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You have brains in your head.

You have feet in your shoes.

You can steer yourself

in any direction you choose.

You're on your own, and you know what you know.

And you are the guy who'll decide where to go.

You'll look up and down the streets. Look 'em over with care.

About some you will say, "I don't choose to go there."

With your head full of brains and your shoes full of feet,

you're too smart to go down any not-so-good street.

Dr. Seuss, Oh, The Places You'll Go! (1990)
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Para a minha 'Bó Isabel,
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Título

Circuitos do corpo estriado suportam produção e supressão de acção

Resumo

O comportamento animal requer a combinação de processos de supressão e

produção de ações. Um predador deve suprimir o ataque à sua presa até que esta

esteja ao seu alcance, assim como nós, humanos, temos que, por vezes, não ceder

à tentação do momento a �m de alcançar maiores ganhos no futuro.

Perturbações do equilíbrio destes dois processos são prevalentes em estados

patológicos dos gânglios da base (BG), tal como: perturbação de hiperativi-

dade/dé�ce de atenção (PHDA), doença de Parkinson e doença de Huntington.

Os dois principais circuitos dos BG, a via direta e indireta, são classicamente

associados à estimulação e supressão de ações, respectivamente. Todavia, estudos

mais recentes reportam que, durante o movimento, populações de neurónios prin-

cipais do corpo estriado, pertencentes à via direta (dMSN) ou indireta (iMSN),

exibem co-activação. Esta observação levou muitos a questionar o modelo clássico

de oposição funcional destes dois circuitos.

Nesta tese é mostrado que, não obstante da observação de co-activação al-

inhada a movimento, durante um período dominado por supressão de ação é

possível identi�car sinais de oposição funcional entre as duas vias. Primeiro,

medindo a atividade das populações neuronais das duas vias, em áreas dorsolat-

erais do corpo estriado (DLS) de roedores, mostramos que a atividade de iMSN,

durante um período de supressão de ação, é comparativamente superior à dos

dMSN. Mais, os padrões de atividade, em cada um dos hemisférios monitoriza-

dos, variam em direções opostas, e nas duas vias, qualitativamente representando

a necessidade de suprimir uma suposta ação contralateral a ser planeada.

Consistente com estas observações, experiências em que a actividade neuronal

de neurónios iMSN em DLS foi silenciada, revelam que esta população é necessária

para determinar se, quando e quais ações que os animais são capazes de suprimir.
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Por outro lado, manipulação dos neurônios da via direta (dMSN) em DLS não

produziu um efeito detectável na habilidade dos animais para suprimir acções,

mas sim no vigor com que estes as produzem.

Tendo em conta estas observações, assumimos que o recrutamento da via

indireta (iMSN DLS), durante a tarefa de comportamento analisada nesta tese,

surgiu da necessidade de contrariar um sinal �positivo� para agir, proveniente num

circuito putativamente adjacente. Inspirados por algoritmos de aprendizagem

de inteligência arti�cial (Reinforcement Learning), pensados ser parcialmente

implementados no circuito dos BG, construímos um modelo computacional em

que múltiplos agentes paralelos são combinados para gerar decisões. Depois de

treinado numa tarefa idêntica à usada em experiências animais, o modelo é capaz

de reproduzir os dados de comportamento animal, assim como os resultados da

monitorização das dinâmicas e manipulações neuronais. Adicionalmente, obede-

cendo a uma previsão do modelo, inibição optogenética da via direta em circuitos

dorso-mediais dos BG (DMS) produziu efeitos consistentes com este circuito prov-

idenciar o sinal �positivo� que o DLS aprende a contrariar.

O trabalho apresentado nesta tese, em adição a reconciliar observações prévias

relativas à normal função dos BG, propõe um possível modo de operação no qual

múltiplos circuitos paralelos dos BG interagem a �m de gerar comportamento

animal.
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Abstract

Adaptive behavior involves a judicious combination of suppression and production

of actions. A predator must suppress its urge to pounce until its prey is within

reach, just as humans must suppress giving in to temptation to secure longer-term

rewards. Imbalances between these two processes are associated with disorders of

the basal ganglia (BG) such as ADHD, Parkinson's, and Huntington's diseases.

The direct and indirect pathways of the BG, were classically thought to pro-

mote and suppress action, respectively. However, observed coactivation of neu-

rons initiating the two pathways, striatal direct (dMSNs) and indirect (iMSNs)

medium spiny neurons, has led many to question that view. In this dissertation,

I will show that while coactivation occurred during movement, action suppres-

sion produced systematic features of functional opponency between the pathways.

Fiber photometry in the dorsolateral striatum (DLS) of mice revealed relatively

higher levels of iMSN activity during a period of action suppression when com-

pared to dMSNs. Furthermore, relative activity in the two hemispheres evolved

over time and in opposite patterns across the two pathways, qualitatively follow-

ing the need to suppress a planned contra-lateral action. Consistent with these

observations, optogenetic inhibition of DLS iMSNs disrupted whether, when and

which actions mice were able to suppress, whereas inhibition of DLS dMSNs had

no detectable e�ect on action suppression or selection but was instead required

for movement invigoration.

iMSN DLS engagement was reasoned to arise to counteract a drive to act, lo-

cated elsewhere. By constructing a simpli�ed multi-agent reinforcement learning

model we were able to reproduce behavior, physiological and manipulation results

in DLS. Additionally, inhibiting dorsomedial striatal (DMS) dMSN population

produced qualitatively similar e�ects on choice behavior as those predicted by the

model when inhibiting the sub-agent responsible for promoting action, suggesting

that, in our task, associative striatal circuits are part of the circuitry responsible

for carrying the drive to act.
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In addition to reconciling previous observations of striatal function, our study

highlights how interaction between multiple parallel processes can lead to e�ective

behavior control by the brain.
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Overview

This thesis is composed of three main chapters. In the �rst 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 �rst 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.

In Chapter 2 I present the main �ndings of my doctoral work. In it, I will

describe how we combined a novel behavioral paradigm, designed to study action

production and suppression in mice, with cell-type-speci�c activity recordings and

manipulations to probe the functional role of the direct and indirect pathways of

the basal ganglia.

The monograph will conclude with a third �nal chapter where I discuss the

general implications of our �ndings to the �eld, along with remaining open ques-

tions.
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Chapter 1

General introduction
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1.1 Act First

Organisms evolved to interact with the world. While senses of seeing, hearing,

smelling, etc., are certainly useful in that they endow a system with the ability

to feel its surroundings, it presents little to no ethological advantage if the same

biological system is not a�orded the ability to act on the environment. Moreover,

acting alone is not enough, and along with it organisms likely evolved the ability

to act in ways that are, ultimately, bene�cial for them. This is an ubiquitous

truth, from simple unicellular organisms that use a molecular gradient to orient

in the hopes of �nding a better source of energy substrate, to Human beings

writing a Ph.D. thesis attempting to graduate.

Some interactions, like absentmindedly withdrawing our hand from a scorch-

ing �ame, are re�exive and require little or no thought. Others, often call for the

representation of an explicit goal, deliberation among several possible options,

or might require learning and modi�cation throughout the animal's life. Such

volitional, self-generated behaviors, must leverage control algorithms that are ca-

pable of successful and e�ciently regulating animal behavior contingent on its

internal state (e.g., hunger, thirst), sensory input relaying contextual informa-

tion from the environment (e.g., existence of a predator), past experience and

available action repertoire.

We often take for granted such ability to will and execute volitional behavior

control by regulating a presumed action selection (AS) process, yet several central

nervous system pathologies are characterized by a deep and debilitating inability

to do so. Furthermore, pathological behavior observed in many of these conditions

appears to stem from the inability to successfully suppress unsuitable actions,

rather than to produce the correct one (e.g., addiction).

In this dissertation, I will argue that a set of vertebrate structures, the basal

ganglia (BG), support the selection of appropriate actions, depending on expected

outcomes, by simultaneously regulating the processes of action production and

suppression.
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1.1.1 The action selection problem

Adaptive autonomous agents, be them biological or arti�cial, inhabit environ-

ments in which they must satisfy a set of internal drives, goals and motivations.

In order to achieve these goals, most agents possess the ability to collect in-

formation from the world, through sensors, and in turn, to interact with it by

performing actions through available e�ectors (e.g., arms, legs, wheels, etc.). In

the course of behavior, one is able to intuitively identify clear in�ection points

that correspond to transitions from one behavior to another, wherein animals

must decide "what to do next". Picture a gazelle grazing the savanna. The same

visual scene input, collected through its sensory organ, might carry simultaneous

information on a new source of plentiful food as well as a potentially camou�aged

predator. What should our agent do? On one hand, immediate survival should

take precedent and the gazelle should run away from the hypothetical predator.

On the other hand, if the gazelle has not eaten in days, a new patch of food

becomes quite tempting, perhaps taking precedent. On top of that, the predator

might be hiding, making its detection di�cult. The gazelle might then decide to

risk it and approach the area. I believe this scenario exempli�es rather well the

ethologically relevant decision making demands biological agents are faced with.

Generally speaking, given the multitude of interval drives and time-varying goals

animals are inherently bound to, the space of potential actions to be performed

in order to satisfy these drives is, at any given time, large.

In theory, multiple drive→action channels could be pursued in parallel. How-

ever, agents, especially biological ones, are typically constrained by the number

of actions that can be expressed simultaneously, particularly given the bottleneck

found in motor space. Take my previous example; the gazelle should either walk

towards the new patch of food, or run away in the opposite direction from the

predator, critically, it cannot do both. Therefore, behavior requires control algo-

rithms that swiftly and appropriately resolve con�icts between channels requiring

incompatible access for the same resources, be them physical (e.g., muscles) or

cognitive (e.g., attention and working memory). The problem becomes all the

more complex if one considers that incompatibility between channels might not

3



be absolute. Actions might be partially aligned or even largely independent (e.g.,

most humans can simultaneously walk and talk on the phone).

We thus reach the core problem that an AS mechanism must solve: How to

arbitrate - i.e., choose - among a set of two or more currently considered actions

that might seek access to a common resource.

1.1.2 Outline of an action selection solution

A successful AS mechanism must be able to solve the AS problem. It should be

able to, from a group of multiple potentially incompatible actions seeking access

to the same resources, select which ones should be allowed to be expressed. What

might a mechanism designed to perform this computation look like? From the

gazelle example proposed above, I argue one can intuitively derive some of the

features that might be required for an e�cient and biologically plausible general

AS mechanism:

From �rst principles, an action selection process should be aiming to select

motor programs that achieve a given goal (e.g., consume food or run away from

a predator). In order to generate adaptive behavior, such a process of selection

must not be left to chance. Returning to the gazelle example, both actions of

running away or approaching the patch of food are, in principle, simultaneously

valid, albeit achieving frankly di�erent goals: escaping a potential death threat

and collecting food, respectively. As opposed to randomly selecting an action, an

alternative solution to this problem is to pick whichever channel has the highest

urgency or salience. Under this scenario, both qualities could be associated with

the intrinsic motivations of the animal (i.e., hunger levels) but also to the sen-

sory information it has access to from the environment (e.g., how certain of the

existence of a predator, or how much greener is the new patch of food). More

generally, autonomous adaptive agents should employ an action selection process

that ought to be optimal with respect to some goal (e.g., surviving), an assump-

tion often taken when constructing algorithms for arti�cial agents or modeling

the behavior of biological ones (K. Gurney et al., 1998). Animals have indeed

been found to behave optimally, a classical example being matching behavior

4



(Herrnstein, 1961), observed in multiple animal species, in which subjects allo-

cate their responses in proportion to the reward rate of each option. However,

clear deviations from optimal matching behavior have been similarly found (re-

viewed in (McDowell, 2005)). These observations of seeming irrational behavior

might not stem from a suboptimal decision making process per se but instead

from a wrongly interpreted objective being optimized or unknown computational

constraints of the system, a point I will come back to in the general discussion of

this thesis.

Under some scenarios, arbitrating between several hardwired drive→action

channels is su�cient to generate strikingly complex behavior (brilliantly demon-

strated in (Braitenberg, 1986)). Conversely, one of the most amazing hallmarks

of biological agents' behavior is the ability to learn and modify the expected

outcomes that result from taking a given action in certain contexts and vice

versa(Moore, 2004; Morand-Ferron, 2017). Indeed, while some behaviors can

certainly be argued to be innate and somewhat re�exive, most of the action

repertoire displayed by animals, in particular Humans, must be learned and up-

dated over a life-time. Notwithstanding, such behavioral plasticity gives rise to a

second order problem that must be addressed by an AS mechanism: How should

expectations for a given action be learned and updated? Being autonomous,

agents can seldom rely on the existence of an all-knowing teacher to guide learn-

ing. Instead, they must update expectations using feedback from their own past

experience. As we will see later, the ability to reinforce certain behaviors at

the expense of others allows agents to adaptively improve their performance over

time, a skill that becomes all the more critical when inhabiting an ever-changing

dynamic world where expectations and behavior must be continuously updated

(Tierney, 1986).

1.1.3 The need for suppression

All the features stated thus far re�ect the positive aspect of an AS process in

that they describe the necessity to invigorate, or bid for, an action in a sort

of positive feedback loop. However, suppression, in addition to promoting, is a
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crucial mechanism for action selection (J. J. A. van Iersel & A. C. Angela Bol,

1958; D. J. McFarland, 1969).

An additional key feature of an action selection mechanism is the ability to

forbid access to some resources, while relinquishing it to others (Prescott et al.,

1999). This is a complex and multi-layered problem. At the most basic level, such

ability is critical since simultaneously considered actions are often in con�ict with

one another (e.g., the classical example of freeze, �ight or �ght in response to

threats). A simple heuristic to solve this dispute is to implement what is known

as a winner-takes-all computation. Essentially, among N actions, select the one

that gathers the most support (perhaps weighting it on the basis of salience

and agent's past experience), regardless of the value of all the other alternatives.

Crucially, in order to achieve clean switching between behaviors this mechanism

must be decisive, or else risk non-selected actions interfering with the performance

of the selected one. Hence, once a winner has been arbitrated, suppression of

other non-selected, yet also supported, actions should be guaranteed. Such a

mechanism is hard to conceive of without invoking a source of inhibitory control.

At a higher level, on the other hand, one must consider that biological agents

rarely use a single resource at a time. Instead, parallel e�ector systems a�ord

largely independent control (e.g., I can move my two arms largely independently).

Likewise, it is increasingly appreciated that the brain is hierarchically organized

in that circuits operating at di�erent levels of abstraction interact to generate

behavior (Botvinick, 2007; Merel et al., 2019). Therefore an AS mechanism must

not only be able to select one action among several competing ones, but instead

arbitrate 'compatibility' and 'suitability' within and across this layered infras-

tructure (Prescott et al., 2007). Finally, it should be noted that this process

must not only control low-level mechanical e�ectors (e.g., muscles), but might

also be involved in arbitrating between attentional resources in order to bias

action selection to particular goals.

Several authors have also pointed out that the ability to keep some drives

under suppressive control might additionally a�ord actions some temporal con-

tinuity (D. McFarland, 1989). Intuitively, given two drives with similar salience,
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say feeding and drinking, any small decrease in the internal drive (e.g., through

consummatory behavior) to perform either motor plan might quickly tip the

balance towards the previously non-selected action. This competitive progress

might give rise to erratic and suboptimal switching between actions, referred to

as dithering in robotics literature (Sahota, 1994).

