions, so it’s likely that
the pattern of transitions from s to a future state z can be encoded into a lower
dimensional space.
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As we're dealing with probability transition matrices which are non-negative,
one of the most straightforward approaches to factorising them is to use Non-
negative Matrix Factorization (NMF) (Lee and Seung, 1999, 2001). In NMF, the
primary objective is to decompose a given non-negative matrix T into two non-
negative matrices W and H, such that 7'~ WH. The matrices W and H are
often interpreted as the basis and coefficient matrices respectively, underpinning
the data represented by T. The formulation of NMF is inherently tied to the
optimization problem where one seeks to minimize the discrepancy between T and

the product W H, subject to the non-negativity constraints, concretely

min T —WH|% st. W>0,H>0 (4.21)

where || - || denotes the Frobenius norm. This optimization is typically non-
convex and non-analytic, and is tackled through iterative methods that alternately
update W and H, gradually improving the approximation W H to T. A widely
adopted approach for solving this optimization problem is through the use of up-
date rules derived from the Karush-Kuhn-Tucker (KKT) conditions for the non-
negativity constraints (Lee and Seung, 2001).

o
>

NMF Components(s)
o
[N)

©
o
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Figure 4.7: First two non-negative components of the basis matrix IV for the
transition matrix 7.

For our particular case in the Interval Discrimination Task we can fully describe
the transition structure of the observed states s with two components that span the
short and long interval transitions as one can see in Figure 4.7. These components
contain a bimodal structure which spans both pre (before state 40) and post-second
tone states (past state 40), summarizing the structure that’s visible in the traces
presented in Figure 4.6.
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This architecture is equivalent to defining a two-dimensional encoding of S,
which for our particular construction would be equivalent to defining a bottleneck
with the transition structure S — S — Z, where the initial compression of S
would be performed through the NMF method.

Given this compression of .S one could then adapt the perceptual policy defi-
nition so as to be based of the basis matrix W, concretely

ps(2]8) = W(5,2) @ e (4.22)

This serves as a basic example of how compression on the observed states could
be performed. In the following sections we will explore how affordances could be
implemented in this framework so as to generate a new distribution of future latent
states Z.

4.3.1 Defining a novel loss function

In the most general case, solving an MDP should entail obtaining both the opti-
mal behavioral policy alongside the perceptual policy. In the maximum entropy
paradigm, finding the optimal behavioral policy implies maximizing the entropy
of the distribution m to explore more effectively the full state space.

The global loss function for this problem will be defined through two sub-
losses, J,(0) and J,(¢) for the behavioral and perceptual policies, respectively.
The optimization of J,(#) can be done through a multitude of ways such as using
soft actor-critic (Haarnoja et al., 2018), DQN (Mnih et al., 2015) or specifically the
multi-agent model presented in Chapter 3 (Cruz et al., 2022)°. We take inspiration
from the framework developed by Levine (2018), where the behavioral policy loss
is written as

T
Jq(6) Eromr ZT st, ar) + L(qp)] (4.23)

t=0

where 7(s, a) is the optimality function and L(gp) is the description length (Ris-
sanen, 1978; Griinwald, 2007) associated with event (s;, a;) under the variational

5The most consistent solution to this loss function would be methods that are entropy regu-
larized as well, but we relax this condition in order to include the method developed in Chapter
3
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distribution gy (s, a;), which we’ll try to optimise so as to match the optimal policy
7* (Levine, 2018). It’s explicit form is given by

L(go) = —log qo(ss, ar). (4.24)

We will expand this initial loss function by adding a novel term relative to the
latent states z over the perceptual policy p defined via the joint py, considering
now that the optimality function is the affordance function g defined earlier. The
optimisation also takes into account that for the perceptual policy we want the
opposite goal to be optimised in what regards entropy i.e. it should be minimised
instead of maximised, concretely

J(0,0) = Jo(0) — Jp(¢) (4.25)
where
T
Jp(¢ Er.~p Zg 5¢,2) + L(pg)] (4.26)
t=0

where the full dependencies of J, are given by J,(¢, s, z;) which we shorten to
just J,(¢) for easier readability. The future latent state z; is defined as z; = s444
and the term L(pg) refers to the description length (Griunwald, 2007) of event
(st, z¢) over the joint perceptual policy p, given by

L(py) = —logps(st, 2t). (4.27)

Note that the entropy for a given future latent state and state pair (z;,s;) is
defined as ¢

H(py) = — Z%(Stv zt) log py(se, z) = — Zpas(sn zt)L(py) (4.28)

t=0 t=0

where we’ve inserted the definition of the description length of the event (s, z;)
under p, in the latter expression.

6A similar definition can used for the variational approximation of the optimal policy gg
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Entropy minimisation of the perceptual policy

The intuition behind this optimisation goal goes as follows; in order to correctly
evaluate value over a given latent state, the relevant state identities must remain
constant. As we’re sampling from a distribution, the degree to which the future
latents z; remain constant for a given s; depends on how entropic the joint py is.
A more entropic distribution pg would generate more variability in terms of which
future latent states z; would be associated with a given observed state s;.

Due to the fact that we’re trying to perform credit assigment to these future
states z;, if they are not stable enough then this would not be possible, as the cor-
responding value representations would not be stable as well. In order to correctly
evaluate the value functions associated with the latent representation z; we should
minimise the entropy of the corresponding sub-loss function J,, which will lead to
a joint distribution py with low entropy as well.

How can we map these intuitions regarding entropy to the corresponding cor-
ticostriatal loops that would perform these computations? Although there are
no direct measures of the distribution of entropy in state representations across
cortex, we can link the underlying reasoning to anatomy by following a line of rea-
soning that takes into account another observable, the cortical temporal constants
referred in Section 1.2.2.

Having a lower entropy in the perceptual policy distribution means that the
latent future states that will be selected are more stable; this also implies that the
underlying neural temporal constants of the neurons keeping these representations
should also be higher. Higher temporal constants have been associated with higher-
order associative and prefrontal areas in the cortex (Murray et al., 2014), which
neatly map to the corresponding higher order corticostriatal circtuis that we're
associating with the X-agent, specifically mapping into the dorsomedial striatum
(Alexander and Crutcher, 1990; Haber and Knutson, 2010).

Final expression of the perceptual policy

We now have all the required ingredients to derive the final expression of our
perceptual policy loss function. Expanding the point-estimate term over py in
Equation 4.26 gives

Jp(9) = —En~p[z 9(st, 2t) — log py(st, z)] (4.29)

t=0



and using the definitions for both the affordance function g and the joint per-
ceptual policy p,s the complete expression is given by

T
To(0) = —Erop[d log > T(sy, 2)A(z,a) — log T(s;, z)e?*)]. (4.30)
t=0 a

We also make the assumption that the model learned by the agent is close
enough to the actual environment probability transition matrix i.e. T should
converge to T, thus we can simplify the equation above by cancelling T and T,
concretely

T
Llsrz) o0 Alzt; )
l9) = _E”N”[; tog Tisy %) e?)