Finally, agents seldom occupy an environment wherein they are a�orded in-

�nite time to make decisions. The gazelle does not have endless time to decide

whether to forage - the patch might be consumed by other animals or it might

ultimately starve to death - or to run away - the predator might quickly pounce in

its direction. It is therefore critical that any functionally plausible AS system is

selected to meet these ethological demands. In what ways might these constraints

shape behavior, and consequently any implementation of such mechanism? On

one hand, being quick to react presents an obvious advantage, especially in envi-

ronments where competition between individuals is present. One strategy to deal

with this pressure is to evolve the ability to plan or pre-load a motor plan. This

priming of action will likely lead to faster reaction times but, at the same time, it

also immediately invokes the need for an action suppression system that, instead

of inhibiting other competing actions, keeps the currently latent plan from being

prematurely released (Hikosaka et al., 2000). Conversely, even though acting fast

might pose an obvious evolutionary advantage in some scenarios, others might

bene�t from delaying the commitment to act altogether. Consider an environ-

ment governed by noisy sensory information for instance. In this context it might

be adaptive to wait and average information over longer periods of time before

committing to a �nal decision. A suppressive mechanism could, in theory, pre-

vent any action from being unwantedly expressed before the time is deemed right

(Cisek et al., 2009; Carland et al., 2019).

1.1.4 Proactive and reactive suppression

Most of us can probably relate to the kid that sits in the classroom holding o�

the urge to answer the teacher's question, the runner that prematurely leaves

the starting block, or the person trying to sneak the last slice of cake just to

stop on her tracks once she notices someone staring at her. In general, adaptive
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behavior must often rely on inhibition to reduce a tendency to perform a prepo-

tent response that might be considered inappropriate. The study of this ability

to withhold inappropriate action is critical since lack thereof is an hallmark of

many psychiatric conditions including Huntington's, Tourette's, ADHD (Atten-

tion de�cit hyperactivity disorder), OCD (Obsessive-Compulsive Disorder) and

addiction (Nigg, 2001; Bechara et al., 2006; Chambers et al., 2009). The liter-

ature on this topic is vast, hence, for the sake of brevity, I will choose to focus

on a single axis that separates inhibition control over action in two large classes:

Reactive and Proactive suppression (or inhibition). I will additionally attempt

to provide relevant information on behavior paradigms employed to study these

two mechanisms.

Reactive suppression relates to the ability to abort an already initiated action

in response to a sensory cue. This type of suppression has been historically

associated with a general halting of motor output. Indeed it has been argued that

such ability evolved in a context wherein stopping (or freezing) in response to

an ethologically relevant stimulus might be advantageous to avoid danger(Aron,

2011).

Reactive suppression has been extensively studied using the Stop-Signal Re-

action Time task (SSRT) (Logan, 1981). Brie�y, subjects are asked to react as

fast as possible to a cue, by pressing a button for instance. In a variable per-

centage of trials (classically around 25%), a second cue appears informing the

subjects that they should cancel their response in that trial. The stop cue is

temporally o�set from the �rst cue by a variable delay, which often means that

the subject has already initiated a response upon stop-cue delivery, thus some-

times failing to successfully inhibit it. By dynamically varying the time between

the two cues, the experimenter can calculate what is usually referred to as the

stop-signal reaction time. Short delays between the two cues allow the subjects

to easily stop their responses, while longer delays lead to many more failures of

action suppression since movements are often at their later stages of preparation

or execution. Logan & Cowan (1984) found that this behavior can be well de-

scribed by an independent race model, assuming that two processes - going and

stopping - are triggered by their respective cues. If the stop accumulation process
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wins, the movement is aborted, else the action will be performed. While reactive

suppression has been extensively studied under the SSRT task where no behavior

switching is required (i.e., subjects should simply cancel a response and not se-

lect a second one), some authors have argued that this form of control might be

leveraged by the brain to cleanly switch between adjacent actions (Aron, 2011).

Finally, it is unclear whether the stopping signal leveraged for allowing inhibitory

control in this task is action speci�c (e.g., abort the action to press the button)

or general (e.g., stop all movements momentarily). However, experiments argue

for the latter, as multiple muscles unrelated with the task response are recruited

in stop trials (Coxon et al., 2007; Aron & Verbruggen, 2008).

In contrast to reactive suppression wherein cancellation occurs after the action

process is already in progress, proactive inhibition endows agents with the ability

to withhold a prepotent response from being engaged (Meyer & Bucci, 2016).

One of the di�culties when studying this form of inhibitory control are the many

faces it can take. Suppressive control might be applied to a planned action until

it is �nally time to release it. Suppressive control might be applied to a tempting

action that should not be taken at all. Suppressive control might be able to shift

cognitive resources, such as attention, in a way that improves overall behavior

performance. Moreover, this form of suppression may be particularly reliant on

cognitive processes of learning and memory since it often requires maintaining

the representation of a rule or stimulus that is not immediately available to

be extracted from the environment (Braver, 2012). It is therefore perhaps not

surprising that di�erent behavior tasks continue to be developed and used to

study the many aspects of proactive action suppression. Most of these paradigms

leverage the di�culty animals have in successfully inhibiting a prepotent planned

response. The anti-saccade task is a prime example of such a feature (Hallett,

1978).

The anti-saccade task relies on the bottom-up, re�exive, orienting response

animals tend to exhibit towards a stimulus that appears in their visual �eld

(Munoz & Everling, 2004). Brie�y, in this task subjects are instructed to �x-

ate on a motionless target on the screen. After a random delay, a stimulus is

presented to one side of the target. The subject is then reinforced for making a
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saccade away from the target. When comparing to a pro-saccade version wherein

subjects are instructed to saccade towards the target, anti-saccade trials exhibit

signi�cantly higher error rates (i.e., failure to inhibit the re�exive response) and

longer reaction times, suggesting that extra cognitive e�ort is necessary to per-

form this latter version of the task (Coe & Munoz, 2017). Interestingly, most

errors that occur in the task are quickly followed by short-latency saccades in the

opposite direction. This hints at the idea that failure in this task is primarily

associated with the inability to suppress the inappropriate pro response rather

than generating the correct anti motor program. There is little doubt that the

anti-saccade paradigm requires some level of inhibitory control. However, certain

features of its design make interpretation of some of the results di�cult. Simi-

larly to the SSRT paradigm, it is unclear whether the signal that allows subjects

to inhibit a re�exive saccade is action speci�c or a general "hold your horses"

process that allows a secondary response (i.e., the anti saccade) to be generated.

Moreover, since suppression and response generation take place concurrently, it

becomes very di�cult to tease these two processes apart, especially their neural

correlates. Finally, given the obvious contingency between visual stimulus and

re�exive behavior, it becomes even more di�cult to disentangle signals that are

related to the visual stimuli per se, or to the to-be generated action.

In a Go/No-Go task (G/NG), subjects are instructed to respond as quickly

as possible to a go cue, typically a visual stimulus. On a small fraction of the tri-

als, a di�erent stimulus instructs the subjects to withhold their response instead.

In contrast to the SSRT, G/NG task, subjects are not explicitly instructed to

generate a movement on every single trial. However, given that in most of the

trials, the default response is to generate a movement, this action gains a sort of

prepotency, which must be suppressed. This latent drive can be systematically

changed by varying the proportion of Go to No-Go trials, thus requiring more or

less suppressive control from the subject. Interestingly, instrumental performance

in this task might also be in�uenced by what has been referred to as Pavlovian

biases, wherein active responses for rewards (i.e., go) are more prepotent than ac-

tive responses to avoid punishment. Suggesting that this paradigm might involve

multiple concurrent systems of learning and decision making (Guitart-Masip et

10



al., 2014). Similarly to the anti-saccade paradigm, the G/NG task, in its sim-

plest form, is not able to distinguish between a general proactive signal from a

speci�c action related proactive suppression signal, since the subject is not cued

as to which action it should be performing on every single trial. In Chapter 2

I will show how, by leveraging an evolving internal representation of a decision

variable, one can probe action-speci�c suppression signals in the rodent brain,

allowing access to study its neural underpinnings.

Despite all three tasks requiring some form of inhibitory control, they di�er

when such control is required. In the SSRT, inhibition of a response only oc-

curs after the movement has already been instructed and during late stages of

movement planning. Conversely, in the G/NG paradigm, suppression is neces-

sary when the No-Go cue is presented. Given the re�exive nature of the response

in the anti-saccade task, suppression is likely to be present much earlier. While

these requirements will place di�erent demands on any neural implementation of

inhibitory control, they are nevertheless likely to share, to some extent, a common

neural substrate (Meyer & Bucci, 2016). Indeed, previous experiments changing

the proportion of "stop" trials in the SSRT suggest that proactive suppression

also plays an important role in this task (Schevernels et al., 2015). Consistent

with this idea, basal ganglia dysfunction is often associated with impaired perfor-

mance in all the aforementioned tasks, providing strong evidence that this area

is of great importance for the implementation of action suppression in order to

generate adaptive behavior (Dillon & Pizzagalli, 2007; Meyer & Bucci, 2016).

1.2 Basal ganglia anatomy

In the 17th century, a British doctor by the name Thomas Willis, examining

corpses of patients who died from long paralysis made the astute observation that

areas we now take to belong to basal ganglia circuits exhibited clear morphological

changes when compared to other patients. Based on his observations, he would

later write:
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"For the Animal Spirits love to expatiate themselves within these medullous

Bodies, (sic.) [Corpora Callosa and Striata], and when they smoothly �ow in

one series from the two extremes attending the Corpus Callosum (...) towards

its middle part, they represent pleasant imaginations and fancies: and when

in another series and haply by other Pores, they �ow from the midst of the

Corpus Calosum into the Gyri of the Brain, they carry thither the signatures

of notions for the memory; and when they direct themselves thence into the

Corpora striata, and origines of the Nerves, they actuate all the moving parts,

and as often as there is occasion, convey to them the Instincts of setting upon

motions"

Willis (1685)

This BG-centric view of motor control, albeit certainly incomplete - especially

given later studies on the role of motor cortex in the control of voluntary move-

ment from Fritsch and Hitzig in late 19th century (Gross, 2007) - would turn out

to be certainly prescient.

By the middle of the 20th century a large number of movement disorders were

medically documented, including Parkinson's disease, Tourette's syndrome along

with di�erent forms of chorea and dystonia (Lanska, 2009). While BG nuclei

function was known to be compromised in all these pathological states, little to

no neurobiological insight existed to explain the variety of symptoms observed

across the di�erent diseases. André Barbeau, a French Canadian neurologist

known for his research into Parkinson's disease, when describing the then recent

treatment options to some of these BG pathologies, wrote:
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"But what of the results? Many are improved that a few years ago would have

been miserable, many are permitted a more active life and are forever

grateful... but none are cured! The case and exact pathology of the various

diseases grouped under the extra pyramidal system remain mysteries almost as

deep as in the days of Sydenham and Parkinson. Many clinical varieties have

been observed, many pathological studies carried out, but the su�ering

humanity still goes on twisting, shaking, writhing, jumping and jerking when

it does not want to."

Barbeau (1958)

it was not until the 1980s, informed by the aforementioned observations that

BG lesions were often associated with movement disorders and the then recent

physiological recordings of multiple BG nuclei activity, that the �rst coherent

models of BG anatomy and function were proposed (Penney & Young, 1983;

Albin et al., 1989; DeLong, 1990).

Moreover, parallel observations of animals, namely humans, with basal ganglia

dysfunction revealed behavior phenotypes that were not merely the result of a

movement de�cit and instead appear to be compatible with BG playing a larger

role in learning, attention, decision-making and other cognitive processes (Loas

& Krystkowiak, 2015; Miyashita et al., 1995; Knowlton et al., 1996). Together,

these �ndings seeded the current view that BG, as a functional entity, are a

set of subcortical nuclei that regulate the appropriate selection and production

of actions depending on expected outcomes (Albin et al., 1989; DeLong, 1990;

Doya, 1999).

Classically, the BG circuitry is described as receiving extensive cortical and

thalamic input, and in turn exerts its in�uence on movements via inhibitory

innervation to areas involved in movement execution, namely cortex (Albin et

al., 1989) (through thalamus) and brainstem motor areas such as the superior

colliculus (Hikosaka et al., 2019) and mesencephalic locomotor region (MLR)

(Roseberry et al., 2016).
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The circuitry is composed of input (striatum and subthalamic nucleus,

STN), output (internal segment of the globus pallidus, GPi, and substantia

nigra pars reticulata, SNr) and multiple intrinsic nuclei (external segment of

the globus pallidus, GPe, substantia nigra pars compacta, SNc, and ventral

tegmental area, VTA) structures. Taxonomically, it is highly preserved among

vertebrates, from mammals, to cyclostomes (lampreys) (Stephenson-Jones et

al., 2011), suggesting it was present in the early days of vertebrate evolution

(Grillner & Robertson, 2016) and highlighting a putative common solution for

the prevalent problem of action selection. Basal ganglia circuit function relies

on a disinhibition mechanism. Tonically active output structures of the BG

send inhibitory projections to downstream motor regions in the brainstem and

thalamus thereby exerting a default suppressive signal thought to keep unwanted

motor plans from being engaged. The activity of the output nuclei is, in turn,

bidirectionally regulated by two major feedforward basal ganglia pathways: the

direct and indirect pathways, which have been shown to promote and inhibit

motor function, respectively (Kravitz et al., 2010). In this section, I will review

how the structure of the BG is suitable to support the regulation between action

production and suppression. I will focus primarily on data from the primate

and rodent �elds. Although some minor di�erences are observed across species,

both anatomical and physiological characteristics are largely identical. As a

result I believe that the gain of including �ndings from multiple animal models

far outweighs the risks of potentially imprecise generalizations. Finally, despite

recent anatomical observations that highlight non-canonical projections among

BG nuclei (Simonyan, 2019), I will focus, for the most part, on its classical

description (Figure 1.1), (Albin et al., 1989; Gerfen, 1992; Mink & Thach, 1993;

Y. Smith et al., 1998).

1.2.1 Input structures

1.2.1.1 Striatum

The striatum sits in the forebrain and is the major input structure of the BG,

receiving excitatory input from virtually all the cortical mantle (extensively from

layer V, but also from other layers), thalamus, hippocampus and several other
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Figure 1.1. Classic "box and arrows" scheme of basal ganglia circuitry. Striatum
receives excitatory input primarily from cortex. Two distinct populations of
medium spiny neurons in the striatum originate the direct (dMSNs) and indirect
pathways (iMSNs). A third hyperdirect pathway results from direct excitatory
connections from cortex to STN. The output of the BG, SNr/GPi is opposingly
regulated via direct and indirect pathways, that regulate the default inhibition
onto downstream motor areas. Plasticity at cortico-striatal synapses is modulated
via dopamine input.

limbic areas (Hunnicutt et al., 2016). While the striatum of a given hemisphere

receives cortical input from both sides (through pyramidal neurons of the intrate-

lencephalic pathway, IT) a major ipsilateral bias is observed (through both the

IT and pyramidal tract, PT, pathways).

Following the general topographic organization of cortical function, striatum

is similarly laid out in functionally organized subregions that are determined by

the pattern of inputs they receive. Importantly, this topographical organization

is maintained, to a large extent, throughout the basal ganglia circuitry nuclei

Figure 1.2, giving rise to several parallel computation �channels� within basal

ganglia (J. Lee et al., 2020), a feature that I will come back to.
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Grossly, striatum is split into two large areas in both rodents and primates:

the Caudate-putamen (CPu) and the Nucleus Accumbens (NAc) (Averbeck et al.,

2014; Berendse et al., 1992; Selemon & Goldman-Rakic, 1985). While CPu lacks

clear anatomical boundaries in rodents, in primates it is further divided in the

Caudate Nucleus (Cd) and the Putamen (Put) by white matter �bers that make

up the internal capsule. These structures represent the three largest anatomical

and functional clusters in striatum. Putamen occupies a dorsolateral portion of

the striatum, and receives extensive sensorimotor input from cortex and thala-

mus, whereas the Cd sits at the dorsomedial part of the striatum and receives

unproportionally more input from associative brain areas. Even though it is un-

clear whether anatomical segregation of CPu serves any functional role, rodent

homologous subregions are observed with identical cortico-striatal connectivity

referred to as dorsolateral (DLS) and dorsomedial (DMS) striatum, respectively.

For simplicity, throughout text I will opt to use DLS/Put and DMS/Cd inter-

changeably.

A large population of GABAergic medium spiny projection neurons (MSN)

make up 90-95 % of all neurons in striatum (Kemp & Powell, 1971; Gerfen et al.,

2013) and are thought to be the only cells projecting outside this structure. MSNs

exhibit a very negative resting membrane potential (-80mV, (Kreitzer & Malenka,

2008)) driven by inwardly rectifying potassium current (Steiner & Tseng, 2016).

It is thought that this inward rectifying current works to shunt weak inputs and

instead requires the coincidental activity of multiple inputs to the same neuronal

dendritic tree to trigger action potentials. These striatal projection neurons ex-

hibit two distinct e�erent patterns that give rise to the two major feedforward

pathways in the BG. The �rst population of MSN (dMSNs) directly inhibits the

output structures of the basal ganglia (GPi and SNr) and originate the direct, or

striatonigral, pathway. Increases in activity in this pathway decreases inhibitory

tonus of the BG output nuclei and consequently increases in motor output .

Conversely, indirect, or striatopallidal pathway, medium spiny neurons (iMSN)

target the intermediate nucleus GPe before converging on the same output nuclei

as the direct pathway. Indirect pathway activity increases the default inhibition
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on downstream motor circuits and is thus associated with decreases of movement

(Kravitz et al., 2010).

While the two populations are otherwise indistinguishable in terms of cell mor-

phology and, for the most part, spatial distribution within the striatum (Flaherty

& Graybiel, 1993), they exhibit marked distinguished neurochemical features. Di-

rect pathway MSNs express the dopamine D1-type receptor (D1R), dynorphin

and substance P, whereas striatopallidal MSNs express D2-type receptor (D2R),

adenosine A2a receptor (A2a) and enkephalin (Steiner & Tseng, 2016). The ex-

pression of dopamine receptors in particular endows the two populations with

opposite responses to dopamine release. D1R-expressing dMSNs have their ex-

citability increased by dopamine (Hernández-López et al., 1997; Lahiri & Bevan,

2020) whereas D2R-expressing iMSNs display decreases in activity with higher

extracellular dopamine concentrations (Hernandez-Lopez et al., 2000; Nicola &

Malenka, 1997; Nicola et al., 2000). In addition to directly in�uencing excitability

of MSNs, dopamine also plays a critical role in regulating spike-time dependent

plasticity (STDP) at cortico-striatal synapses (Kreitzer & Malenka, 2008). This is

a crucial mechanism thought to support animal adaptive behavior as I will cover

later (Shen et al., 2008). Interestingly, the e�ect of dopamine, similarly to the

e�ect in excitability, is of opposite sign in the medium spiny neurons of the two

pathways. Cortico-dMSN synapses undergo long-term potentiation (LTP) upon

phasic increases in dopamine, whilst LTP is observed at cortico-iMSN synapses

when dopamine falls below baseline levels (Shen et al., 2008; Yagishita et al.,

2014; K. N. Gurney et al., 2015; Iino et al., 2020; S. J. Lee et al., 2021). Finally,

in addition to endowing the two striatal projection neuron types with distinct

neurophysiological properties, the existence of di�erent biochemical markers has

also been leveraged to gain genetic cell-type speci�c access to each of these two

populations (Gerfen et al., 2013).

Another, often neglected, organizational feature of the dorsal striatum is its

patch-matrix organization. These structures cluster spatially but are only dis-

tinguished on the basis of their histochemical characteristics (Brimblecombe &

Cragg, 2017). In spite of having been described by Ann Graybiel more than

40 years ago (Graybiel & Ragsdale, 1978) their role in BG normal function is
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poorly understood. However, given their distinct pattern of input and output

connections, some authors argue for a functional specialization between these

two structures (Houk et al., 1994).

The remaining 5-10% of neurons in the striatum are interneurons (Tepper

& Bolam, 2004). Novel interneuron subtypes continue to be identi�ed in the

striatum, nevertheless two major populations can be identi�ed as cholinergic and

GABAergic interneurons. Despite their relatively small number, these cell-types

arborize and synapse extensively within the striatum and are able to drastically

modulate the activity of the projection neurons (Steiner & Tseng, 2016). While

neurophysiological properties and interactions of interneurons with MSNs have

long been described, relatively few studies have looked at the activity and causal

role of striatal interneurons during behavior, thus making it rather di�cult to

elucidate on their functional role. Fortunately, recent advances in both record-

ing techniques and genetically de�ned access to these populations make them

attractive targets for future studies (Mallet et al., 2019).

1.2.1.2 STN

The second entry point of the basal ganglia is the STN. As opposed to the in-

hibitory nature of synapses that govern other BG nuclei connectivity, STN exclu-

sively provides excitatory glutamatergic projections to globus pallidus and SNr.

Moreover, few to no interneurons are observed in this structure (Nauta & Cole,

1978). STN exhibits a dramatic reduction in cell number when compared to

main BG input, the striatum (1:60 and 1:200 cells in primate and rodents, re-

spectively), yet its importance for normal BG function should not be understated.

Pathological STN activity has long been observed in Parkinson's patients, and

motor bene�ts following lesions or deep-brain stimulation targeted to this nucleus

remain one of the most successful therapeutic strategies to this day.

Neurons in STN received inhibitory input from GPe, completing the indirect

pathway circuit motif before exerting its in�uence on the output BG structures.

In addition, STN also receives extensive cortical excitatory input. The functional

role of the so-called �hyper-direct pathway� due to the direct, striatal bypassing,
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cortico-subthalamic connections (Nambu et al., 2002) that give rise to it, is still

very much debatable. Technically, due to the reentrant nature of the circuit, it

has been somewhat di�cult to tease apart the speci�c contribution of indirect

pathway activity from the monosynaptic cortical input (hyper-direct pathway) to

STN function, and eventual in�uence on its outputs. Two relevant features of this

cortico-subthalamic pathway might inform its function: First, due to its mono-

synaptic connectivity, cortical activation leads to very short latency activation

of STN neurons and concomitant excitation of BG output nuclei (Polyakova et

al., 2020). Second, while still following the general topological organization of

BG, STN neurons arborize relatively broadly into GPi/SNr, providing a source

of inhibition to downstream motor targets. It is therefore not surprising that

multiple studies have now implicated the hyper-direct pathway on the ability of

animals to reactively and quickly stop in response to sudden cues supporting

reactive suppression (W. Chen et al., 2020; Mallet et al., 2016; Schmidt et al.,

2013; vanWouwe et al., 2020). Despite the obvious behavioral advantages of being

able to quickly abort ongoing actions in response to salient external stimuli, this

form of inhibition has been shown to be largely non-speci�c in the sense that it

provides a general stopping mechanism rather than a selective one.

1.2.2 Output structures

1.2.2.1 GPi and SNr

The output role of the basal ganglia is shared between two di�erent areas: the

internal segment of the globus pallidus (GPi1) and the substantia nigra pars

reticulata (SNr). Despite their distinct anatomical and developmental origins,

these two areas are often considered a �continuous� output structure, since they

appear to be functionally, biochemically, and physiologically largely identical.

Therefore, I will choose to group them in single, continuous, identity: GPi/SNr

(Lanciego et al., 2012).

1It should be noted that the GPi homologous structure in rodents is the entopeduncular
nucleus, EP (van der Kooy & Carter, 1981). For simplicity, throughout the dissertation, these
will be used interchangeably.
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As previously mentioned, the output structures of the basal ganglia display

a relatively high level of tonic activity (60-80 spikes/s (Steiner & Tseng, 2016)).

GABAergic projections from GPi/SNr provide a default inhibitory tonus onto

downstream areas of the thalamus, midbrain and brainstem thought to prevent

unwanted plans to be deployed. Recordings during awake behavior indeed con�rm

the modulation of SNr units aligned to spontaneous locomotion. Strikingly, while

several neurons are indeed inhibited, the majority is excited (Gulley et al., 1999),

potentially highlighting the need to balance action invigoration and suppression

during spontaneous behavior.

Activity in these structures is mainly regulated by the relative contribution

of direct and indirect pathways, through direct striatal GABAergic and STN

excitatory/GPe inhibitory input, respectively. Interestingly, while optogenetic

activation of medium spiny neurons of the two pathways produces changes in

�ring rate consistent with the classical BG model, cases of unexpected modulation

are observed. These are often delayed responses and likely re�ect higher-order

synaptic motifs but nevertheless highlight the complexity of the circuit. (Deniau

& Chevalier, 1985; Kravitz et al., 2010; Freeze et al., 2013).

1.2.3 Intrinsic nuclei

1.2.3.1 GPe

Indirect pathway medium spiny neurons do not project directly to the output

nuclei of the basal ganglia, GPi/SNr, and instead, synapse onto intermediate

structures. The major recipient of these inhibitory projections is the external

segment of the globus pallidus (GPe) (Nóbrega-Pereira et al., 2010; Hernández

et al., 2015). In addition to the striatal inhibitory input, GPe is excited by the

STN and, to a much lesser extent, the parafascicular nucleus of the thalamus,

cortex and other basal ganglia nuclei (Fink-Jensen & Mikkelsen, 1991; Parent &

Hazrati, 1995; Kita & Kitai, 1994; Hazrati et al., 1990).

Studies using immunoreactivity and electron microscopy have shown that,

save for a small fraction of CHAT+ interneurons, all neuronal cells in GPe are

inhibitory (Hegeman et al., 2016). Two major GABAergic cell types are found
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within GPe. PV-positive prototypic GABAergic neurons make up the canoni-

cal feedforward motif by inhibiting STN and occupy the vast majority of GPe

territory. These cells exhibit high and stable �ring statistics. Arkypallidal neu-

rons, on the other hand, send feedback projections to the striatum and exhibit

relatively lower and irregular �ring rates. (Mallet et al., 2012; Abdi et al., 2015;

Dodson et al., 2015).

The canonical description of the BG circuit depicts GPe as a mere relay station

for the indirect pathway that inverts the e�ect iMSNs have on the output nuclei

of the BG. As a �rst approximation, this model has helped the �eld with the

interpretation of BG function quite well, although relatively more recent �ndings

of non-classical direct output to GPi/SNr, or pallidostriatal feedback projections,

might challenge the functional reductionist view of the circuit (Sato et al., 2000;

Kita et al., 1999; Kita & Kitai, 1994; Mallet et al., 2012).

1.2.3.2 VTA and SNc

The main source of feedback projections within the basal ganglia are the Ven-

tral Tegmental Area (VTA) and Substantia Nigra pars compacta (SNc). Both

areas project densely to virtually all areas of the striatum where they release

dopamine. Similarly to all other areas within the BG, VTA/SNc also maintain

a rough topographic organization albeit less strict given dopaminergic neurons'

extensively broad arborization (Joel & Weiner, 2000). Speci�cally, VTA projects

preferentially to NAc while SNc projects to CPu. This latter projection is also

topographically organized in that lateral areas of SNc project to dorso-lateral-

posterior areas of the dorsal striatum (Beckstead et al., 1979). This organization

has been somewhat debated however, and other authors propose a di�erent or-

ganization where a strong communication across BG loops is observed (Haber et

al., 2000; Haber, 2003)

DAergic neurons have been implicated in a wide variety of functions rang-

ing from motor control (Carlsson et al., 1957), motivation and reward seeking

behavior (Mogenson et al., 1980) and, critically, learning (Schultz et al., 1997).

In particular, neurons in both areas have been shown to phasically respond to
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unpredicted rewards, or reward predicting cues, computing a quantity known in

the reinforcement learning literature as �reward-prediction error�, the di�erence

between experienced and expected reward (Montague et al., 1996; Schultz et al.,

1997). This �nding has not only been observed in DAergic cell bodies but has also

been replicated when directly measuring dopamine release at striatal terminals

(Day et al., 2007; Gan et al., 2010). Changes of dopamine concentration in stria-

tum support one of the pivotal roles attributed to BG - learning - where it has

been shown to be able to modify glutamatergic synaptic contacts between medium

spiny neurons and its inputs (J. N. Reynolds et al., 2001; J. N. J. Reynolds &

Wickens, 2002; Shen et al., 2008).

Finally, in addition to DAergic neurons, a second large population ( 30% of

all neurons) of GABAergic interneurons can also be found in both structures and

are thought to be critical for the computation of temporal-di�erence error (Cox

& Witten, 2019).
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Figure 1.2. a) Somatopic representation of body regions in monkey cortex. b-c)
Somatotopic body representations in vaious BG nuclei in the sensorimotor loop.
Reproduced from Simonyan (2019).
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1.3 Basal ganglia organizing principles

With the introduction of the key structures that compose the basal ganglia,

I will now attempt to summarize what are, in my view, the anatomical and

physiological features of BG circuitry that support its functional role in motor

function, decision making, reinforcement learning, and cognition.

1.3.1 Recurrent parallel circuits

BG circuitry is organized in a large(-ly) recurrent circuit. Input from cortex,

thought to carry contextual information about the state of the world and available

actions, excites the large population of GABAergic neurons in the striatum which,

in turn, bidirectionally in�uence the activity of basal ganglia output through the

direct and indirect pathways. Part of this �open-loop� output will project to

low-motor areas where it is thought to regulate parameters of movement execu-

tion. However, a signi�cant portion of SNr/GPi output is reentrant. This loop is

eventually closed through inhibitory SNr/GPi projections to thalamus and a sub-

sequent excitatory thalamo-cortical synapse. Critically, activity within each loop

is plastic. Namely, cortico-striatal synapses can be potentiated/depotentiated

following actions or events that resulted in better or worse than expected out-

comes, a teaching signal shown to be relayed by midbrain dopaminergic neurons

(Montague et al., 1996). The ability to modify these synapses a�ords animals the

ability to modify their future actions as a function of past experience, a linchpin

for adaptive behavior.

This general recurrent motif seems to be repeated across parallel channels in

the BG, suggesting a similar computation performed on top of di�erent inputs.

Some debate exists as to whether these loops are convergent or segregated. These

two extreme views di�er in the degree with which information is partitioned and

potentially integrated among the multiple functional domains of the BG. Propo-

nents of functional convergence hold that the lateral connectivity found in the

striatum, together with the overall anatomical convergence along the main BG

axis, would support integration of information among distinct functional domains

(Bolam et al., 1993; Percheron et al., 1994). However, while lateral connectivity
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was indeed found in striatum (Taverna et al., 2008; Planert et al., 2010; Klaus et

al., 2017) and in the palladium (Percheron et al., 1993), and extensively used to

argue for models of �winner-takes-all� action selection, such inhibition was found

to be weak or non-existent (Jaeger et al., 1994). Additionally, an overwhelm-

ing amount of anatomical and physiological evidence support the idea that these

loops are largely segregated and not convergent. Projections from striatum to

SNr and GPi generally uphold the topographic principle found in sensorimotor

cortico-striatal projections (Deniau et al., 1996; Alexander et al., 1986; Romanelli

et al., 2005; J. Lee et al., 2020) 2, and even in the rare cases where some degree of

anatomical convergence across distinct domains was found, it seemed to be cir-

cumscribed to functionally related areas(Foster et al., 2021). Finally, Alexander

& Crutcher (1990) have also found that, within each loop, neuronal responses are

functionally related (e.g., response to leg movements).