] (4.31)
With this we now have the final expression for the perceptual policy loss
T
To(9) = —Ernp[)  0(2) —log Y A(z,a)] (4.32)
t=0 a
which we will try to solve in order to obtain the optimal filtering ¢ that will be
applied later on to the internal model M in order to obtain the perceptual policy
distribution.
4.3.2 Solving for the perceptual policy
We can now optimize the expression obtained above in regards to ¢(z) by perform-
ing gradient descent. First we need to impose a normalisation constraint on pg so

that it remains a distribution, i.e., for a given observed state s, the joint p, should
be normalised, i.e. for a given path over the pairs (s;, ;)

qub(St,Zt) =L (4.33)
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As we're calculating an expected value over a path of future latent states z,
given an observed state s;, the expectation E., ., turns into

Ip(d) = — Z%(Sm ) [0(z) — logz Az, a)] + )\(Z po(se, z) —1)  (4.34)

t=0 t=0

where A is the lagrangian constraint over the normalisation condition. Calcu-
lating the minima over the filtering function ¢ for a given latent z gives us

gj}g)) =0= py(se, 2)[o(z) — log;A(z, a)+ A =0 (4.35)

as now only the terms relative to the chosen z survive the derivative. This
leads us to a closed form expression for ¢(z)

#(z) = log Z A(z,a) — A (4.36)

the normalisation constant A can be obtained through the constraint condition.
For a given s; we sum over all possible z

Zp¢(st, 2)=1= Zf(st, 2)e?®) =1 (4.37)
which can be simplified into
ZT(st, 2)elosLa A=A — (4.38)
thus giving the A for a specific state s;

A(s) = logZZT(st,z)A(z,a). (4.39)
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Limit case for the normalisation constant

We now have an unfortunate dependency on s;, however, given that we're per-
forming the sum over all future states z and all future actions a, with the internal
model T being a normalised transition matrix (3, 7'(s;,z) = 1) we can define
an upper bound constant K which is dependent on the maximum value that the
action preferences can take for a given action a, max, A(z,a). One can then show
that [A(s;)| < |K| as for a given state s; we have the following inequality

(4.40)

log Z T(sy, 2) Z A(z,a)

where ng is the total number of states. This allows us to use the normalisation
term as a constant instead of it being dependent on an observed state s;. The final
equation for the filtering vector ¢(z) is then

< |log max ng Z A(z,a)

o(z) = log [ ZA 2 a] (4.41)

which can now be calculated in a straightforward manner for a given future
state z.

4.4 Linking with the multi-agent model

In the specific case where the optimal policy is learned via the DLS agent action
preference (see the definition of the multi-agent model in Chapter 3) AL, we can
write the filtering vector for agent X as

¥ (2) log{ ZAL z a} (4.42)

As we can already see from this equation, we have constructed a hierarchy
amongst the agents X and L. The state representation of agent X is now fully
dependent on the action preferences of the L agent. These action preferences are
the filter which will select, from the learned transition model TE of agent L, which
states z; the new agent should pay attention at each s; (see the MDP diagram in
Figure 4.3).
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The filtering function for agent X - ¢ - is thus given by the expression

¥ (2) = log lz > wp L AP (2, a)] —log K ~ log lz > wp AP (2, a)] (4.43)

so the final perceptual policy expression is given by a sampling from the filtered
transition model, i.e.

2o pX(2ls) ~ TH(s0,2) © ) wpn AP (2,a). (4.44)
a p

For a given state state observed by the agent L - s; the perceptual policy (a
vector of size n,) will select which future states the agent should pay attention
to as containing useful affordances in the environment. These selected states (z
which in the notation of Chapter 3 will turn into s;*), will serve as the new state
representation on which a new set of action preferences AX will be learned, thus
creating a hierarchical state structure anchored on previously learned action pref-
erences. We will see in the following section how this representation has the right
expressive power to model the experimental data shown in Chapter 2 with the
implementation achieved in 3.

4.4.1 Filtering mechanism via the perceptual policy

As we calculate the perceptual policy by performing the computation in Equation
4.44, we obtain a filtering of states that only allows for post-second states to
occur as potential transitions for a given state s;. This can be seen, through the
resulting matrix, shown in Figure 4.8, where the previous existing transitions pre-
second tone (before state 40) have now a very low probability (values close to zero
are painted white), while only the post-second tone transitions remain as potential
states that can be accessed by the perceptual policy.

This filtering occurs due to the nature of the active suppression of motion
that the agents need to perform and which increases the overall activity of the
indirect pathway action preferences A™!. The high values of the indirect pathway
push the total action preferences of the L—agent A" to zero in the pre-second
tone region. This then leads to a negative mask for the pre-second tone states
and a positive mask probability for the post second tone states. This effect is
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Figure 4.8: Traces of the probability distributions obtained from the optimal so-
lution of Equation 4.22. The white diagonal on the leftmost side of the matrix
represents zero probability states, with all transitions now happening to post-
second tone states (past state 40).
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in line with our initial conception of affordances as a potential mechanism to
generate new state representations, as only the states on which an action is actually
performed (remember that high indirect pathway values lead to a HOLD action to
be executed) become relevant as a potential learning substrate for future reward.

The mechanism here presented can also be thought of as a form of preemptive
planning, or pre-planning, where a new representation emerges that already con-
tains the correct behavior that should be performed in an previously experienced
environment; in the case of the timing task, choose the short noseport in the first
half of the delay period and the long noseport in the second half. This creates
an overlap in both non-rewarded states (as breaking fixations incur in a negative
reward) and positively rewarded states, the implication being that the agents use
a learned model of the world to generate a drive for action that is anchored on a
prediction of future reward.

The perceptual policy now creates a more compact state representation, which
do not contain stimulus information. As was shown in 3, for the multi-agent
model, the X-agent can base its action preference learning on this alternative
state representation, leading to the emergence of the breaking fixation behavior
which was absent in the single agent model.

4.4.2 An anatomical hypothesis for the computation of the
perceptual policy

We hypothesize that the mechanism described above can be one of many potential
candidates for the formation of these representations. Disambiguation in this case
will only be possible if one actually perturbed upstream cortical areas, which might
have both the thalamocortical action preference information and the model of the
environment that the agent might learn from experience.

Following the anatomy, we hypothesize a potential circuit that could allow
for the generation of a more testable hypothesis. Although the usual striatal
hierarchy along the striatum goes from medial to lateral and ventral regions of
the striatum (Haber and Knutson, 2010), which to some extent would imply that
the perturbation would be inverse of the one we're proposing, we’re anchoring
the hypothesis of this mechanism on the intracortical networks (as described in
Section 1.2.2) and their bidirectional connectivity amongst both sensorimotor and
prefrontal areas.
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The bidirectional connections amongst sensorimotor and associative cortex cir-
cuits might provide the necessary bottom-up information transfer of state repre-
sentations with high-granularity, currently assumed to lie in dorsolateral circuits
to those more abstract and less granular representations that might exist in dorso-
medial and ventral circuits. Specifically, the sensorimotor cluster made consisting
of the secondary somatomotor (MOs) and the primary sensorimotor areas (SSs)
connect directly to the cluster of associative sub-regions made up of the dorsal
anterior cingulate area (ACAd) and the medial and ventrolateral regions of the
orbitofrontal cortex (ORBm, ORBvl), the former being a constituent region of the
prefrontal cortex which, as was been mentioned before, has been associated with
higher order abstractions (Zingg et al., 2014)".

As described in section 1.2.2, these circuits shape a set of parallel striatocortical
circuits(Hunnicutt et al., 2016; Hintiryan et al., 2016; Foster et al., 2021) which can
be mapped to the same circuits that we associated with each one of the agents in the
model developed in Chapter 3. Specifically, the sensorimotor cluster, connecting to
the dorsolateral caudoputamen (CP.dl) ® is associated with the dorsolateral circuit
and L-agent and conversely the dorsomedial caudoputamen (CP.dm) is associated
with the X-agent.

The recurrent connectivity within the associative cluster makes it hard to dis-
entangle a more specific circuit, so understanding information flow would require
highly region-specific ablations in order to probe the effect of optogenetic inhibi-
tions. However, more global perturbations might allow to continue shaping this
intuition, i.e. inhibition of all sub-regions of the associative cortex mentioned could
potentially block the shaping of the abstract representations which lead to the cre-
ation of the drive signal in the dorsomedial agent described in Chapter 3. This
perturbation could have the effect of decreasing the amount of breaking fixations
that mice do during the delay period. However, one can also imagine that these
drive signals are essential for solving the task itself, as in the end they contain
the necessary task structure information that allows for the optimal behavior to
emerge.