Together, while it is likely that a certain degree of integration across distinct

areas will be found throughout the main axis of the BG, the data suggests that, at

least in the sensorimotor loops where a somatotopic map is maintained through-

out BG nuclei, information is carried out in parallel functional sub-domains, rais-

ing the important question on how might information across distinct functional

loops be combined to guide behavior. A possibility is that sharing of information

across domains is implemented at the level of intracortical communication (e.g.,

prefrontal cortical areas are known to project to premotor areas (Lu et al., 1994))

or through previously described divergent projections from thalamus to di�erent

cortical areas (Rausell et al., 1998; Morel et al., 2005; Hunnicutt et al., 2014).

Originally, three large loops were suggested to exist, based on the three large

input areas in the primate striatum. These were called �motor�, �association�

and �limbic� loops, supported by the Putamen, Caudate, and Accumbens, re-

spectively. Not much time passed until more functionally specialized loops were

suggested, namely the oculomotor, (Hikosaka et al., 2000) involved in guiding

saccadic behavior. If anything, recent studies highlight the �ner and �ner struc-

2This organization principle is somewhat debatable. Projections to GPi do maintain a
strong topological organization. However, some authors have argued that in SNr, this principle
is somewhat relaxed and more overlap between di�erent, yet functionally related, areas is found
(Joel & Weiner, 1994; Foster et al., 2021).
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ture of BG functional organization (Hamid et al., 2021; Menegas et al., 2018;

Hunnicutt et al., 2016; Foster et al., 2021).

Finally, at a meta-scienti�c level, in light of the frankly similar circuit ar-

chitecture shared across BG sub-circuits, it seems highly plausible that di�erent

sub-domains perform comparable computations. As a result, despite the di�erent

input information accessible to each channel - thus explaining the heterogeneous

activity seen across loops -, the algorithmic understanding of the computations

carried out in one of these channels will likely provide critical insight on the

computations performed in other parallel circuits of the BG.

1.3.2 Anatomical convergence

A second key, related, feature of BG circuitry is its anatomical convergence along

the main circuit axis. In each step of the pathway, a large drop in the num-

ber of neurons is found. Concretely, the number of cortical neurons projecting

to the striatum was found to be two orders of magnitude greater than the stri-

atal neurons (Kincaid et al., 1998), which in turn are two orders of magnitude

greater than GPi neuron counts (Percheron et al., 1993), which is thought to be

de facto �bottle-neck� within BG circuitry. It is important to reiterate that, given

evidence provided in the previous section, such funneling is likely the result of

dropping the number of neurons within a given functional domain and does not

seem to support the view of functional integration between distinct striatal areas

(Kemp & Powell, 1970; Yeterian & Pandya, 1991). Consistent with this idea, the

overlap in the striatal projection zones from nearby cortical regions was found

to decay exponentially with cortical distance (Averbeck et al., 2014). Similarly,

activity correlation between pairs of cells in the striatum have been found to be

relatively weak (Jaeger et al., 1994; Bar-Gad, Heimer, et al., 2003) and to de-

crease with a very steep spatial constant (Klaus et al., 2017). A possible reason

for the lack of activity correlation between neighboring neurons is a sparse input

from cortical areas that endow striatal neurons with di�erent activity pro�les

(Kincaid et al., 1998). With this in mind, several studies have proposed that

BG is e�ectively performing some form of dimensionality reduction on its inputs

(Bar-Gad, Morris, & Bergman, 2003). This progressive information decorrela-
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tion, similarly to what has been modeled in other brain areas (Maltenfort et

al., 1998), is thought to achieve e�cient information compression. Moreover,

by having access to a form of teaching signal that is thought to support adap-

tive behavior (i.e., reward prediction error), some have suggested a mechanism

wherein compression is biased towards cortical inputs that are in some way rel-

evant to the current behavior repertoire of the animal, e�ectively implementing

a �reinforcement-driven dimensionality reduction� algorithm (Bar-Gad, Morris,

& Bergman, 2003; Joel et al., 2002). The role of this putative dimensionality

reduction is still very much debatable, however, given anatomical and energetic

constraints principles argued to guide nervous system development and evolution

(Sterling & Laughlin, 2017) along with relative low-dimensional array of e�ectors

animals have at their disposal, it might be advantageous to bias action-selection

in a relatively lower-dimensional space enriched in relevant features and invari-

ant to others (Motiwala et al., 2020). Additionally, invariance to some features of

the world and actions might a�ord animals some degree of generalization which

might accelerate learning in some scenarios (Bar-Gad, Morris, & Bergman, 2003).

For example, the action to eat a pear or an apple does not mechanically di�er

substantially, moreover both ful�ll a similar goal of reducing hunger level. It

is thus perhaps advantageous to bundle both percepts to the same downstream

motor command.

1.3.3 Disinhibition

GPi/SNr GABAergic neurons are known to exhibit very high �ring rates at rest

(40-80Hz, (Mink & Thach, 1991; Wichmann et al., 1999)). This has led to the

idea that BG keeps downstream thalamus, midbrain and brainstem areas under a

default, tonic, inhibitory tonus. Seminal studies have since shown that selectively

inhibiting SNr areas, known to project to the superior colliculus, is su�cient to

increase the likelihood of saccadic movements (Hikosaka & Wurtz, 1985). Sim-

ilarly, in a non-human primate model of Parkinson's disease, a BG pathology

primarily characterized by akinesia, focal application of the GABA(A) agonist

muscimol in GPi has been reported to ameliorate motor symptoms (Baron et al.,

2002). These �ndings paint a picture wherein BG modus operandi is primarily

through disinhibition, a mechanism through which it is thought to regulate the
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appropriate selection of action (Mink, 1996; K. Gurney et al., 1998; Grillner et

al., 2005).

The level of disinhibition is oppositely modulated by the direct and indirect

pathways of BG (Freeze et al., 2013). Direct pathway medium spiny neurons'

activity has been shown to induce brief pauses in GPi/SNr via which actions

are thought to be selected. Conversely, indirect pathway activity leads to short-

latency increases in the discharge rate of GPi/SNr cells, and is thought to raise the

threshold for action. Such functional opponency has not only been observed with

regards to overall motor output but also with respect to ongoing motor sequence

production (Sippy et al., 2015; Tecuapetla et al., 2016), reinforcement (Kravitz

et al., 2012; Yttri & Dudman, 2016), and value-based decision making (Tai et

al., 2012). However, in what has been used to argue against this functional

opponency view, coactivation of dMSNs and iMSNs is observed during action

production (Tecuapetla et al., 2014, 2016; Cox & Witten, 2019). Interestingly,

long before these observations, Jonathan Mink theorized that action production

would proceed with the simultaneous and concerted activation of direct pathway,

responsible for invigorating actions to be taken, and indirect pathway, that would

inhibit other, potentially competing, actions (Mink, 1996) .

Such a mechanism would, given the relatively more focused inhibition from

Striatum to GPi when compared to the excitation from STN, give rise to a

"center-surround"-like �lter, reminiscent of the ones found in early visual system

(Ku�er, 1953). The functional consequence of this wiring motif is still very much

debated, however, one could imagine how such computation would support the

selection of a given motor plan over others by selectively increasing the signal-to-

noise ratio between actions. The generalization of this hypothesis has led to the

idea that similar selection of cortical activity might be happening in other parallel

loops of the BG essentially regulating the activity of more abstract, cognitive and

limbic cortical states. Finally, "selection through disinhibition" is one of the main

arguments for BG selecting, as opposed to generating, actions. In this view, BG

would perform a computation akin to vetoing motor plans, that are currently

being considered somewhere else in the brain circuitry, and allow/prevent their

expression (Mink, 1996; Doya, 1999; Hikosaka et al., 2000).
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1.4 Basal ganglia & action selection

There is certainly no prescribed need for a centralized action selection mech-

anism in the vertebrate brain. Indeed, in many cases it can easily be argued

that a distributed decision making and action selection process is taking place

(Cisek, 2007; Steinmetz et al., 2019).This issue becomes all the more complex

(and interesting) when one considers that distinct functional brain modules will

play a di�erent role to behavior that will, to some extent, contribute to specify

parameters of action. Nevertheless, while several areas can ultimately in�uence

behavior (e.g., risking ad absurdum, a mammal lacking a retina will not be able

to use visual input to guide behavior), it is clear that some areas will have a role

more akin to what one would consider an action selection module. In particular,

many authors have argued that BG is organized to select desired actions and to

inhibit potentially competing ones. Here's why:

Basal ganglia is a hub Any action selection module worthy of its name must

be able to optimally select actions. In order to do so, it must be aware of

the current context the agent is inserted in. The striatum, in particular,

receives input from all over the cortex, thalamus and various limbic areas

(Hunnicutt et al., 2016; Foster et al., 2021). It is therefore thought to have

access to sensory information, currently considered motor plans, models of

the world and goals that can be leveraged to guide the appropriate decision

of what to do next.

Basal ganglia can regulate action production and suppression As pre-

viously mentioned, action selection will decidedly bene�t from the ability

to bidirectionally control the bidding of each competing action. This ability

will a�ord the system to cleanly switch between behaviors, prime actions

(planing), modulate decision-making integration times and potentially

cancel already ongoing movements. One of the most striking features of

BG organization is apparent functional mapping between action production

and suppression to the direct and indirect pathways, respectively. While

many details - physiological, mechanistic and conceptual - of this duality

remain to be fully elucidated, it seems safe to assume that, being such a
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conserved feature across vertebrates, it indeed represents a useful general

mechanism to endow an action selection module with.

Basal ganglia as a centralized action selection module If context in-

formation is present throughout the brain what is the advantage of a

centralized action selection module as opposed to a distributed one? Two

main arguments have been put forward. The �rst is concerned with ener-

getic and spatial e�ciency and it has been thoroughly covered elsewhere

(Redgrave et al., 1999). Brie�y, each axonal connection between two neu-

rons comes with its own energetic and spatial overhead. Such evolutionary

pressure might have selected brains that e�ciently wire neural networks.

At the extreme, a centralized AS module with N neurons exhibits 2N

connections (to and from the central selection module). Conversely, a fully

recurrent network, shown to be able to perform action selection, grows with

N2 (each unit must connect to and from all others). While networks in the

brain have been shown to display a signi�cant degree of local recurrence,

for long distances this mechanism is unfavorable. Instead, information

from functionally distinct areas could be e�ciently funneled through an

action centralized module thereby requiring much less wire. The second

argument is perhaps more subtle. Taking into account the functional

specialization observed across distinct brain areas, it stands to reason that

di�erent information channels might require their own action selection

loops to be resolved. This solution might a�ord modularity in that it

might allow partially independent control and learning across the system.

Finally from an evolutionary standpoint, it seems that duplicating a motif

that already exists (e.g., cortico-BG sensorimotor loop to an associative

loop) is a more plausible event than to stumble upon a de novo solution

(Wagner & Altenberg, 1996; Chakraborty & Jarvis, 2015). A centralized

AS module shows promise in answering both demands.

Basal ganglia supports learning That animals can learn seems to go without

saying. It is the core skill that a�ords agents the ability to dynamically

adapt to changes in their environment and to ultimately behave adaptively.

Any action selection module that hopes to select the best action at any
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given time must therefore be able to change preferences towards a given

plan when the reward landscape changes. This policy (i.e. what action to

perform for a given state of the world) can be updated in multiple ways, as

I will cover in a later section. Conceptually however, in order to learn, a

teaching signal is required. Unfortunately, autonomous agents seldom have

access to a teacher that provides labeled examples on how to behave. As a

result, animals must instead rely on their own experience to update policies.

Intuitively, one form this error could take is the di�erence between what an

animal expected and what it experienced. Positive and negative deviations

in this quantity should increase and decrease, respectively, the probability

to perform the same action in the future. Dopaminergic neurons in the

midbrain encode a quantity that closely resembles this reward prediction

error and extensively innervate striatum, where dopamine release has been

shown to be able to induce plasticity at cortico-striatal synapses, providing

an obvious substrate and mechanism necessary for learning.

1.5 Models of basal ganglia

How to determine the function of a speci�c brain area? Deciphering the com-

putations performed by speci�c brain circuits is simultaneously one of the most

di�cult objectives to achieve in systems neuroscience yet one of its ultimate goals.

Basal ganglia circuit function in particular, has been one of the most modeled

circuits in the mammalian brain. BG models have built on top of anatomical, neu-

rochemical and physiological experimental data to provide a general description

of circuit function. Moreover, albeit challenging, and sometimes even perilous,

studying disease states to infer circuit function may provide key insight. BG re-

search has found some success with this approach. Several common neurological

disorders, especially those with a profound motor e�ect, have been associated

with a dysfunctional BG circuitry.

It will become clear that modeling BG circuit function is a challenging en-

deavor given the breadth of functional roles attributed to this circuit. Never-

theless, every model, be it computational or otherwise conceptual, is a source
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of in�uence that paves the way to new hypothesis and experiments , forcing the

reinterpretation of its compatibility with current the model instantiation and its

potential reiteration. Risking the cliché: "All models are wrong, but some are

useful"(Box, 1976).

This section serves to present the reader with a condensed view over in�uential

model instances that found, to some degree, success in explaining BG function.

It is worth noting that while these models take di�erent approaches and sets of

assumptions, most of their features are not necessarily incompatible with one

another and instead represent somewhat distinct facets of BG function. In fact,

in order to arrive at a satisfying mechanistic understanding of BG role I believe

a lot is to be gained from combining knowledge from di�erent models.

Finally, far from exhaustive, this section will necessarily be a biased exposi-

tion, from both a historical and overall content perspective, but one which I hope

will justify my current vision of the BG circuit function discussed later.

1.5.1 Rate model

Originally proposed in the 1980s, the rate model (RM) was one of the �rst con-

ceptual models that tried to describe general BG function considering what was

then known of connectivity, neurochemical and physiological data (Penney &

Young, 1983; Albin et al., 1989; DeLong, 1990).

The RM was built on top of key observations and assumptions. First, an

intact basal ganglia is necessary for executing or otherwise maintaining motor

commands. The providence of these commands is still very much debatable, but

cortex was considered a probable source that could be regulated through posi-

tive thalamic feedback, disinhibited, in turn, by BG output structures. Second,

BG circuitry exhibits two, largely feedforward parallel circuits - the direct and

indirect pathways - that bidirectionally regulate the activity of GPi/SNr. Third,

dopamine bidirectionally regulates the activity of these two pathways by bind-

ing to distinct dopamine receptors (D1R/D2R found in dMSNs/iMSN, leads to

neuronal excitation/inhibition, respectively). Fourth, actions are selected by the
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focal disinhibition of a subset of motor plans in cortex, or downstream brainstem

motor areas, by the regulation of GPi/SNr default suppressive activity.

Initial instantiations of RM proposed that the direct and indirect pathways

provide a global motor facilitation and suppressive signal, respectively (Albin et

al., 1989; DeLong, 1990). Indeed, early optogenetics experiments have shown

that anatomically broad activation of these pathways leads to an overall in-

crease/decrease of motor output in the open-�eld, respectively(Kravitz et al.,

2010). However, the sparseness with which these cells synapse to GPi/SNr led to

the idea that activity of MSNs regulates the selection of speci�c actions rather

than overall motor activity per se. In other words, at the limit, for each dMSN

selecting a given action a same anti-neuron iMSN was available to potentially

inhibit the same action. Selection would then proceed by regulating the balance

between the activity of dMSN and iMSN for the same action (Schroll & Hamker,

2013). Despite its simplistic nature, RM found great success in explaining and

predicting observations from several BG related pathologies.

If the balance between direct and indirect pathway activity dictates the ex-

pression of action, one would expect pronounced changes in action production

behavior in conditions wherein this balance is compromised. Several BG patholo-

gies are characterized by a clear unbalance in the activity of these two pathways,

providing testing grounds for this model.

Huntington's disease (HD) is a rare genetic disorder wherein the HTT gene

su�ers repeated trinucleotide repeat expansion, giving rise to a pathological form

of the Huntingtin protein (MacDonald et al., 1993). Patients su�ering from

this disorder exhibit strong motor de�cits in the form of uncontrollable jerks or

writhing movements (Roos, 2010). Through mechanisms yet to be fully eluci-

dated, several studies have identi�ed an early preferential loss of striatal-pallidal

(iMSNs) medium spiny neurons in HD patients (Reiner et al., 1988; Sapp et al.,

1995; Deng et al., 2004), thought to lead to an overall decrease in indirect path-

way activity. Indeed, electrophysiology recordings from HD patients undergoing

deep-brain stimulation implantation surgery have shown signi�cant increases in

overall GPe activity and concomitant decreases in BG output structures activ-

33



ity (GPi) (Cubo et al., 2000; Starr et al., 2008). Similarly, patients su�ering

from dystonia, a condition characterized by the involuntary, often repetitive, co-

contraction of agonist and antagonist muscle groups, low GPi activity has also

been described (Starr et al., 2005; Vitek, 2002). Finally, patients ailed with

hemiballism, a disorder characterized by violent and large amplitude involuntary

unilateral movements, lesions in STN are often documented (Martin & Alcock,

1934; Hawley & Weiner, 2012). In other words, pathologies characterized by the

lack of suppressive motor control, otherwise known as hyperkinetic movement

disorders, are very often accompanied by a de�cit in indirect pathway function.

Consistent with the rate model, decreasing this no-go signal might be expected

to lower the threshold for action selection, resulting in actions being allowed to

"slip through the cracks" and ultimately generating an unwanted motor com-

mand. Interestingly, some of these conditions are also associated with cognitive

de�cits that can be described as lack of suppressive control or impulsivity. To-

gether with the fact that other conditions, known to exhibit a similar lack of

inhibitory control, speci�cally attention de�cit hyperactivity disorder (ADHD,

(Barkley, 1997; Qiu et al., 2009)) and obsessive-compulsive disorder (OCD, (Sax-

ena & Rauch, 2000)) and, similarly, a compromised BG circuit, it suggests that

the same computation that is applied to suppress motor output might similarly be

able to regulate higher-order cognitive processes such as attention and memory.

RM also predicts that increasing the ratio of indirect-to-direct pathway ac-

tivity should produce motor de�cits consistent with decreases in motor output

(i.e. akinesia/bradykinesia). In Parkinson's disease (PD) midbrain dopamine

neurons, especially in SNc that project extensively to sensorimotor portions of

the striatum, su�er selective and progressive degeneration. Consistent with the

opposing e�ect dopamine has been shown to have on the excitability of these two

populations, increases in activity of the indirect pathway and parallel decreases

in the activity of the direct pathway medium spiny neurons are observed in ani-

mal models of PD (Mallet et al., 2006; Parker et al., 2018). Additionally, several

studies have found increased �ring rates in STN and GPi, consistent with in-

creased/decreased activity of iMSN/dMSNs in Human PD patients (Benazzouz

et al., 2002; Hutchison et al., 1998). A corollary is that returning dopamine
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concentration to normal levels should restitute this balance and alleviate motor

symptoms. Indeed, dopamine replacement therapy is, to date, one of the most

successful forms of symptom management in PD patients. At the physiologi-

cal level, intra-operative administration of L-DOPA reduces GPi �ring rate, and

doses associated with L-DOPA induced dyskinesia have been shown to produce

further decreases (Lozano et al., 2000; Levy, Dostrovsky, et al., 2001). Finally,

local inactivation of STN using muscimol restores �ring rates to a healthy range

and ameliorates parkinsonian symptoms (Levy, Lang, et al., 2001).

Together, these, and numerous other consistent observations, account for a

scenario wherein relative levels of activity of the two pathways determine the

extent of motor program activation. Direct pathway medium spiny neurons, by

brie�y silencing GPi/SNr output structures, dishibit thalamocortical or brain-

stem motor areas increasing the likelihood of movement, whilst indirect pathway

activity is associated with increases in the default suppressive signal. While this

functional opposition view has been a staple of most models of the BG, some

experimental results are not immediately compatible with the simplest version

of the rate model. For example, a dysfunctional GPi is associated with motor

symptoms, yet pallidotomy in non-human primates is not associated with obvi-

ous overt motor de�cits in healthy animals (Desmurget & Turner, 2008). This

appears consistent with other studies showing that while changes in GPi �ring

rate are routinely found in these pathologies, these are relatively small. Instead,

changes in temporal �ring patterns (i.e. bursting and LFP) are more salient

and prevalent (Litvak et al., 2011; Eusebio et al., 2009). Finally, in what has

been used as the strongest argument against the rate model and the functional

opponency view of the two BG pathways, iMSNs and dMSNs were shown to be

co-active around movement (Cui et al., 2013; Tecuapetla et al., 2014; Markowitz

et al., 2018), revealing how imbalances between the overall activity of the two

pathways are not a requisite to generate movement and, instead, co-activation

is necessary to perform action (Tecuapetla et al., 2014, 2016). To accommodate

these �ndings new models highlighting the potentially concerted and synergistic

activation of the two pathways have been put forward.
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1.5.2 Center-surround model

As noted above, the two pathways of the BG exert opposing in�uence on the out-

put of the BG. Yet, during periods of overt motor output, where one would expect

to observe anti- or uncorrelation of the two pathways to facilitate movement, co-

activity is instead observed. Incidentally, two decades before the co-activation

of the two pathways had been directly observed, J. Mink proposed that action

selection should take place with the concurrent activation and suppression of mo-

tor programs (Mink, 1996; Mink & Thach, 1993). These two functional processes

were, not surprisingly, ascribed to the activity of dMSNs and iMSNs, respectively.

How might these two pathways interact to regulate action selection? Taking

into account anatomical and physiological evidence, it has been proposed that BG

implements action selection through a center-surround �lter, akin to those found

in early sensory visual system (Ku�er, 1953), wherein focused striatal-pallidal

activity activates a �central� action, while excitation from subthalamic nucleus

to SNr/GPi raises the inhibition onto surrounding, perhaps competing actions.

Under such a model one would indeed predict co-activation of the two pathways

during movement.

Several pieces of evidence support the model. While classical experiments

have shown that either pathway originating from the same striatal region converge

onto functionally identical domains and the same neurons in GPi/SNr (Hazrati

& Parent, 1992b; Bolam & Smith, 1992; Foster et al., 2021), some di�erences

pertaining to the size of their axon arborization have been found (Hazrati &

Parent, 1992a). On one hand, single striatal-pallidal neurons show convergent

and sparse projections and are thus hypothesized to carry action-speci�c infor-

mation. Conversely, subthalamic projections to BG output nuclei are denser

and relatively more di�use. In other words, while general spatial convergence is

found, inhibition of motor programs is thought to be broader and more di�use

while excitation appears relatively more focused. Depending on the exact details

of this interaction, the outcome will be a �Mexican-hat�-like �lter in anatomical

and thus, perhaps, in action space (Figure 1.3, (Mink, 1996)). A corollary to this

hypothesis is that during action performance both activation and suppression of
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a b c

Figure 1.3. Center-surround �lter in action space. Blue and red depict activa-
tion and suppression of motor programmes, respectively. a) and b) represent the
potential in�uence direct and indirect pathway have on action selection, respec-
tively. c) depicts outcome from the sum of the two �lters. Notice the increased
sharpness of the center peak that results from this operation.

BG output units should be observed. Indeed, while recording from mammalian

GPi/SNr, both responses have been simultaneously recorded (Gulley et al., 1999),

suggesting that dishibition alone is not su�cient for movement execution.

The computational role of this anatomical motif is very much up for debate.

One idea is that such a �lter might increase the overall signal-to-noise ratio be-

tween what to-do against a noisy background of many potential actions and thus

potentially implementing a positive feedback loop with cortex that eventually

results in the selection of a single, focused, motor plan.

Despite what appears to be an elegant theory to explain the simultaneous sup-

pression and excitation of BG output units, several questions remain unanswered

with regards to the exact implementation of this proposed computation. First,

in its simplest form, the theory suggests that competing actions are represented

in close anatomical proximity, thereby leveraging the center-surround �lter that

is also de�ned in the same anatomical space. This idea has some merit in that,

given the overall topographical organization of the circuit, actions requiring ac-

cess to the same e�ector (e.g., arm) should also be the actions that inherently

impose the highest level of con�ict and thus in potential greater need of sup-

pression. This theory is, to the best of my knowledge, untested. Second, recent

evidence suggests that, at the level of striatal sub-domains, iMSN-GPe (indirect

pathway) projections are actually more convergent than dMSN-GPi/SNr (Foster

et al., 2021). Third, while indirect pathway activation does drive the excitation
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of GPi/SNr through projections from STN, it is still up to debate whether the

broad functionally suppressive signal results from the indirect activation of STN

units through the corticostriatal pathway activity (i.e. indirect pathway) or from

the direct activation of STN units through cortico-subthalamic projections (i.e.

hyperdirect pathway). Behavior and physiological data support that the so-called

hyperdirect pathway implements a general, short-latency (Nambu et al., 2000),

halting mechanism that would undoubtedly take advantage of broad suppression

of most action programs (Nambu et al., 2002; Schmidt et al., 2013; Dunovan et

al., 2015; W. Chen et al., 2020; van Wouwe et al., 2020). Indeed, following intra-

cortical electrical stimulation a triphasic response is often invoked in SNr/GPi.

A �rst short-latency volley of excitation ( 10ms) is thought to be mediated by a

hyperdirect pathway, followed by a slower period of suppression and excitation,

thought to be mediated by direct and indirect pathways, respectively (Nambu et

al., 2000; Kita & Kita, 2011).

Finally, it remains to be determined whether this motif represents a hard-

wired mechanism that meets the underlying biophysical constraints of the circuit

necessary for action selection, or to what extent it can be modulated through

learning. Nevertheless, given the overwhelming amount of evidence supporting

the role of BG in not only selecting what actions to perform but also being nec-

essary to learn what actions to produce, the activity of these BG circuits are

very likely plastic, allowing dynamic changes contingent on the animal's previous

experience, thus guiding future behavior.

The next section will focus precisely on the ability to learn the mappings

between what actions to produce and when. This class of machine learning

models found tremendous success in not only modeling animal's behavior but

also in mapping its components and quantities to putative neural substrates,

especially within BG architecture (Doya, 1999; K. N. Gurney et al., 2015; Maia,

2009).
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1.5.3 Reinforcement learning

Following Thorndike's "Law of E�ect" (Thorndike, 1911), reinforcement (RL)

learning algorithms embody the intuition that an action followed by a positive

outcome should be performed more often, i.e. reinforced. Such ability to learn

when and what actions lead to good, or bad, outcomes presents an obvious evolu-

tionary advantage. It allows agents to modify their expectations and, ultimately

their behavior, in order to maximize the amount of resources that they are able to

collect from the environment and hence their chances of survival. Interestingly,

the same problems that animals face in the wild, and in the lab, are often also

present when designing arti�cial intelligence (AI) agents. At the end of the day,

an agent, be it biological or arti�cial, is inserted in an environment where it re-

ceives information from, and acts on, that environment. It has to make decisions

on which actions to perform, under time pressure and uncertainty, and it should

learn which actions to produce without the help of an ever-present knowledge-

able teacher, but instead relying on iterative exploration of the environment. It

is thus perhaps not surprising that AI algorithms designed to solve this prob-

lem also show great promise for modeling animal behavior. RL algorithms, in

particular, have yielded great success in not only guiding AI research but also

in providing a strong quantitative framework for animal behavior research. RL

algorithms live somewhere between unsupervised (UL) and supervised learning

(SL). While lacking the need for a labeled set of data to learn from, like in SL,

it nevertheless has access to a teaching signal in the form of a reward prediction

error (RPE). Speci�cally, RL relies on successive interaction episodes with the

environment wherein an agent learns how to map states to actions (policy) with

the end-goal of maximizing future returns. The nature of this interactive learning

process, paired with a general reward function to be maximized, a�ords this class

of algorithms its general usefulness.

As it will become apparent, quantities and modules present in some RL algo-

rithms have clear neural isomorphisms, especially throughout basal ganglia. As

a result, they represent, in my opinion, one of the most promising and exciting

conceptual and quantitative frameworks to guide the research of animal behavior

and its neuronal underpinnings.
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1.5.3.1 Model-free and model-based controllers

Reinforcement learning algorithms can be further split into two large classes:

model-free (MF) and model-based (MB). Agents employing model-based RL

controllers have access to a model of the world, formally in the form of a state-

transition matrix and a reward function. In other words, the agent has an internal

representation of how states of the world relate to each other and how much re-

ward to expect in a given state. Using this �world model�, the value of performing

an action can be bootstrapped by planning (i.e., simulating) using this �forward-

model�, and the policy producing the best outcome can be chosen. An obvious

bene�t of using a model of the environment is the ability to quickly adapt if the

environment changes. For example, if before going home I am suddenly informed

that my usual way back home is blocked, I can quickly plan, given a previously

stored spatial map of the city, which alternative route to take. However, what

makes these algorithms so powerful is often also their peril. Computationally,

planning can be costly since for very deep or wide decision trees bootstrapping

can take prohibitively long amounts of time when compared to the time-scale of

a decision making process. Additionally, access to a complete model of the envi-

ronment, especially for biological agents, is not always a very good assumption

and thus, despite picking the optimal policy that will maximize returns given the

agent's model of the environment, an incorrect, or otherwise incomplete model

might result in suboptimal or maladaptive behavior.

MF agents, on the other hand, are not endowed with a model of the envi-

ronment. They instead approximate the value of performing actions by directly

interacting with the world, sampling its outcomes, and updating their expecta-

tions. Instead of computing actions-values through a forward-model as in MB,

on each episode MF agents update the probability of performing a given action

by comparing its present and expected outcome. If such outcome is better than

expected, the action should be selected more often in the future, whereas ac-

tions that lead to worse than expected outcomes should have their probability of

being taken decreased. Since these `episodes' cannot be simulated and instead

rely on directly acting in the environment, sampling strategies tend to be very
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time-consuming, especially in situations with large action and state spaces that

must be thoroughly explored in order to learn the optimal policy.

MF algorithms have been extensively applied to model animal's behavior and,

depending on the implementation details of the state and action spaces, they

turn out to exhibit surprisingly large expressiveness. Unfortunately, in many

behavior tasks, it is somewhat di�cult to ascertain whether animals are using

a model of the world or simply a complex, perhaps very abstract, state-space

representation. Recent research in AI have shown that neuronal networks trained

with MF algorithms can exhibit MB-like behavior (Wang et al., 2018) and distinct

deep-neural networks, also end-to-end trained with MF methods, are able to

produce complex behaviors, like playing ATARI games, that we, as humans, often

associate with need of an explicit model of the environment (Mnih et al., 2015).