Specific inhibition of more local subnetworks, such as the one consisting of the
MOs, ACAd and ORBm might provide some information as to how this informa-
tion itself is transferred amongst regions. We propose that the filtering process
presented in Section 4.4 lies within these cortical bidirectional sub-circuits and
as such, perturbation of the connectivity between them might have an equivalent

"Region nomenclature is taken from Zingg et al. (2014)
8Region nomenclature adapted from Foster et al. (2021)
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effect to the direct cortical inhibition proposed above. For a visual presentation of
this hypothesis, please refer to the full circuit diagram in Figure 4.9, adapted from
(Zingg et al., 2014; Foster et al., 2021; Hintiryan et al., 2016; Hunnicutt et al.,
2016).

4.5 Discussion

The question of what state representation animals use to solve any kind of task
is a fundamental and unsolved one. Most attempts rely on a lot of modeling
assumptions about what’s relevant for the animal. At the level of sensorimotor
circuits, these assumptions are usually reasonable, even if laden with a tint of
antropomorphism.

The most salient events of the task, things such as visual or auditory stim-
uli and movement triggers are useful anchors that to some extent have been well
studied in terms of their assumed presence in the animals perceptive and neural re-
sponse field. However, when one starts dealing with more abstract representations,
ones which are less connected with the immediate experience of the organism, the
problem shifts to what processes might be responsible for creating those abstract
representations. Here, the processes are not directly anchored to the stimuli but
probably in a secondary fashion, as the relevant elements that guide their creation
can be assumed of a higher level as well, such as securing a future reward in an
uncertain environment. This entails some notion of the future states of that envi-
ronment and consequently and consequently a probabilistic model of what states
are more likely to occur given current information.

In Chapter 3 we developed a multi-agent model that was able to express a set of
experimental measures of mice performing a temporal interval discrimination task.
The requirements of this dataset ruled out a single agent reinforcement learning
model due to the lack of expressivity regarding the breaking fixation behavior and
the dynamics of both direct and indirect pathway activities, expressed as action-
preferences (see Section 3.3). In order to increase the expressivity of this model, a
new agent was introduced that contained a more abstract state representation of
the task (Section 3.4).

However, this representation lacked a formal justification as to what process
might lead to its formation. One potential mechanism that could allow the shaping
of such a distribution could be an Information Bottleneck process. The intuition
behind this idea is that abstraction might imply some amount of compression.
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Figure 4.9: Full diagram of the circuit potentially responsible for the bottom-up
filtering process that leads to the generation of a more abstract state representation
defined in section 3.4.1. Nomenclature adapted from Foster et al. (2021); Zingg
et al. (2014).
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In the case of the timing task, one can think that all states before the decision
boundary are ”left-action states” and all the states post-decision boundary are
"right-action states”. This is equivalent to treating each collection of states as a
single entity, which could be encoded in some form of perceptual policy, that takes
the direct sensorimotor representation and associates the corresponding ”class” to
which the current state belongs to.

The Information Bottleneck method is a potential approach to finding the cor-
rect policies for such a set of state representations. We explored, through a toy
example, what could be a potential adaptation of this method to the Interval
Discriminatio Task in Section 4.2. As expected, the method gives us the correct
policies for the latent policies (that would be equivalent to the more abstract rep-
resentations) but in order to do so it relies on the specification of how many such
states should exist. In a sense, the solution is already given in the choice, which as
a representation scheme works but not as a model for what might be happening
in the animal.

We proposed an alternative process, also based on information theory princi-
ples inspired by the work done in Levine (2018), which assumes that the agent
is following a multi-objective loss function. This objective, expressed in Equation
4.26, assumes that the organism is trying to simultaneously obtain the behavioral
policy that maximizes reward, whilst simultaneously trying to reduce the entropy
of its perceptual policy, which represents an encoding of observed low-level states
to a set of higher-level future latent states.

The optimal perceptual policy is obtained by optimising a mask over the low-
level state representation, thus only making relevant the states that were acted
upon. This connection between the filtering of states and their associated actions
is assumed to be a potential formal description of the concept of affordances,
put forward by James Gibson, which might open up a new set of theoretically
relevant processes that lead to the generation of state representation hierarchies.
By taking the transition model learned by the agent and filtering it with the
action-preferences of the low-level action-preferences it turns out that one obtains
the same states as the ones assumed in the model developed in Chapter 3.

Although we’ve only explored this process in the context of the IDT, one can
assume that the overall concept of filtering might be useful in other task circum-
stances. For instance, when in spatial environments which contain regions that
might be deemed as dangerous for an agent or organism, this filtering might be
a quicker way of learning the necessary inhibitory signals that would allow the
animal to avoid those regions of space. The same could be applied to learning va-
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lences for particular classes of stimuli which, though slightly different, might have
the same value in a specific context; for example, the value of a card suit in a game
might be the same for the whole suit, although all the cards in a suit are different.

As we shall see in the final chapter of this thesis, this idea might shape the
beginning of a new formalism that can have some expressive and predictive power
for corticostriatal circuits, but for now it remains as an already useful formalism
that can lead to the specific anatomical hypothesis regarding how corticostriatal
circuits generate task representations in the domain of the interval discrimination
task.
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Chapter 5

General Discussion

The functional role of the basal ganglia and its connections with other brain regions
has been a topic of research and debate for centuries. From high-level philosophical
theories of it being the nucleus from which volition might emerge, to complex theo-
retical and biophysical models of its activity, this elusive brain region still contains
a deeply complex set of inner workings that have required multiple scientific areas
to be joined together in order to build a shared understanding of these circuits.

As we’ve seen in Chapter 1, this century-wide conversation uniting neurobiology
and computer science has led to one of the most fascinating conceptual develop-
ments regarding brain function, that of the brain computing Reward Prediction
Errors as a way to learn the value of states and actions in an environment. From
this concept, a multitude of other ideas have emerged, anchored on the basic prin-
ciples that guide the optimality conditions present within Reinforcement Learning.
Added to this, questions about the role of the basal ganglia in movement disorders
moved in parallel to this narrative, allowing for a rich tapestry of hypothesis and
results (Mink, 1996) to be interwoven into the fabric of knowledge we have today.
Its seemingly paradoxical role in simultaneously allowing for suppression and pro-
duction of actions opened up a line of inquiry that is still open to this day, with
one circuit emerging as an essential element; the direct and indirect pathways of
the basal ganglia.

In order to better understand this circuit, recordings were made from the dor-
solateral striatum of mice performing a temporal interval discrimination task re-
quiring voluntary suppression of movement. One crucial aspect of the behavior of
these animals was the pattern of breaking fixations and consequent choices. As
was shown in Chapter 2, it’s intriguing that even though mice present a subopti-
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mal behavior by breaking fixation before the occurrence of the second tone, their
subsequent choices match what would be the ”correct” choice if a second tone had
occurred. This behavior generated a bimodal distribution of breaking fixations
that also mimicked the actual structure of the task, hinting at a potential latent
plan that could serve as the driving force behind this behavior i.e. the mice, even
failing to perform some trials, had some knowledge of what would be the correct
choice at every time point.

Due to co-activation, on movement onset, of dorsolateral striatum direct and
indirect pathways having been previously observed, (Cui et al., 2013; Tecuapetla
et al., 2014; Markowitz et al., 2018) this region served as the optimal candidate
to study what could be the underlying dynamics of motor suppression and ex-
pression. Indeed, co-activation of these pathways was observed during movement-
related epochs, specifically during trial initiation and choice reporting at one of
the side ports. Notably, during periods of active immobility, sustained activity
was observed in the indirect pathway while activity in the direct pathway re-
mained comparatively lower. Furthermore, optogenetic silencing of dorsolateral
striatum iMSNs also demonstrated that this preferential engagement was causally
implicated in action suppression.

Modeling this task, in particular, the suboptimality of their behavior in con-
junction with a dynamic pattern of activity during the absence of choice, is not a
trivial task. If one takes into account that an extremely basic Q-Learning or simple
actor-critic agent can solve the task with perfect accuracy, one needs to ask where
the inefficiencies might be coming from. Initial culprits might be the inaccurate
estimates of time (Gibbon, 1977; Gouvea et al., 2015; Motiwala et al., 2020) that
mice might perform, but that wouldn’t by itself generate the breaking fixation
behavior, as badly estimating an interval wouldn’t directly lead to not hearing the
second tone stimuli or fully hallucinating a second tone at the incorrect timepoint
in the delay period.