There are however examples where one would be hard pressed to explain animal

behavior using MF controllers (Dayan & Daw, 2008; Doll et al., 2012; Daw et

al., 2005a). As a result, the answer to which algorithms animals are employing is

likely: �both�. Under some scenarios, where behavior appears to be goal-directed,

agents might leverage models of the world to guide prospective deliberation and

simulate possible future scenarios. Similarly, in situations wherein animals have

had little interaction with the environment, previously generated models, with

some overlap with the current context, might be useful in that they might a�ord

some degree of generalization. Alternatively, in situations where models are not

useful or behavior becomes a simple contingency between stimulus and response

(i.e. habitual), animals might instead rely on picking the action that has resulted

in the largest return of rewards in the past, without any explicit knowledge of

how that action will ultimately lead to reward.

Recent experimental data from selective activation or lesions in rodent stria-

tum, suggest that these two controllers are implemented in distinct striatal sub-

regions. Dorsolateral striatal circuits, enriched in sensorimotor information, have

been found to be critical to establish model-free and habitual behavior whereas

associative, dorsomedial striatum has been implicated in MB behavior. Yet, it is

important to emphasize that correlates of MB computations and quantities have

been found throughout many areas of the brain such as frontal cortical areas and
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hippocampus. As a result, whether DMS is indeed implementing MB algorithms

or simply has access to MB representations is an open debate.

Finally, it should be noted that these two modules likely operate in paral-

lel, either by competing for behavior control or concertedly alternating given the

speci�c demands of the task at hand. Indeed, several experiments have shown

that for simple tasks MB and MF controllers are recruited serially. While ini-

tially, the goal-directed system seems to be engaged, as learning progresses and

responses become more automatic, it is replaced by the habitual system. These

results have also been corroborated by experimental lesions of DMS and DLS,

respectively (Graybiel, 2008; Thorn et al., 2010; Gremel & Costa, 2013).

1.5.3.2 Temporal di�erence (TD) learning

In its simplest form, temporal di�erence learning (TD-learning) can be described

as the trial-and-error process that agents use to learn the value of states of the

environment leading up to reward. More precisely, the value of each state st,

V (st), will be given by the expected, discounted, sum of future rewards,

V (st) = E[
∞∑
t=0

γtrt|st = s], (1.1)

Where γ is the discounted factor accounting for how much an agent devalues

delayed reward in future states.

But how do agents learn these values through trial and error? At transitions

where no reward is delivered, at each time step (i.e. transitioning from t = 1 to

t = 2) the agent compares the value of its current state and the discounted value

(by γ) of the next state ( γ · V (st+1) − V (st) ). If the two perfectly cancel-out,

the agent has learned the value of the stable environment. On the other hand,

a mismatch between the two terms, or if a reward (rt) is delivered, will indicate

that there is still value to-be learned, and the animal updates V (st) using the

di�erence between what was expected and what it experienced. This di�erence
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is called �reward-prediction error� (RPE ), formally:

δt = rt + γ · V (st+1)− V (st) (1.2)

Where rt the reward amount received at time t, γ · V (st+1) the discounted

value of the next state, and V (st) the value of the current state. The value of

state st, V (st) is thus updated by,

V (st)← V (st) + α · δt, (1.3)

Where α is the learning rate determining by how much V (st) is updated.

After several iterations, if the value function is perfectly learned, the RPE back-

propagates to the earliest reward-predicting state thus signaling the arrival of

a better than expected outcome. Likewise, in the absence of a predicted re-

ward, a negative RPE is produced to signal a worse than expected outcome. As

mentioned above, midbrain dopaminergic cells are thought to convey a quantity

identical to a temporal-di�erence RPE in RL (Montague et al., 1996). Seminal

electrophysiological experiments by Shultz and colleagues (Schultz et al., 1993,

1997) have shown that, similarly to the RPE in RL models, primate DA neu-

rons �re to unpredicted rewards. Moreover, after several pairings of a cue to the

delivery of the reinforcer, the response that was initially locked to unexpected

reward delivery, now shifts to the earliest reward-predicting cue. Finally, in strik-

ing accordance with RL theory, omitting the reward after cue delivery results in

brief pauses of DAergic neural activity around the time of expected reward de-

livery. After these initial observations, other theoretically predicted features of

RPE have been observed in the activity of midbrain dopamine neurons. Among

others, DAergic neurons were shown to be sensitive to reward magnitude and

probability (Fiorillo et al., 2003), as well as to the delay between the conditioned

(CS) and unconditioned stimulus (US) (Roesch et al., 2007). However, more re-

cent experimental data has been used to argue that dopaminergic neurons might

code more than the classic RPE. For one, what was once thought to be a scalar,

one-dimensional, RPE signal broadcasted to the whole striatum, it has now been
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shown to be di�erent across nearby dopaminergic cells with respect to relative

sensitivity to positive and negative RPEs (Dabney et al., 2020), and to quali-

tatively vary depending on the midbrain source and output striatal areas. For

example, DAergic axon terminals in the tail of the striatum have been shown to

respond phasically to threatening stimuli - which intuitively should produce a

negative RPE (Menegas et al., 2018). Moreover, optogenetic activation of these

terminals was shown to produce avoidance rather than appetitive conditioning.

In another set of examples, dopamine cells in SNc, that project to dorsal

regions of the striatum, have been shown to respond to not only reward-predicting

cues but also to the onset of actions (Howe & Dombeck, 2016; da Silva et al., 2018;

Coddington & Dudman, 2018), and cells in VTA have been shown to respond

not only to rewards but also to features of the environment and animals' own

behavior (e.g., velocity, acceleration) (Engelhard et al., 2019). While it is clear

that these results do not immediately �t in the originally proposed RL theory of

BG function, they can be accommodated by, once again, considering the parallel

functional architecture of the BG circuitry. It is thus possible that these signals do

not re�ect a di�erent computation (i.e., RPE) but instead the same computation

performed on top of distinct inputs with access to di�erent information (Lau

et al., 2017). Speci�cally, in the case of the inputs arriving at dorsal striatum

from SNc, it is de�nitely possible that responses aligned to movement re�ect the

reward expectation learned from performing those same movements (Gadagkar

et al., 2016), which can be used to construct a state-space representation on top

of which values can be learned (R. Chen & Goldberg, 2020).

TD-learning algorithms continue to yield great success in explaining and mod-

eling simple learning processes like classical conditioning, where agents do not

explicitly need to produce actions. Behavior, however, extensively relies on not

only making predictions, but also acting on these. In order to accommodate this

requisite, we need to extend this framework such that it can also learn what and

when actions should be produced.
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1.5.3.3 Actor-critic architecture

In order to learn what to do in each state (policy) we modify the previous algo-

rithm to include actions. A simple extension can be made by simply replacing the

value of a state st, V (st) by a value of a state-action pair, or Q-value, Q(st, at).

Similarly to TD-learning, the Q-value function is then learned through successive

episodes wherein the agent is able to produce actions, following a given policy π,

and experience outcomes. After exploring the environment and having learned

the value of the various state-actions pairs, the agent will be able to choose an

action that maximizes Qπ(st, a)for a given state st. This algorithm is referred to

as Q-Learning (Sutton et al., 1998).

This framework presents a few challenges. For one, Q-learning cannot ex-

plicitly learn stochastic policies (e.g., sometimes the optimal strategy is to not

always perform the same action in a given state). Second, some RL problems,

especially in the continuous domain, become intractable when learning Q(st, at)

pairs directly, since the number of actions, for any given state, might be too

large. For these types of problems, policy-based learning has been shown to be

more adequate (Sutton et al., 1998). Actor-critic (AC) architecture marries the

two approaches at the cost of some added complexity. As the name implies, AC

models rely on two distinct functional modules: the Actor and the Critic. In its

simplest form, the goal of the Actor is to learn the best policy,

πt(a|s) = P{at = a|st = s} (1.4)

that leads to the largest returns. The feedback that the Actor uses to update its

policy is provided by the Critic in the form of an RPE which, similar to a TD-

learning agent, aims to maximize the weighted sum of future rewards. The key

di�erence being that this adaptive Critic module learns a value function (V π(st))

that is not only dependent on its state representation but also on the policy the

Actor is currently following.

In addition to the aforementioned neural isomorphism found between

dopaminergic neuron phasic activity and RPE, AC models �nd an additional

parallelism between cortico-striatal synapses and the policy. Under this frame-
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work, synapses between cortical inputs, carrying information about the current

state of the environment and available actions, and medium spiny neurons store

the policy. In AC architecture, action preferences are continuously updated using

the error provided by the adaptive critic. Similarly, cortico-striatal synapses

have been shown to be modulated by the RPE-carrying signal provided by

striatal dopaminergic input, which has been shown across di�erent experimental

paradigms to be capable of reinforcing state-action contingencies (Frank et al.,

2004; Bromberg-Martin et al., 2010; Tai et al., 2012; Danjo et al., 2014; Yttri

& Dudman, 2016). Plasticity dynamics at cortico-striatal synapses signi�cantly

di�er between the two BG pathways (Shen et al., 2008; Yagishita et al., 2014;

Iino et al., 2020; S. J. Lee et al., 2021). While direct pathway medium spiny

neurons undergo LTP with increases in extracellular dopamine concentrations

and LTD, with drops below baseline levels, indirect pathway MSNs respond in

the diametrically opposed manner. This sets up a situation wherein dMSNs

appear to learn from positive reward prediction errors (i.e. when things turn

out better than anticipated) while iMSNs learn from situations that result in

worse than expected outcomes. As I will suggest in chapter 2, this could be a

neuronal substrate responsible for associating cortical state/action information

to policy by essentially mapping the tendency to perform an action on a given

state, P{at = a|st = s}, to the synaptic strength between BG input and medium

spiny neurons.

Finally, the actor and critic modules have also been mapped onto di�erent

structures within BG. In one set of models (Bornstein & Daw, 2011), dorsal

striatum (DS), where correlates of action value (Hikosaka et al., 2006; Lau &

Glimcher, 2007, 2008; H. F. Kim & Hikosaka, 2013) and instrumental prediction

errors have been found, was suggested to implement the actor module. The role

of the critic, on the other hand, was assigned to ventral striatum where activ-

ity consistent with pavlovian reward prediction errors was reported (Cardinal et

al., 2002; O'Doherty et al., 2004). This model is supported by interesting obser-

vations wherein some violations to the general parallel architecture of BG have

been found. For instance, while nigrostriatal connections are to a large extent

46



reciprocal, ventral areas of SNc - that are known to receive input from ventral

striatal regions - are known to harborize to DLS (Haber, 2014).

A second class of models have tried to map this function to other known

anatomical features of the BG circuit. Under these models, actor-critic architec-

ture within DS is implemented in functional and anatomically segregated com-

partments named striosomes (or patches) and striatal matrix that were proposed

to implement the adaptive critic and the actor modules, respectively (Houk et

al., 1994). The appeal of this theory rests on the anatomical and physiological

�ndings that MSNs in the patch compartments project to DAergic midbrain ar-

eas, whereas those in the matrix project to SNr/GPi (Gerfen, 1984; Fujiyama et

al., 2011; Watabe-Uchida et al., 2012), providing the information necessary for

the computation of a critic-derived RPE and action values, respectively. Some

authors have nonetheless pointed out that some of the anatomical features found

in primate and rodent BG are not consistent with this model (Joel et al., 2002).

At the end of the day, many questions about the exact implementation details

of AC architecture in BG remain unanswered. It is likely that BG and AC will

never �nd a perfect mapping in structure and function. Nevertheless, the fact that

it guided our conceptual understanding of the circuitry cannot be understated

and thus remains, in my opinion, one of the most complete and successful models

of BG function.

1.6 Outro

In light of this experimental and theoretical backdrop, several questions pertain-

ing to the role of BG in behavior remain to be answered. The next chapter will

present experimental data collected from experiments designed to �ll some of

these knowledge gaps.

While the two pathways have been shown to bidirectionally regulate the out-

put function of BG, and in�uence behavior, co-activation is often observed during

movements. How can one reconcile these �ndings? I will argue that, under a con-

ceptual model where both suppression and promotion aspects of action selection
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are necessary to generate adaptive behavior, co-activation is indeed expected to

be observed.

Additionally, I will describe a newly developed behavior paradigm during

which sensorimotor indirect pathway is shown to be actively engaged during pe-

riods wherein animals must suppress a potentially rewarded, and thus perhaps

tempting, action. A feature of the indirect pathway function often left experi-

mentally unprobed.

Finally, chapter 2 will conclude with a computational model to explain how

behavior, neuronal dynamics, and manipulations can arise by considering a multi-

agent RL architecture. In this model, two parallel systems with distinct views on

the world interact, through behavior, to generate a general behavior policy.

These �ndings will be discussed, and expanded on, in the general discussion

chapter of this thesis.
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Chapter 2

Regionally distinct striatal

circuits support broadly

opponent aspects of action

suppression and production
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2.1 Introduction

Adaptive behavior involves a judicious combination of suppression and production

of actions. A predator must suppress its urge to pounce until its prey is within

reach, just as humans must suppress giving in to temptation to secure longer-term

rewards.

The basal ganglia (BG) are a collection of subcortical structures (Albin et al.,

1989) that are thought to regulate the appropriate selection of actions depending

on expected consequences(Schultz, 1995; Doya, 1999). In addition, the inability

to balance action production and suppression is associated with disorders that

involve the BG such as ADHD(Barkley, 1997), Parkinson's, and Huntington's dis-

eases(Albin et al., 1989). Interestingly, two major BG circuits, the so-called direct

and indirect pathways, possess anatomical and molecular characteristics consis-

tent with promoting and suppressing actions, respectively (Gerfen & Surmeier,

2011; Alexander & Crutcher, 1990). These two pathways originate in the major

input area of the BG, the striatum, at direct striatonigral medium spiny neurons

(dMSNs) and indirect striatopallidal medium spiny neurons (iMSNs) that project

directly or indirectly toward the output areas of the BG. While multiple lines of

evidence suggest functional opponency between the two pathways, an apparent

discordance between neural activity on the one hand, and anatomy and cell type-

speci�c perturbation data on the other has led to ongoing debate regarding the

rules that govern BG circuit function.

As predicted by anatomy (Y. Smith et al., 1998), activating dMSNs can

rapidly suppress, while activating iMSNs can rapidly enhance, the activity of in-

hibitory output neurons of the BG in the substantia nigra (Deniau & Chevalier,

1985; Kravitz et al., 2010; Freeze et al., 2013). At a behavioral level, activation of

dMSNs consistently produces opposite e�ects to those of activating iMSNs with

respect to locomotion(Kravitz et al., 2010; Roseberry et al., 2016), ongoing motor

sequence production(Sippy et al., 2015; Tecuapetla et al., 2016), reinforcement

(Kravitz et al., 2012; Yttri & Dudman, 2016), and value-based decisions (Tai et

al., 2012). However, the activity of dMSNs and iMSNs in sensorimotor striatum

appears to be largely positively correlated around action production (Cui et al.,
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2013; Tecuapetla et al., 2014; Barbera et al., 2016; Markowitz et al., 2018). Such

observations of concurrent activation of the two pathways have been used to ar-

gue against the hypothesis that they functionally oppose each other (Cui et al.,

2013; Tecuapetla et al., 2014; Cox & Witten, 2019).

A longstanding, and potentially reconciling, view of BG circuit function is

that the two pathways might contribute to selection amongst various actions in a

competitive manner (Denny-Brown & Yanagisawa, 1976; Mink, 1996; Redgrave et

al., 1999). In this view, action selection proceeds through combined promotion

of motor programs by the direct pathway, and suppression of motor programs

by the indirect pathway. Such a model predicts broad coactivation of the two

pathways during action production even as they function in opposition to each

other. Notably, this framework also predicts that sustained suppression of action

should promote large-scale decorrelation or even anticorrelation between the two

pathways. This possibility, to our knowledge, remains untested. Activity of

iMSNs should be elevated to suppress action, while the activity of dMSNs should

be limited until action is released. Such observations would naturally reconcile

currently disparate interpretations of BG circuit function.

To test this hypothesis, we employed a variant of an interval categorization

task (Gouvêa et al., 2015; Soares et al., 2016) that requires a series of self-initiated

and cued actions, and critically, a sustained period of dynamic action suppres-

sion. During this behavior, we then recorded activity from dMSNs and iMSNs in

the dorsolateral striatum (DLS) of mice using �ber photometry and electrophys-

iology. We found that both pathways displayed phasic activation during action

production, as previously reported. However, action suppression revealed clear

di�erences in activity and signatures of functional opponency, most prominently

in the form of privileged engagement of iMSNs and with opposite dynamics as

compared to dMSNs.

To assess the functional importance of the observed patterns of neural activity,

we then performed a series of optogenetic inhibition experiments. The results

provided further support for the idea that the direct and indirect pathway support

broadly opponent function but, surprisingly, revealed little engagement of DLS
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circuits in the promotion of actions. Instead, DLS appeared to be largely engaged

to suppress a given action when it was most tempting.

A dominant view holds that BG circuits function similarly to components of

reinforcement learning (RL) models, learning through experience to apply a pro-

gram for behavioral control that maximises reward (Doya, 1999). In this view,

diverse inputs from a broad range of cortical and thalamic areas provide striatal

circuits with information about the state of the world, and dense dopaminergic

inputs carrying reward prediction errors cause synaptic plasticity and thus teach

the system a mapping of which actions to take in any given state. This mapping

constitutes a policy for behavioral control that exerts its in�uence through pro-

jections from BG output nuclei to motor circuits. But a local policy of selectively

suppressing actions that are tempting, such as that we found in DLS, requires a

circuit elsewhere to provide the temptation itself.

It has long been appreciated that the BG possess a parallel circuit architec-

ture. Sensorimotor, associative, cognitive and limbic-related information passes

through BG circuits in a largely segregated manner (Alexander & Crutcher,

1990). Based on this functional anatomy, it stands to reason that any policy-

related information learned in the striatum will di�er depending on which par-

allel circuits are involved. Thus, we hypothesized that the suppressive function

observed in DLS may be learned as a consequence of an action promoting policy

learned by parallel circuits involving other regions of the striatum. We then con-

structed a simpli�ed reinforcement learning model that shows how DLS circuits

can interact through behavior with parallel circuits located elsewhere to produce

the observed patterns of data. The model reproduced behavior, pathway speci�c

patterns of DLS neural activity, and di�erential e�ects of inhibiting iMSNs on the

two hemispheres. It also made an implicit prediction: that some other region of

the striatum promotes the actions that DLS has learned to suppress. To test this

prediction, we performed an additional set of optogenetic experiments in more

associative, dorso-medial striatum (DMS). DMS has been implicated in more

forward-looking, �model-based� behavioral control (Bornstein & Daw, 2011), and

we reasoned that the basis for temptation in the current task might lie in the con-

sideration of the future states wherein particular actions would result in reward.
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Inhibiting either dMSNs or iMSNs in DMS had no detectable e�ect on action

suppression, however, unlike in DLS, unilaterally inhibiting dMSNs in DMS did

reduce the production of contralateral actions, consistent with the predicted role

for higher order circuits in promoting action.

More generally, the model illustrates how speci�c BG circuits may give rise to

distinct in�uences on behavioral control that depend not only on the environment,

but on the impact of other circuits that learn and exert their in�uence in parallel.

This highlights an underappreciated mode of behavioral control whereby the brain

functions much like a multi-agent system, with a variety of concurrent in�uences

on behavior, sometimes aligned (Cartoni et al., 2016)and sometimes con�icting

(Dayan et al., 2006). Together, these �ndings provide new insight into how BG

circuitry can contribute to distinct aspects of action production and suppression

across di�erent striatal territories, with broad implications for understanding the

neural mechanisms of both normal and pathological behavioral control.

2.2 Results

2.2.1 Production and proactive suppression of action

We trained mice on a variant of a two-alternative time interval categorization task

wherein subjects were required to suppress movements during interval presenta-

tion. Brie�y, mice self-initiated a trial by inserting their snout into a centrally

located initiation nose port, eliciting a brief auditory tone (Figure 2.1). Mice were

then required to maintain their position in the initiation port (�xation) until a

second auditory tone was delivered. This second tone was delivered at a delay

that was randomly chosen from a set of 6 intervals, symmetric about 1.5s, and

ranging from 0.6s to 2.4s. After delivery of the second tone, animals were free to

choose either of two choice ports located at an equal distance to either side of the

initiation port. Rewards were delivered for choices to one side (�short� choice)

if the presented interval was shorter than a 1.5s decision boundary, and at the

opposite choice port (�long� choice) if the interval was longer than 1.5s. Mice

learned to categorize interval stimuli much longer or shorter than the decision-

boundary with high accuracy (92.1±0.7%, 0.6s and 2.4s intervals, mean±s.e.m.
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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 centre port - ��xation�.

n = 14 mice), yet choices were more variable for intervals nearer to the decision-

boundary, Figure 2.2a). In addition, mice produced a stereotyped movement

pro�le over each trial (Figure 2.2b). Movement speed increased leading to trial

initiation, followed by a brief period of postural adjustment before animals settled

into a period of immobility until the second tone was delivered. Immediately fol-

lowing second tone delivery, movement speed increased again as animals executed

their choices. If animals failed to maintain �xation in the initiation port until

the second tone, an error tone was immediately delivered and the trial was termi-

nated (36.5±2.1% of all trials, n=14 mice). We will refer to these trials as broken

�xations throughout the text. Interestingly, animals often entered a choice port

even after breaking �xation and aborting the trial (52.1±4.9% of broken �xation

trials, n=14 mice). These choices were executed with a similar timecourse and

trajectory as valid choices (Figure 2.3) and were largely �appropriate�, toward

the �short� choice port when breaking early in a trial, and toward the �long� port

when breaking late in a trial (Figure 2.4a-b). The pattern of broken �xations

re�ects the overall reward associated with the two choices over time, and not the

likelihood of second tone occurrence (Figure 2.2a, Figure 2.4c). These data are

consistent with animals developing a dynamic motor plan that remains latent as

long as it is successfully suppressed. Failure to suppress this temptation led to

premature execution of the planned action.
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Figure 2.2. a) Bottom: Psychometric �t to the performance of each mouse
that underwent photometric recordings (n=14, light gray) and the logistic �t to
the overall average performance across mice (black). Top - Reward expectancy
calculated from the overall performance of animals on a given stimuli (blue trace
depicts the recti�ed psychometric �t 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). Error bars represent s.e.m..
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Figure 2.3. a) Comparison of average nape trajectories, during a choice move-
ment (-0.5 to 1.5 seconds relative to leaving the center port) , for sessions of a
single animal, for trials wherein animals chose the short (black) or long (gray)
nose port on valid (top, black outline) or broken �xation (bottom, green outline)
trials. Thinner purple lines depict single trials and circles represent the Long
(Black circle), Initiation (Orange circle) and Short (Gray circle) nose ports (see
also Figure 2.24); b) Distribution of choice times, i.e. time taken for the animal
to leave the centre port and report its choice, in completed trials (black) and
broken �xation trials (green). Inset depicts the medians of choice times per an-
imal for completed and broken �xation trials (one-sample t-test, P = 0.155, t13
= 1.511). Error bars represent s.e.m..
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Figure 2.4. a) Probability density functions of broken �xations over time during
the immobility period (0.6s to 2.4s), contingent on subsequent choice at one of
the side ports. b) Average overall �pseudo-performance� of all animals used in
the photometric recordings calculated from broken �xation trials. To calculate
the performance in broken �xation 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 �xation before (<1.5s) or after (>1.5s) the decision boundary
(one-sample t-test, P≪0.001, t13 = 11.178). c) Probability density function
of Broken �xation occurrence, over all trials, as a function of time since �rst
tone (green) and corresponding hazard rate (black full line). Grey dashed lines
represent times at which a second tone might occur. Orange full line represents
the decision boundary (1.5s). Error bars represent s.e.m..
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Figure 2.5. a) Viral strategy used to record Ca2+ activity in dorsal striatum. b)
Pattern of transgene expression in A2a-Cre (iMSN) or D1-Cre (dMSN) animals
in sagittal section, 2.1mm ML. Str-Striatum, GPe-Lateral globus pallidus, SNr-
Substantia nigra pars reticulata. c) example of photometric traces in indirect
(left) and direct (right) pathway MSNs.

2.2.2 Opposite modulation of striatal direct and indirect

pathways during action suppression

To probe the large-scale activity of the direct and indirect pathways for signs

of functional opponency during movement and active suppression of lateralized

movements, we recorded the activity of dMSNs and iMSNs in the dorsolateral

striatum during task performance. We combined mouse lines expressing Cre

recombinase in either dMSNs (D1-Cre EY217Gsat line) or iMSNs (A2a-Cre,

KG139Gsat line) with cre-dependent viral expression of the calcium indicator

GCaMP6f(T.-W. Chen et al., 2013)(Figure 2.5), using coordinates where coac-

tive dMSNs and iMSNs have been described during movement (Tecuapetla et al.,

2014)(Figure 2.6). No signi�cant di�erences in behavior were detected between

the two mouse lines (Figure 2.7, Figure 2.8). We then used �ber photometry

((Soares et al., 2016; Matias et al., 2017), Figure 2.5, Figure 2.9) to access the

pooled activity of a local population of dMSNs or iMSNs in the dorsolateral stria-

tum. To determine whether gross di�erences in activity patterns were present

across a trial, we �rst examined the combined activity of neurons located in both
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1mm

Figure 2.6. Histological reconstruction of sites of �ber implantation for photom-
etry experiments in DLS. Animals are colored by their genotype according to the
legend. All coordinates were projected to the same coronal slice (AP = +0.5
from bregma) adapted from Franklin & Paxinos (2008).

hemispheres. In individual animals, we observed that activity of either dMSNs or

iMSNs increased around task epochs when animals were required to take action,

namely trial initiation and choice execution, consistent with previously observed

coactivation of the two pathways (Figure 2.9). Indeed, across all animals, though

the time courses of activity appeared to di�er slightly, the mean activity of the

two pathways was indistinguishable around trial initiation Figure 2.9, iMSN vs

dMSN = 0.141 [-1.09, 1.37] z∆F/F, p = 0.8065; E�ect Size, 95%[CI], p-value).

However, activity in dMSNs and iMSNs displayed marked di�erences during in-

terval presentation, when mice were required to suppress movement (Figure 2.9).

Across all animals, iMSN activity was signi�cantly elevated relative to dMSN

activity (Figure 2.9, iMSN>dMSN = 0.783 [-0.071, 1.64] z∆F/F, p = 0.0345).

We con�rmed these overall patterns of activity by recording single units electro-

physiologically from DLS and optogenetically photo-identifying iMSNs(Lima et

al., 2009). We observed diverse patterns of responses in both photo-identi�ed,

and non-photo-identi�ed putative MSNs (Figure 2.10, Figure 2.11) (Jin & Costa,

2010; Klaus et al., 2017). Consistent with photometry, the photo-identi�ed iMSN

population was signi�cantly enriched for cells displaying increased activity during

action suppression (Figure 2.11). The di�erence in photometric signals recorded

from iMSNs and dMSNs was not constant, but grew on average as mice were

required to suppress action for longer periods. We wondered whether the need
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Figure 2.7. No signi�cant di�erences in psychometric behavior were detected
between genotypes. A2a-Cre and D1-Cre single animals, included in the pho-
tometry experiments, are shown in red and blue, respectively. a-e) Single animal
psychometric curve (a) �ts and respective parameters (see Methods for further
details, two-sample t-test, b) P = 0.935, t12 = 0.083, c) P = 0.17, t12 = -1.459, d)
P = 0.823, t12 = 0.228, e) P = 0.826, t12 = -0.225). Error bars represent s.e.m..
n.s. P>0.05.
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Figure 2.8. No signi�cant di�erences in behavior, in broken �xation trials and
movement during the delay period, were detected between genotypes. A2a-Cre
and D1-Cre single animals, included in the photometry experiments, are shown
in red and blue, respectively. a) Overall probability of breaking �xation (all
trials included) (P = 0.665, t12 = 0.445) b) Percentage of trials wherein animals
attempted to make a choice after breaking �xation (all trials included) (P =
0.703, t12 = 0.391). c) Probability of reporting at the �long choice� port after
breaking �xation contingent on whether the animal aborted before (<-1.5s) or
after (>1.5s) the decision boundary (P = 0.872, t12 = -0.165). d) Left, Hazard
of breaking �xation in time for single animals (thin curves) and overall averages
within genotype (thick lines). Right, di�erences between the hazard of breaking
�xation after and before the decision boundary(P = 0.165, t12 = 1.48). e) Mean
velocity during the delay period from correct trials of the longest interval (2.4
seconds, Data from Figure 2.2, P = 0.892, t12 = -0.139). Error bars represent
s.e.m.. n.s. P>0.05.
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initiation). Error bars / boxes represent s.e.m.
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Figure 2.10. a)PSTHs of four representative photo-identi�ed units, aligned to
trial initiation, exhibiting distinct patterns of activity during the delay period.
For each units, top shows a raster plot and bottom the corresponding PSTH.
Black and green depict valid and broken �xation trials respectively (averaged
during relevant epochs, i.e. before second tone or broken �xation, respectively).
b) Histological reconstruction of sites of optrode implantation (tapered �ber)
used for electrophysiological recordings and iMSN photoidenti�cation. All co-
ordinates were projected to the same coronal slice (AP = +0.5 from bregma)
adapted from Franklin & Paxinos (2008).

to suppress action might similarly grow over time. We computed the probability

that mice break �xation at each time bin within the delay period conditioned

on their not having broken �xation up to that point, a quantity known as the

hazard rate. In the context of this task, computing the hazard rate as opposed

to the overall probability of breaking �xation controls for the fact that animals

experienced more instances of early time bins in the delay and thus had more

opportunities to break �xation early. After a brief dip in broken �xation around

the decision boundary, the hazard rate of overall broken �xation behavior rises

dramatically (Figure 2.4c). We next examined the hazard rates of broken �x-

ation conditioned on subsequent choice, and found that the early mode in the

hazard rate of overall broken �xations was comprised of trials where the mice

subsequently made a short choice, whereas the late rise in the overall hazard was

comprised of trials where mice subsequently made a long choice (Figure 2.12).

Notably, the tendency to break �xation in a particular direction was asymmetric.

The urge to break �xation and make long choices late in the trial appears to far
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Figure 2.11. Photo-identi�ed iMSNs population is enriched in cells with higher
�ring rate during the delay period. a) Activity pro�le of photo-identi�ed indirect
pathway medium spiny neurons (photo-Ided iMSNs) and non-photo-identi�ed
putative MSNs (see methods for details). Each row represents a unit's z-scored
activity aligned to trial initiation that results from averaging the activity for
all intervals cropped at second tone. Units are ordered by the angular position
formed by the �rst two principal component projections. PCs were computed us-
ing a period of -2 to 2.4 seconds from trial initiation. b) Cumulative distribution
of changes in �ring rate during the delay period of photo-Ided iMSN (red) and
all other putative MSNs (blue). Average ∆FR is signi�cantly larger for iMSNs
when compared to the distribution of non-identi�ed cells (two-sample t-test, P =
0.0196, t286 = 2.35). c) Proportion of up, down and not modulated cells during
the delay period (see methods for details). Proportions are signi�cantly di�erent
between the two groups (Chi-squared test, P = 0.0115, χ2

2= 8.939).