Alongside these observations, functional asymmetry was detected in the effects
of optogenetic inhibition. Silencing dorsolateral striatum iMSN activity impaired
the animals’ capacity to suppress contra-lateral actions during active immobility
periods but did not affect the vigor of these choices. In contrast, inhibition of dorso-
lateral striatum dMSN activity did not impact the likelihood of premature behavior
but increased the time required for animals to report a choice post-fixation break,
aligning with prior studies that implicate the basal ganglia in action vigor regula-
tion (Turner and Desmurget, 2010; Panigrahi et al., 2015; Dudman and Krakauer,
2016).
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In Chapter 3, we've exposed the inner workings of a model that contains not
only biophysical detail but also behavioral expressivity. We've also generated a hy-
pothesis in Chapter 4 regarding a potential mechanism of abstraction that allows
for higher-order state representations to be formed through an attention mecha-
nism, inspired by James Gibson’s concept of affordances and Information Theory.
We’ll quickly recap how this framework fits in the overall literature and what
contributions might still be possible in future work.

5.1 Multiplicity of agents

5.1.1 Computational role of the direct and indirect path-
ways

As we've seen in Chapter 1, initial research posited functionally opposing roles
for the basal ganglia’s two major pathways, confirmed by later experiments which
showed that these pathways differentially influence aspects of behavior such as loco-
motion, motor sequence production, reinforcement, and decision-making (Kravitz
et al., 2010, 2012; Roseberry et al., 2016; Tecuapetla et al., 2016; Sippy et al., 2015;
Tai et al., 2012; Yttri and Dudman, 2016). However, concurrent activation of both
pathways is often observed during movement, contradicting this traditional view
(Cui et al., 2013; Tecuapetla et al., 2014; Markowitz et al., 2018; Cox and Witten,
2019).

A hypothesis reconciling this contradiction suggests that normal behavior in-
volves promoting one motor plan while suppressing potentially competing ones
(Mink and Thach, 1993). Dopaminergic modulation of the two largest classes of
medium spiny neurons supports this framework, with dMSNs and iMSNs respond-
ing to positive and negative reward prediction errors, respectively (Collins and
Frank, 2014; Gurney et al., 2015).

Studies on action selection have often overlooked the critical role of action
suppression. This neglect may arise because an action is overtly observable, while
successful suppression remains latent. Additionally, standard operant behaviors
in laboratory settings do not always require explicit suppressive mechanisms. To
effectively study action suppression, experimental paradigms must be designed to
reveal the process’s hallmarks (e.g., failure to remain immobile when required, as
in the dynamic reward contingencies of specific tasks).
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Experimental evidence also indicates the importance of suppression in decision-
making, as shown in saccade experiments, where inhibiting iMSNs impaired mon-
keys’ decision-making abilities (Amita and Hikosaka, 2019; Hikosaka et al., 2019;
Kim et al., 2017). Traditional models, which define a single value for each action
incremented or decremented by dopamine-encoded reward prediction errors, are
limited in explaining dopamine’s modulatory effects on incentive and asymmetric
learning outcomes (Frank et al., 2007; Jocham et al., 2011; McClure et al., 2003;
Berridge, 2012; Salamone et al., 2005).

Alternative models like those focusing on vigor are also insufficient, as they
don’t fully consider the impacts of dopamine depletion or differential effects on
choice valence (Niv et al., 2007). The Opponent Actor Learning (OpAL) model by
Collins and Frank (2014) seems to offer a more nuanced approach by recognizing
the differential encoding of dopamine in distinct striatal neuronal populations and
their projections to different basal ganglia output nuclei (Kravitz et al., 2010) how-
ever, the underlying plasticity rules do not take into account the non-linearities
and negative baselines inherent in the dendritic volume changes observed exper-
imentally (Iino et al., 2020; Gurney et al., 2015), as well as not allowing for the
co-activation of the pathways due to the mutually exclusive nature of their update
equations.

Even though the OpAL model effectively captures dopamine’s influence on both
learning and performance and the effects of optogenetic perturbations, showing
that specific action values can be modulated through D1 and D2 stimulation (Tai
et al., 2012), its direct adaptation does not by itself allow for the modeling of
the absence of movement. Even taking into account other approaches present in
the robotics literature that separate the processing of reward and punishment,
(Navarro-Guerrero et al., 2017; Elfwing and Seymour, 2017) similar issues emerge
as the specificity of the observed D1/D2 dynamics are not present if one implements
directly the underlying learning rules.

Given this, we approached the problem of modeling this data by adopting
a set of architectural motifs present in the literature and inserting the missing
components that in principle should allow for the expression of the behavioral and
neural profiles present in the experimental data.

What was accomplished in modeling terms was a multi-agent configuration,
where the role of these two pathways can now more directly be understood within
the context of a multi-level hierarchical configuration of state representations. The
roles of these two populations of direct and indirect pathway neurons are now not
only seen through a lens of behavioral control via direct suppression or activation of
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motor programs but also as components of a more complex configuration of parallel
circuit motifs that are in direct competition with each other for expression.

5.1.2 Further predictions of the multi-agent corticostriatal
model

The decision to utilize a multi-agent architecture for our model was informed by two
critical observations. First, both physiological data and manipulative experiments
indicated that the DLS primarily functions to inhibit rather than facilitate action.
Second, a single-agent architecture with a state-space representation incorporating
elapsed time and second tone failed to generate broken fixations and the underlying
dynamics present in the direct and indirect pathway activities.

Specifically, action values remained consistently low during the delay period
once the agent was aware of the second tone, resulting in no action initiation. This
is a natural consequence of the negative RPEs that the agent received every time an
action was chosen during the delay period, increasing the indirect pathway action
preferences A% (s;, a;) of the DLS agent and setting them above the direct pathway
action preferences AP (s, ay), triggering the HOLD action during the entirety of
the delay period. The convergence to this combination of action preferences is
a valid solution to the task, as there is no natural incentive within the reward
structure of the task for fixations to be broken, hence no positive RPEs are received
by the agent during the delay period and consequently the direct pathway, which
in the single-agent case is the only driving force for action execution, does not
accumulate positive energy in any of the available actions.

Given that even experimentally, DLS dMSNs did inhibition did not produce an
expected decrease in breaking fixations (under the assumption that the drive to
move would be coming from this population), the drive to break fixations has to
come from another circuit. Looking into the parallel nature of the corticostriatal-
thalamocortical loops that were described in Section 1.2.3, one potential candidate
was assumed to be a higher order circuit, potentially in the DMS region of the
striatum, which due to its anterior projections to prefrontal regions could contain
a more abstract state representation of the task. Given that these parallel circuits
show a canonical architecture, being composed of direct and indirect pathways and
projecting to specific regions of the sub-nuclei of the basal ganglia (STN, GPe, GPi
as shown in Section 1.2), the choice of a similar architecture for the new agent was
natural.
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This new agent, of which we were initially agnostic as to the brain region that
it would represent, would also contain similar direct and indirect pathway action-
preferences, sharing the action space but having a distinct state representation.
We thus introduced a modified state-space representation that lacked information
about the second tone. This assumption was the result of a loss function mini-
mization (see Section 4.26) that took an internal model of the environment and
learned an attention mask over the states with the highest affordances present in
that environment. This allowed for a higher task-abstraction level to emerge on
which a new set of action preferences could be learned, enabling the generation
of a driving function that ended up being responsible for the broken fixations.
Follow-up experiments corroborated that the DMS is integral to the neural circuit
implementing this second agent, sustaining the drive to act during the delay inter-
val. In Section 5.2 we’ll dive into a bit more detail as to the intuitions behind the
conceptualization of such a perceptual policy and also attempt to contextualize this
concept in the general machine learning literature where it can potentially lead to
fruitful developments.

It is important to mention that the underlying model is not the only solution to
this problem, but instead consists of a model class. If instead of adding an X-agent
with two pathways, one adds an agent with a single positively enforcing pathway,
the same results emerge and the breaking fixation is conserved. In the limit case,
a model with two agents, one with just a DLS indirect pathway action preference
and a DMS agent with just the direct pathway agent would be the model with the
minimum number of transfer function parameters that could fully reproduce the
existing set of results.

This puts forward two important questions; what is then the role of the DLS
dMSN and conversely what is the role of the DMS iMSN populations? One poten-
tial hypothesis is that given the particular state representations that each partic-
ular population inherits from its cortical afferents (Zingg et al., 2014; Haber and
Knutson, 2010), and the fact that the dMSN populations are only active during
action execution (a result which is expressed in the full action-preferences) the only
missing element is the functional role of the DMS indirect pathway activity, which
according to our model is not active during action execution (see Figure B.1). In
this model, the indirect pathway activity is then contextually dependent on the
representation, and as the more abstract representation does not ”care” about ac-
tually executing actions but instead in trying to predict what would be the future
action it serves no role. However, this disambiguation would only be possible if
actual recordings were done in this brain region, the hypothesis remaining as such
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until contrary evidence.

5.1.3 Multi-agent models of the brain

The conceptualization of different neural circuits as individual agents is not new,
although the specifics of the proposed architectures are less granular, overlaying
wider sets of corticostriatal circuits. One such proposal by Bornstein and Daw
(2011), associates different regions of the striatum to specific reinforcement learn-
ing model types; DMS with model-based algorithms and DLS with model-free, both
working as parallel circuits performing computations that use different amounts
of information regarding state-transition dynamics of the environment. This dis-
tinction is made to allow for the simultaneous expression of TD-learning-based
predictions in the DLS and the task-related representations that seem to coexist
in DMS circuits (Yin et al., 2004b, 2005).

In the case of the model proposed in this work, the model-based component ex-
ists as a substrate for state abstraction and not for directly calculating value, as the
corresponding model-based circuits are assumed to exist in the cortical afferents
of the striatal domain where the higher-level agent exists. Previous models sug-
gest that the model-based component was also part of the DMS circuit, implying
a different computation altogether. Although there are anatomical differences in
D2 populations in DMS in relation to DLS (the latter with greater concentration)
(Yin and Costa, 2009), this is probably not sufficient to assume an entirely different
computation. In our model, we propose that the underlying value computation is
the same but the state-representation on which the canonical striatal circuit oper-
ates is different, resulting in the different types of signals observed experimentally
(Kimchi and Laubach, 2009a,b).

It’s still unclear what is the differentiating factor between the state representa-
tions allocated to each agent. However, there’s some evidence that these processes
might be the consequence of predictive processes. Given that DMS circuits are
downward projections of prefrontal and other associative cortices, it might be the
case that these higher-order circuits’ objective is to use more abstract represen-
tations in order to predict future states of the world (Russek et al., 2017). Some
approaches that have taken this route use the Successor Representation (SR) as
the main algorithmic process for future state prediction. Given that prediction
involves some notion of the probabilities of certain events, having such a model
in terms of a discounted state transition matrix might be one potential strategy
that allows these circuits to operate (Momennejad et al., 2017). Our choice of
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defining an internal model T is somewhat inspired by this idea, but given that the
successor is not a normalized transition probability matrix, we’ve chosen to use an
approach that already provides those probabilities (Glascher et al., 2010; Gardner
et al., 2018) without requiring an extra computation. One disadvantage of this
approach is that there’s no associated time constant parameter for the underlying
predictions, something that might be of value in order to integrate a set of exper-
imental results that show the existence of differing temporal horizons across the
striatum (Wei et al., 2021). However, the extension of this model to one where this
is taken into account is quite straightforward via the substitution of the transition
matrix by a normalized SR matrix.

5.2 Multiplicity of iumwelts

“If we further consider that a subject is related to the same or to dif-
ferent objects by several functional cycles, we shall gain insight into the
first principle of Umwelt theory: all animals, from the simplest to the
most complex, are fitted into their unique worlds with equal complete-
ness. A simple world corresponds to a simple animal, a well-articulated
world to a complex one.” — Jakob von Uexkiill, A Stroll Through the
Worlds of Animals and Men, 1934

One way in which a system could be able to understand an environment where
the amount of information present is above the storage capacity of its memory
system would be to split that information into chunks and create a modular rep-
resentation of that same environment. Dividing in modules allows for parallel
processing, a strategy that not only scales computational power but also allows
for a distributed correction system. If one module fails at its job, other modules
might come into play to keep the system running.

The mirror of this for a biological organism is its own representation of the
world. Facing the same problem as the system above, it’s not too far-fetched to
think that similar strategies might have been employed in order to allow for an
organism to reach evolutionary fitness within its niche ecological realm. Given this
hypothesis, what mechanisms might have emerged in order to tackle this issue?

One potential way in which this problem might be solved is by allowing for
a hierarchy of representations to be made which, according to a given context,
are chosen to allow for the correct behavioral policies to be chosen. Given that
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world umwelt

Figure 5.1: Emergence of a perceptual policy p(z|s) in the niche ecology of a bee
in its ecological niche, adapted from Von Uexkull (1934)

these representations live in more abstract representational spaces, they should
affect mostly the perceptual relationship between the encoded percepts and the
observed states of the world that the organism faces, creating a mapping p(z|s)
between the observed states s and the encoded latent states z. This perceptual
policy can now be seen as a hierarchy-level dependent window into some aspects
of the organism’s environment, which given that there are multiple levels present
due to the necessary decomposition and modularization of the underlying encoding
process, shape a myriad of windows living at these different levels of the abstraction
hierarchy.

These windows must allow for a simultaneous decomposition of spatial and
temporal perceptual hierarchies; as an example, a bee moving in an area of dense
forestation should have the appropriate filters to avoid attempting the pollination
of flowers that will not contain pollen. This shapes a visual affordance map which
selects for primary visual characteristics of the relevant plants, allowing for efficient
sampling of the space. Conversely, temporal hierarchies are also highly relevant,
as they are also able to shape the corresponding affordance of objects with tem-
poral dynamics, e.g. an apple that will decompose and become non-nutritious as
time passes. Given the different timescales on which specific dynamics occur, the
nervous system needs to keep track of all the evolutionarily relevant representa-
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tions that span across different timescales, requiring thus a gradient of temporal
representations to be defined across the same hierarchies of abstraction that were
mentioned earlier.

If one now thinks of the brain as a whole, a factorization of the functional
relevance of specific brain areas can now be defined under a set of abstraction
domains. For instance, in the sensorimotor realm, a division into low sensory level
representations, such as the ones present in V1 might feed information not only
into more abstract visual areas but also into representations with some episodic
structure, which might feature hippocampal projections as their afferent (Pennartz
et al.,, 2011). This can, in mammals and specifically in humans, be turned into
representations that have a compositional and semantic property, shaping the for-
mation of language which might lead itself to the formation of even higher order
conceptual objects, containing abstract semantic connections (Fuster, 2001).

On the motor side, the same trajectory can be drawn, but downwards, with the
sharing of the conceptual realm with the sensory level, feeding into the formation
of plans and actions which then lead into the specific motor programs that will
be executed by the relevant motor systems. In all of these levels, the relevant
spatio-temporal discretizations are also employed, both on the sensory and the
motor level as in order to keep higher order representations, which emerge out of
the sustained activity of the lower order areas and which compress this activity,
should have longer temporal constants.

For each of these ”cuts” within the potential hierarchy/heterarchical and spa-
tiotemporal abstraction levels, the hypothesis we're putting forward is that one
can define a specific sub-agent, with its own representation and reward function
and its own domain-specific set of tasks to perform in conjunction with other in-
ter and intra-level agents. Each agent representing a particular canonical circuit
responsible for computing within a given hierarchy level, and similarly to the way
in which organism has an timwelt derived from its ecological niche, would have
an equivalent iimwelt for its own inner-world information ”abstraction ecology”,
which would be consistent with the over-arching mental ecology that would sustain
the whole of perception for the underlying organism. Although this opens up a
fractal of imwelts, it’s still a decomposable one as each component remains within
the scope of the three principles that seem to organize the architecture of nervous
systems: modularity, hierarchy, and heterarchy.

The role of entropy in this framework can be explained succinctly as follows; as
one moves up the abstraction ladder, the more stable these representations should
be and as such, their respective perceptual policy entropy should be lower as well. If
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Figure 5.2: Schematic of the underlying framework of this thesis with the different
hierarchical levels and their corresponding corticostriatal loops as horizontal cuts
through the hierarchy.
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not then the high-level representations which anchor the lower-level policies would
not be stable enough to allow learning (Keshmiri, 2020). This can be further
justified by the spectrum of time horizons that seem to exist across the striatum,
with bigger time constants associated with higher-order corticostriatal loops and
lower time constants lower-order ones (Wei et al., 2021). The bigger time constants
can be associated with lower entropy as the underlying representations span over a
wider set of state transitions in the environment, changing less over time, akin to
how in the interval discrimination task one could cluster SHORT and LONG states
during each half of the delay period. As these states are constant throughout these
distinct periods, their relative entropy would be smaller in relation to the actual
temporal dimension has been abstracted into two larger regions.

This conceptualization of the brain’s functional architecture, inspired by the
conjunction of both Von Uexkiill and Gibson’s frameworks, might open a fruitful
ground out of which one might be able to derive more model classes that try to
take into account all the underlying processes that were taken as assumptions in
this thesis. The processes that generate the state representations are still of a
tabular form instead of being derived from a dynamic process. The state represen-
tations themselves still only have a unidirectional communication channel between
hierarchies and finally, the development of the right mathematical framework that
is able to describe all of this in a generalizable form that can hold any number of
abstraction levels.

It is with this in mind that we will dive into what could be potential approaches,
within machine learning, that could open up a pathway for such a framework to
be developed.

5.2.1 Affordances as a mechanism of abstraction

The idea of encoding a latent representation of the world in a compressed form
is not novel. As was shown in Section 4.2, the classical Information Bottleneck
method could be a potential alternative in the case where the dimensionality of
the problem is pre-defined. Other approaches with a similar flavor to the one used
in this thesis (see Chapter 4) are based on a state-enconding scheme (Ghugare
et al., 2023), which aims at compressing state-space information within a max-
imum entropy minimization process similar to the one used to obtain the state
representation of the DMS agent. This approach involves defining a compressing
encoder from the high-dimensional state observations to some latent state, a pre-
dictive model of future latent states, and a policy over the latent states. This con-
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figuration assumes a single agent which operates only under the low-dimensional
latent representations derived from high-dimensional observations.

The equivalent affordance mechanism to our proposed mechanics for state com-
pression can be somewhat compared to the latent prediction term which tries to
guess which latent state should occur given an action, which is similar to the final
construction obtained by sampling from the perceptual policy p in order to cal-
culate the optimal policy 7. In our case, the optimality condition is given by the
sampled states being the next state, which shapes a sort of temporal compression,
or anticipation. Potential work could be done in trying to understand how these
two approaches could be joined together into a more global framework.

Other approaches, such as the one proposed by Khetarpal et al. (2020) encode
the definition of affordances in terms of what it would mean for an agent to carry
out that action ”successfully”. The authors define a notion of affordances based
on another notion; that of intent, a map of states to desired states after executing
a certain action. Affordances are then the subset of actions that lead to the pre-
defined intents, which could be moving into a position that’s closer to a reward
or, for example, choosing a short or long port after a second tone is heard in
our timing task. Although the mechanics that implement these affordances are
different, the guiding principle is still the same; compressing information about
the environment by reducing the available state-action pairs to those that have
been previously useful to the task, which in a way also serves as a mask over
the state-action space leading to a speeding up of the learning of value functions
in MDPs. This idea has also been used in robotics applications as part of the
learning process through image segmentation, which leads to associating specific
affordances to objects present in the segments or by calculating action scores which
represent the likelihood of a given action being performed successfully for a given
object (Yang et al., 2023).

Affordance computational models in vision and robotics are often tackled through
object-action recognition tasks. Nguyen et al. (2017) employs a dual-network ap-
proach with CNNs for object detection and pixel-wise affordance labeling, while
Do et al. (2018) integrates affordance and object detection in a single CNN, trained
end-to-end. Chuang et al. (2018) utilize GNNs for affordance reasoning and RNNs
for action explanation from an egocentric viewpoint. A criticism of these meth-
ods(Haméldinen et al., 2019; Kjellstrom et al., 2011) is their reliance on feature
extraction and supervised learning without world model exploration, hindering
adaptation to environmental interactions.

Recent works pivot towards RL for affordance discovery through world interac-
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tion. Nagarajan and Grauman (2020) discusses an RL agent learning affordances
by executing predefined high-level actions within a 3D environment, while Grab-
ner et al. (2011) approach affordance detection by simulating human actions and
assessing success likelihood. These models, however, are constrained by their pre-
defined action sets and lack real-world action learning capabilities.

Other theories posit that there’s a direct link between Affordances and the un-
derlying reinforcement learning mechanisms, where actions are tried and optimized
based on the reinforcement signals received. Unsuccessful actions are negatively
reinforced, which could potentially be linked to a functional role for the D2 striatal
populations, which prompt the avoidance of such motions (Chater, 2009) or avoid
movement to be performed (Cruz et al., 2022; Kravitz et al., 2012).

Efficient affordance learning involves a balance between the exploration of new
actions and the exploitation of known successful ones, a process central to rein-
forcement learning and described as the exploration/exploitation dilemma (Sut-
ton et al., 1998). Affordance perception also involves generalization, allowing for
recognition and interaction with novel objects based on similar experiences. Two
mechanisms are proposed for this generalization: policy generalization through
perceptual feature similarity and model-based reinforcement learning, involving
motion planning and prediction (Gershman and Daw, 2017). Affordance learning
in humans might also be enhanced by categorization, aiding in faster learning and
facilitating social communication and acculturation (Kjellstrom et al., 2011; Cisek,
2007).

All the aforementioned ways in which affordances can be implemented show-
case the flexibility of the concept as a theoretical tool for both understanding the
underlying representations of neural activity in animals and providing potentially
useful frameworks to develop novel algorithmic strategies for robotics. In this work,
we presented a new implementation of this concept, adapted to the specific needs
of the actor-critic framework being used to model the direct and indirect pathway
activities, but it might also be the case that this implementation can prove useful
for other applications and in the process generate new approaches and intuitions
for building more efficient reinforcement learning models.

5.2.2 Hierarchies in minds and machines

As was mentioned earlier, we can categorize a set of principles that seem to guide
the formation and underlying architecture of nervous systems; modularity, hier-
archy, and heterarchy. The concept of hierarchy has been largely explored in the
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context of reinforcement learning models, with approaches that utilize principles
anchored on multi-agent models with some degree of heterarchy or intra-level in-
formation transfer.

One of the most fundamental problems where having hierarchies helps is in
decomposing very high-dimensional state spaces. In the case of a complex task for
example, defining levels that contain sub-tasks that further contain sub-sequences
of actions might lead to a more stable learning process as the information required
to solve each level decreases. Abstracting the complexity of the environment into
tangible representations allows agents and organisms to have a better chance of
developing the necessary policies to navigate efficiently in a given environment.

One possible implementation is through clustering states with correlated out-
comes, thus reducing the total number of states that the agent needs to learn about.
This clustering can be done either in the spatial or temporal domain, leading to the
formation of temporal or spatial abstractions. Hierarchical Reinforcement Learn-
ing (HRL) provides a useful framing to include a wide range of model classes that
could potentially lead to useful prediction of neural correlates for abstractions.

A classic implementation of the Hierarchical Reinforcement Learning idea is
the Options Framework. This architecture allows agents to not only select from
basic actions but also from higher-level strategies, or options, each with its own
policy, initiation set, termination conditions, and associated pseudo-reward func-
tions. These options represent temporally extended sequences of actions, simpli-
fying decision-making by abstracting over many steps that would otherwise need
to be considered individually. As an example, in the temporal discrimination task
modeled in this thesis, two options could be defined; doing the left action in the
first half of the delay period and the right action in the second action. The Infor-
mation Bottleneck example in Section 4.2 provides a similar construction to what
would be obtained via the options framework.

HRL can be also implemented in a model-based and model-free way, where
the underlying sub-routines might have (or not) an underlying predictive model
of the environment. One strategy for obtaining multi-level temporal abstractions
that consolidate can be seen in the work by Momennejad and Howard (2018) who
introduced a multi-scale model of predictive representations that addresses limita-
tions in existing models that utilize the successor representation. By calculating
the SR with different temporal discounts, one is able to obtain representations
that are relevant at different time-scales, facilitating the compression of goals and
sub-goals into their respective temporal hierarchy. This idea could allow the con-
struction of options at different timescales, an idea that could also be explored
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within the context of the model developed in Chapter 4.

Traditional SR models require computationally intensive operations to deter-
mine the sequence of future states from a given starting point. These operations
involve non-linear manipulations of large SR matrices, which can be prohibitive in
terms of computational resources. Momennejad and Howard (2018)’s model cir-
cumvents this issue by utilizing the derivatives of multiple SRs, each abstracted at
different temporal scales. This method allows for the inference of both the distance
and sequential order of successor states, thus enabling the reconstruction of entire
expected future trajectories.

Besides the algorithmic strategies it is also important to consider if hierarchies
are observable in different organisms. Multiple results seem to suggest that hier-
archies do in fact play a role in the shaping of both behavior and neural activity.
Botvinick (2012) suggested that only a few extensions, with plausible neural corre-
lates, are needed to implement HRL, such as a mechanism for representing active
subroutines, likely linked to the dorsolateral prefrontal cortex, with other work
supporting the notion of the brain segmenting behavior into discrete units, fitting
well within the HRL framework.

In the neural domain, research has identified specific brain regions associated
with the hierarchical organization of behavior. The dorsolateral prefrontal cortex,
for instance, has been implicated in representing active subroutines and task sets,
as highlighted by studies such as those conducted by Koechlin and Summerfield
(2007), which show that this region is involved in tracking the hierarchical structure
of tasks. Furthermore, the ventral striatum has been shown to generate distinct
reward prediction error signals at different levels of the task hierarchy, as illustrated
by Diuk et al. (2013), providing evidence that it is sensitive to both overarching
goals and immediate subgoals.

Moreover, the dorsal anterior cingulate cortex has been proposed as a key player
in the selection amongst temporally abstract actions. Holroyd and Yeung (2012)
hypothesized that this region might trigger activity in the dorsolateral prefrontal
cortex to guide the execution of selected actions, thus serving a crucial function in
HRL’s multi-level decision-making architecture. This is consistent with the role of
the cingulate in regulating overall levels of task engagement and the selection of
actions within a hierarchical framework.

Another perspective is offered by Ito and Doya (2009), who suggests that HRL
mechanisms are distributed along a ventromedial-to-dorsolateral axis within the
striatum, comprising parallel, hierarchically interrelated learning modules. They
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postulate that different regions of the striatum—ventral, dorsomedial, and dorso-
lateral—are responsible for guiding action selection at varying levels of temporal
granularity, from high-level goals to fine-grained movements.

One of the key behavioral correlates of HRL is the ability to break down tasks
into manageable subgoals, a feature that has been extensively studied in the con-
text of problem-solving and skill acquisition. For instance, Thaler et al. (2013)
demonstrated that when individuals are faced with complex tasks, they tend to
organize their actions hierarchically by formulating intermediate goals that guide
subsequent behavior. This aligns with the concept of options in HRL, where high-
level actions (options) are composed of multiple lower-level actions.

Further behavioral evidence comes from studies on task-switching and mul-
titasking, which show that people tend to structure their behavior in a way that
reduces the cognitive load associated with switching between different tasks. Badre
(2008) showed that hierarchical structures could predict the patterns of task-
switch costs, indicating that humans naturally employ a hierarchical organization
to streamline the execution of multiple tasks.

The chunking of actions into sequences, which can be rapidly executed with
little conscious oversight, is another behavioral hallmark of HRL. Studies on habit
formation, such as those by Graybiel (2008), have revealed that with repetition,
sequences of actions become chunked into cohesive units that can be triggered
by contextual cues, suggesting a behavioral mechanism for the options framework
within HRL. However, one fundamental problem with this framework is that op-
tions do not tell us how to build the underlying representations - there’s a priori
knowledge of how to obtain things and given the anatomical and experimental
evidence organisms seem to bootstrap of the lower level representation and cre-
ate higher-level ones. Our proposed framework addresses this issue by allowing for
these high-level representations to be anchored on lower level ones via a information
minimisation principle.

Finally, and going back to the proposed model structure outlined in 4, one
could potentially extend the model to also consider multiple time-scales and further
representational levels, as outlined in Figure 5.2. As the structure of the perceptual
policy p(z|s) is dependent on a lower level representation, one could potentially
stack these representations indefinitely, with the condition that the lowest level
representation has such a big number of states that would make that hierarchical
decomposition useful. By stacking the perceptual policies in different levels k,
one could build a set of functions p(z¥|z¥~1) that would represent the latent state
representation & built from the lower level £ —1. Added to this, and given that the
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perceptual policy definition is dependent on a model of the world dependent on a
specific temporal discount factor 7, so as to constrain that representation at a given
timescale M~(zf, zf, ;). Potential mechanisms to learn these world representations
could be adapted from the Successor Representation Dayan (1993); Stachenfeld
et al. (2017); Momennejad et al. (2017).

This would give then a set of perceptual policies p?(z¥|2#71) and environment
models M7 (zf, zF, ;) that would potentially shape the learning of the value func-
tions for a given level k and temporal discount . This extension of the model will
be the next step in the development of this framework, as well as its application
to tasks designed specifically to prune out hierarchical structures out of behavioral
and neural signals.

5.3 Closing remarks

In this thesis, we have delved into a mechanistic understanding of the basal gan-
glia, examining the functional interplay between the direct and indirect pathways,
particularly during action suppression and co-activation during movement. These
insights might be pivotal, given the basal ganglia’s involvement in disorders char-
acterized by impaired inhibitory control across both motor and cognitive domains,
in allowing for potential new treatments of these disorders.

We employed a multi-agent model based on reinforcement learning, capturing
the neural and behavioral profiles within the dorsolateral and dorsomedial stria-
tum. This model simulates the behavior effects of inhibiting specific striatal pop-
ulations and predicts activity profiles within different striatal regions. The model
posits each agent within a distinct state representation that drives reinforcement
learning through different reward prediction errors as the animal interacts with its
environment. This approach integrates hypotheses regarding the parallel circuits’
functions, such as arbitration between control types in response to task demands.

Enhancing this multi-agent model, we incorporate state representation abstrac-
tion via affordances in a hierarchical setting, a theoretical progression from simple
sensorimotor to complex, abstract representations linked to frontal cortical areas.
This abstraction allows the model to predict actions and manage conflicting behav-
ioral drives, aligning with traditional basal ganglia circuit functions and contempo-
rary reinforcement learning control frameworks. We propose that the abstraction
process, which could also potentially be implemented by an adaptation of a Varia-
tional Inference process over latent states, compresses state representations to form
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more general classes of action states, aligning with the general conceptualization
of affordances. This hierarchy of state representations could reflect the varying
degrees of abstraction in the corticostriatal projectome, from specific sensorimotor
events to more generalized and compressed environmental representations.

Although the proposed framework has only been applied to the temporal dis-
crimination task presented in this thesis, future work will imply the application of
this framework to other tasks and also allow the development of a more general
algorithm structure. Throughout this thesis, we've focused on applying the basic
architectural principles of the corticostriatal circuits into shaping the models used
to predict behavior and neural activity. Hopefully, this process can be done in the
direction of improving existing Multi-agent Hierarchical Reinforcement Learning
frameworks and allowing for more efficient applications of these principles, as well
as to further contribute to the progress of understanding how artificial intelligence
models could also be shaped by brain-inspired architectures.

Unexpectedly, the shape of the underlying thesis being proposed has taken a
somewhat fractal structure. We've proposed that the concept of Umwelt can be
extended beyond individual organisms and be applied to specific neural circuits.
Thus, it’s possible that the brain can be seen not only as a single information
processing entity but as the collection of a myriad of such entities operating in
concert and using different views of the world in order to shape a greater picture
that can be useful for the organism. In a sense, it seems that the Roman depiction
of Janus can also be folded within, with multi-faced entities that cooperate in
order to form a cohesive interaction with the world hopefully leading to a graceful
passage through the gateway of time.
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Appendix A

IB Simulations for various initial
conditions
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Appendix B

Multi-agent model simulation
details

All simulations were performed on an 80 dimensional state-space. Each trial con-
sisted on a trajectory with a pre-specified dwell time sampled from a gaussian
distribution with mean p; = 67ms and variance o; = 20ms, sampled from a pre-
determined set of 30 dwell times that covered the interval between t,,,, = 100ms
and 65 ms. Convergence was assessed by verifying that all value functions and
action preferences showed a normalized difference between epochs under 0.01 for
more than 50,000 trials, with a total number of 250 000 trials.

The training set for the second tone times (in seconds) was given by Tiein =
[0.1,0.3,0.5,0.6,0.8,1.05,1.26,1.38,1.62,1.74,1.95,2.2, 2.4, 2.5] with the decision
boundary being set at 1.5s. The learning rates were all initialized at 20 and de-
creased for each state proportionally to the number of visits to each state. Rewards
for correct and incorrect/broken fixation trials were set at 10 and -5, respectively.

The transfer function fP(d;) parameters were defined as [bf, b7, b5, 05]. The
values for the direct pathway actor were set at [—0.7,8,3.7,1],[—0.7,3.7,8, —1]
for the indirect and [—4,8.5,0.45,1] for the third actor. The weights for each
actor wp = —w; were all equal to 1. The discount parameter for each critic
was 0.98 and the temperature of the softmax function g for the policy was 1.5
for both training and testing. In order to simulate the effects of pathway specific
optogenetic inhibition, we generated control and manipulated datasets (1.5k trials)
drawing single trial intervals from a set identical to the one used to test the animals
(Thest[0.6,1.05,1.26,1.38,1.62,1.74,1.95, 2.4]).
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Algorithm 1 Opponent Multi-Agent Actor-Critic Algorithm

1: Define {3,7, 0, p, kf,n}
2: Initialize states {s-/’, sX}
3: Zero initialization of critics {VP/1(sP/1), VX(sX)}
4: Zero initialization of action preferences {AP/T(sP/1 a), AX(sX,a), AT (sP/1, X, a)}
5: for episode do
6: Sample dwell time tg ~ N (pug, o)
7 for step in episode do
8: Update Learning rates:
o als)") e als”) 4 (u(sP /1) + 1)
10: a(sy) < alsy) + (u(s¥) + 1)~
11: Choose action and get next state:
12: Check if HOLD action should be triggered:
13: if AT(sP" sX,a)<0 V a={SHORT,LONG} then
14: AT(sP/T sXHOLD) =0
15: else
16: AT(SZD/I, s, HOLD) = —o0
17: end if
18: Sample new action a; ~ 7(a|sP/!, sX)
19: Observe {stDJr/ll, sy, e} from {KP/ (¢, 75, t), KX(t,tq)}
20: Update Critic:
21: 60 = Vst — Vs
22: 6 =1 +V (st ) = VI(sy)
23: V(sf)/I) — V(sf)ﬂ) + oz(stD/I)étD/]
24: V(sy) < V(sy) + al(s¥)dy
25: Update Action Preferences:
26; AP(sPar) = AP(sP,ar) + a(sP)[P(6,)
2r: AV(s] ar) — AP(s,ar) + a(sP/) 1 (5717
28: AP(s), ap) « AP(s), a) + a(sX) £X(6Y)
29: AT (sP/T X a) = wpAP(sP/T a) + wr AP(sP/1 @) 4+ wy AP(sX, a)

30: end for
31: end for
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B.1 Full set of simulation metrics

2C3A - Training Parameters:N.=40 N,,,=200000 y,=0.98 y4»=0.98 f=1.5 w.=1

14 ~ 1000 ~ 500
g / 8 d e 5
S = =3 T
=, y 4 @© 3] w
T gdas a 0 T g 04
0 1 2 1 2 1 2 -10 0 10
Time (s) Time (s) Time (s) 8¢
101 1
- ) @
u = 10 s
> § <
0 0 0
0 20 40 60 80 0 20 40 0 100000 200000
State State Eps
e 2
8 1007 % 2100 M
W A
= i} PPN ‘ 2 0 AN : —— -3
0 20 40 60 80 0 20 40 60 80
State State
—~ < 100
Chad £
=L ©
\Vl Uf A\
E) = ; z O ;
0 20 40 60 80 0 20 40 60 80
State State
— 0.0
100 <1 = {1
0 — ActL ] — 10
2 of —— ActR % — 11
: : . — <o e -
0 20 40 60 80 150000 200000
State
— 0.0
B 05 > & 10
I 9 a —_— 11
® 0.0 Lo 3 ol
1 2 0 20 0 50000 100000 150000 200000
Time (s) State Episodes

Figure B.1: Full set of simulation metrics and outputs from the two pathway L, X

model.
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Appendix C

Maximum entropy Reinforcement
Learning

We start off by going through the derivation of the Variational Inference (VI) loss
function and adapting the formalism to having also an Affordance Representation
(AR), which we will potentially use to compress relevant state information as
agents move through a particular Markov Decision Process (MDP).

We start by defining a path in the space of state-action pairs s; € S, a; € A by

s = {s0, ao, ..., 57, ar} (C.1)

We can then express the probability of a trajectory 75 as

50) Hp(at)T(StH‘Sn a) (C.2)

t=0

i.e. we hypothesisze that in the case of a random trajectory through this space,
the action probabilities are uniform, as they’re not dependent in any policy 7. This
allows us to extract p(a;) as a constant C7 from the product above and define p(7)
as

T
) o p(so HT Sta1|Se, ay) (C.3)
=0
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However, just by this definition we don’t have any idea if the ongoing path is
optimal or not. In order to have this information we need to constraint the states
in the trajectory with a new binary variable o, which will filter the optimal states
i.e. a state-action pair at time ¢ will be optimal if o, = 1.

We can also express the probability of observing a sequence of observations o1.1
given a trajectory 7 as:

plorr = 1|15) = f(s¢, ar) (C.4)

We can compute the posterior probability of a trajectory given an observed
sequence of observations using Bayes’ rule. We can express the posterior probabil-
ity of a trajectory 7, given the observed sequence oy, = 1 as proportional to the
product of their probabilities by

p(Ts|01:T = 1) X P(Ol:T = 1\7'3)]7(7'3) (C~5>
We can define a policy my(75) as:

T

7T9(Ts) =p(So)Hﬂo(at|5t)p(5t+1\5t7at) (C~6>

t=0

We can then minimize the Kullback-Leibler (KL) divergence between the policy
and the posterior as:

T
min Dicr (mo(7s) | [p(rs|o17)) = Eryn[) | (510, a0)] + H(mo) (C.7)
t=0

This gives us the well known Mazimum Entropy formalism of Reinforcement
Learning where in the variational optimisatio of the underlying policy 7y we also
concurrently maximize the underlying entropy of that policy, guaranteeing that
exploration is maintained for a given path 7.
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