64



“Short”
<1.5s

“Long”
>1.5s

CS
Contra-short

CL
Contra-long

a b

0

0.05

0.6
Time in trial (s)

2.4

H
az

ar
d

0.6 2.4

Break & Long Choice
Break & Short Choice
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circle represents the trial initiation port, while the open circles represent the two
choice ports. b) Hazard rate of broken �xations 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.

outweigh the urge to break �xation and make short choices early in the delay

period. This asymmetry may re�ect the increasing certainty that animals gain

over time about the ultimate location of reward at the �long� choice port. If MSN

activity during successfully completed trials acted to suppress these lateralized

urges to act early and late, we might expect di�erences in the time course of activ-

ity between the two hemispheres. Indeed, in the hemisphere contralateral to the

rewarded location for �long� stimuli (contra-long, CL, Figure 2.12a) iMSN and

dMSN activity steadily increased and decreased throughout the delay period,

respectively (Figure 2.13a, di�erence between pre and post decision boundary

mean activity: iMSN:CL = 0.423 [0.006 0.840]z∆F/F, p = 0.0462, dMSN:CL

-0.535 [-1.017 -0.054]z∆F/F, p = 0.0272).

In contrast, in the hemisphere contralateral to the rewarded location for

�short� stimuli (contra-short, CS, Figure 2.12a) activity levels in both pathways

were relatively constant as compared to the CL hemisphere (Figure 2.13a,

iMSN:CS = -0.104 [0.521 0.313]z∆F/F, p = 0.928, dMSN:CS -0.040[-0.052

0.442]z∆F/F, p = 0.999)). These data re�ect a situation where lateralized

patterns of activity re�ected the strength of an urge to move contralaterally over
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Figure 2.13. 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 di�erences in immobility period activity of
dMSNs and iMSNs between the two hemispheres, subtracting activity recorded
in hemispheres contralateral to the �long� choice port from activity recorded in
hemispheres contralateral to the �short� choice port (i.e., CL activity - CS activ-
ity). Error bars / boxes represent s.e.m.

time. Relative levels of activity between the two hemispheres varied over time,

and in opposite directions in the two pathways, in accordance with behavior

(Figure 2.13b). Such observations may indicate that BG circuitry residing in a

particular hemisphere is preferentially recruited to suppress movements to the

contralateral direction when and to the degree that the animal is tempted to

move in that direction.

The pattern of pathway speci�c activity observed in the two hemispheres over

time suggests that DLS iMSNs are engaged to dynamically suppress the tempta-

tion to act. Consistent with this, we detected signi�cant downward deviations in

the rate of change of photometric signal(Markowitz et al., 2018) in iMSNs preced-

ing broken �xations as compared to time-matched control periods (Figure 2.14a).

Photo-identi�ed iMSNs recorded electrophysiologically that were engaged during

action suppression also displayed signi�cant decreases in �ring rate preceding the

movement (Figure 2.14c).
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Figure 2.14. a) Di�erence of the rate of change (derivative,
d(∆F/FBrokenFixation)/dt − d(∆F/FV alid)/dt) of photometry signal for
hemispheres recorded in A2a-Cre animals (n = 16 Hemispheres), and di�erence
of mean activity (FRBrokenFixation − FRV alid, Hz) of all non-modulated (b),
positively modulated ()c) or negatively modulated (d) photo-identi�ed iMSNs
(n = 46, 12 and 31 units, respectively, from 2 animals), aligned to the time of
broken �xations (for details on the analysis see methods, Full lines indicate the
epochs during which activity is signi�cantly di�erent from 0 (one-sample t-test,
p≤0.05). Error bars / boxes represent s.e.m.
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Figure 2.15. Unit engagement during the delay period is correlated with activity
during broken �xation trials. Linear regression of the activity during the delay
period (FRDelay − FRBaseline) and di�erence of activity aligned to broken �xa-
tions ([-0.1 : 0]s , as shown in Figure 2.14) for all photo-identi�ed iMSNs (n = 89
units from 2 animals), labeled on the basis of their engagement during the delay
period, relative to baseline (P ≪ 0.001, t87 = -9.43).

In contrast, iMSNs exhibiting decreased �ring during action suppression, or

not modulated, increased �ring just before broken �xations ((Figure 2.14b,d)).

Furthermore, the degree to which a cell was engaged during the delay period sig-

ni�cantly correlated with di�erences of activity aligned to broken �xations (Fig-

ure 2.15). Thus, the biphasic photometric signal preceding broken �xations may

re�ect the contribution of two subpopulations of iMSNs. These data demonstrate

that transient disruption of iMSN activity, as assessed both using photometry and

electrophysiology, was associated with the failure to successfully suppress action.
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2.2.3 Broadly opponent yet distinct functional contribu-

tions of striatal direct and indirect pathways to the

control of action

To probe the functional importance of the observed patterns of neural activity

in the two pathways, we next performed a series of optogenetic experiments.

We combined the same Cre lines used to label MSNs in the previous experi-

ments with cre-dependent viral expression of the light-activated proton pump

ArchT(Han et al., 2011) or ChR2(Nagel et al., 2003) and implanted tapered

optical �bers(Pisanello et al., 2017) in the dorso-lateral striatum to enable inhi-

bition or activation of iMSN or dMSN activity(Fig. 3g-i). We �rst characterized

the e�ect of photoinhibition on neuronal �ring by performing extracellular elec-

trophysiological recordings from striatal neurons during a quiet awake state in

the absence of a behavioral task (Figure 2.16). Illumination of striatal tissue

exclusively produced rapid and sustained inhibition of putative MSN �ring in

both iMSN-ArchT and dMSN-ArchT mice, indicating e�ective inhibition of the

two pathways, with no evidence for disinhibition of non-targeted MSNs. In con-

trast, ChR2 mediated excitation produced robust activation of MSNs, but also

sustained inhibition in 10-20% of putative MSNs. We thus proceeded to exam-

ine the behavioral e�ects of optogenetic inhibition during the task, as activation

would appear to mix both activation and inhibition, potentially across the two

MSN types, complicating the interpretability of activation experiments with re-

spect to the role of speci�c cell types in the striatum. We next delivered light to

the �ber(s) on a random minority of trials (30%), starting at trial initiation and

ramping o� over 250ms starting at either with the second tone onset or when

broken �xation was detected, whichever occurred �rst (Figure 2.17). Bilateral

optogenetic inhibition of iMSNs produced a near-complete inability of mice to

suppress movement during interval presentation overall. Animals broke �xation

on 35±6% (n=4 mice) of non-inhibited trials and on 86±7% of trials when iMSNs

were inhibited bilaterally and were generally unable to maintain �xation for the

longest interval duration. However, levels of broken �xation were una�ected by

bilateral inhibition of dMSNs during equivalent trial epochs (Figure 2.18). On

broken �xation trials followed by movement toward a choice port, the �rst 300ms
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Figure 2.16. Acute characterization of the e�ects of optogenetic manipulation in
putative medium spiny neurons. a) Distribution of changes in �ring rate (Hz)
during the period of light delivery, versus baseline, for putatively labeled MSN
units recorded from A2a (Red) and D1-Cre (Blue) mice expressing ChR2, outside
the context of the task. Gray depicts non-signi�cantly modulated cells, closed
and open shapes depict signi�cantly down- and up-modulated cells, respectively.
b-c) Overall average peristimulus time histogram (PSTH) of all negatively (b),
or positively (c) light-modulated cells, putatively labeled as MSNs, recorded from
A2a-Cre and D1-Cre mice during the ChR2 acute experiment. All units were z-
scored (see methods). Gray, open bars and closed bars depict not-modulated,
negatively modulated and positively modulated units during the period of light
delivery, respectively. Shaded area depicts the time of laser illumination. d-
e). Same as a-b) but for animals expressing ArchT in medium spiny neurons.
f) Summary of overall modulation e�ects of ArchT versus ChR2 activation in
putative medium spiny neurons. Error bars represent s.e.m..
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Figure 2.17. a) Histological reconstruction of sites of tapered �ber implantation
used for ArchT optogenetics experiments in DLS. Animals are colored by their
genotype according to the legend. All coordinates were projected to the same
coronal slice (AP = +0.5 from bregma) adapted from Franklin & Paxinos (2008).
b) Viral strategy and c) Pattern of transgene expression in A2a-Cre (iMSN) or
D1-Cre (dMSN) animals in sagittal section, 2.1mm ML. Str-Striatum, GPe-
Lateral globus pallidus, SNr-Substantia nigra pars reticulata. d) Protocol of
optogenetic manipulation. Laser was turned on at trial onset and turned o� at
stimulus o�set or broken �xation, whichever occurred �rst.

of this movement overlapped with the ramping o� of the light stimulation (250ms

ramp o� plus 50ms grace period, see methods). We therefore asked whether these

movements were a�ected by inhibition of either iMSNs or dMSNs. In contrast

to the observed e�ect of iMSN inhibition on action suppression, we found that

dMSN inhibition, but not iMSN inhibition, resulted in a signi�cant increase in

choice time during broken �xation trials (Figure 2.19), consistent with a role

speci�cally for the direct pathway of DLS in augmenting the vigor of movements

(Turner & Desmurget, 2010; Panigrahi et al., 2015; Dudman & Krakauer, 2016).

Furthermore, DLS dMSN activity was speci�cally necessary for movement invig-

oration a brief time in advance of movement initiation, as choice times were not

a�ected during valid trials, when the laser began ramping o� during the time it

took animals to initiate their choice movement, nor in a subset of experiments

where inhibition was applied during execution of the choice movement, starting
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Figure 2.18. Overall probability of breaking �xation during iMSN (a) or dMSN
(b) inhibition experiments. Colored and black dots represent data from laser-
on and laser-o� trials, respectively. �Bilateral� condition represents data from
sessions wherein light was delivered bilaterally to the DLS (iMSN: one-sample
t-test, P = 0.022, t3 = 4.37, N = 4 pairs of hemispheres, dMSN: P = 0.074, t3
= 2.689, N = 4 pairs of hemispheres) whereas �unilateral� represents data from
sessions wherein light was delivered to a single hemisphere. (iMSN: P = 0.015, t7
= 3.21, N = 8 hemispheres; dMSN: P = 0.185, t11 = 1.413, N = 12 hemispheres).
Green/Purple code for CS/CL manipulation sessions, respectively). Error bars
represent s.e.m.. n.s. P>0.05, *P≤0.05.

at the onset of the second tone (Figure 2.25). Alternatively, it is possible that

cued (i.e. after second tone) and self-generated (i.e. broken �xations) actions

asymmetrically rely on dorso-lateral striatal circuits, perhaps explaining why the

vigor e�ect is circumscribed to the latter.

Given the observed interhemispheric dynamics in the photometry signals col-

lected from DLS iMSNs (Figure 2.13) and behavioral indications of time varying

lateralized motor plans that require suppression (Figure 2.12), we next asked

whether unilateral iMSN inhibition would disrupt action suppression preferen-

tially at the times when activity in a given hemisphere appeared to be most

engaged. Indeed, while unilateral iMSN inhibition produced a more modest in-

crease in broken �xations overall (Figure 2.18), the timing of broken �xations

was systematically related to the laterality of inhibition and observed patterns

of neural activity. Mice were more likely to break �xation early or late when
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Figure 2.19. Cumulative distribution of choice times during iMSN (a) and dMSN
(b) inhibition experiments (i.e. time to travel from the center port to a side port)
after broken �xation trials for manipulated (yellow) and non-manipulated (black)
conditions of all animals. Dashed lines show the median of the distributions
across all animals. Inset shows the di�erence in medians of the two distributions
for single animals (manipulated - non-manipulated, one-sample t-test, iMSN: P
= 0.46, t4 = -0.817, N = 5; dMSN: P = 0.005, t5 = 4.834, n = 6 animals) Error
bars represent s.e.m.. n.s. P>0.05, **P≤0.01.

iMSNs contralateral to the �short� or �long� choice were inhibited, respectively,

as compared to non-inhibited trials (Figure 2.20a). Taking the di�erence in prob-

ability of breaking �xation between inhibited and control trials as a function of

time during the trial gives a measure of the time-course of the e�ect on action

suppression for each hemisphere. Superimposed, these two measures cross near

the 1.5s decision boundary (Figure 2.20b,c), mirroring the precise contingency

between reward and action over time during a trial, in striking correspondence

with the pattern of hemispheric dominance observed in iMSN neural activity

(Figure 2.13). We observed no consistent e�ects of unilaterally inhibiting dMSNs

on the timing of broken �xations(Figure 2.21).

Lastly, given the widely assumed importance of BG circuits in action selection,

we asked whether inhibition of MSNs a�ected the probability that particular

actions were executed. When inhibiting iMSNs, we observed a consistent increase

in the probability that an animal would execute a choice to the port contralateral

to the site of iMSN inhibition, as compared to non-inhibition trials, after breaking
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Figure 2.20. a) Hazard rate of breaking �xation 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 (∆P = PManipulation - PControl) due to inhibition of
the CS (green) or CL (purple) relative to session matched control trials. c)
Quanti�cation of the e�ect shown in b). We calculated the hazard of breaking
�xation 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 di�erences between session matched
controls and manipulations. Each pair of points depicts data from the same
hemisphere and the color the site of manipulation. (contralateral-correct: one-
sample t-test, P = 0.005, t7 = 4.055, contralateral-incorrect: P = 0.215, t7 =
-1.363, N = 8 Hemispheres). Error bars represent s.e.m.. n.s. P>0.05, **P≤0.01.
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Figure 2.21. a) Hazard rate of breaking �xation 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 D1-Cre animals.
b) Change in probability (∆P = PManipulation - PControl) due to inhibition of
the CS (green) or CL (purple) relative to session matched control trials. c)
Quanti�cation of the e�ect shown in b). We calculated the hazard of breaking
�xation 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 di�erences between session matched
controls and manipulations. Each pair of points depicts data from the same
hemisphere and the color the site of manipulation. (contralateral-correct: one-
sample t-test, P = 0.711, t11 = 0.38, contralateral-incorrect: P = 0.211, t11 =
1.329, N = 12 Hemispheres). Error bars represent s.e.m.. n.s. P>0.05.
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Figure 2.22. Change in probability of registering a choice at the port contralateral
to the hemisphere manipulated, after breaking �xation (∆P = PManipulation −
PControl, in A2a-Cre (a), one-sample t-test, P < 0.001, t7 = 6.605, N = 8 hemi-
spheres) or D1-Cre animals (b), P = 0.428, t11 = -0.824, N = 12 hemispheres).
Error bars represent s.e.m.. n.s. P>0.05. ***P ≤ 0.001

�xation (Figure 2.22). This e�ect did not simply re�ect the fact that animals

were more likely to make short or long choices after early or late broken �xations,

respectively, because it was present in broken �xations made both before and

after the decision-boundary (Figure 2.23). Features of the choice movements

following iMSN unilateral inhibition, as quanti�ed through high-speed tracking

of the animals' nape, revealed no consistent di�erence in trajectory as compared

to choice movements performed in the absence of iMSN inhibition (Figure 2.24).

Once again, we neither observed a signi�cant e�ect of unilateral DLS dMSN

inhibition on lateralized choice behavior after broken �xations (Figure 2.22), nor

when dMSN inhibition was applied during execution of the choice movement

(Figure 2.25). These data, together with the observed inter-hemispheric dynamics

of the endogenous activity of iMSNs, demonstrate that the indirect pathway in

DLS of a given hemisphere was dynamically engaged to suppress contralateral

movements when those particular actions would be tempting and thus in greater

need of suppression, and that such suppression of speci�c actions can contribute

to determining whether a particular action is selected for execution.
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Figure 2.24. Unilateral DLS indirect pathway inhibition did not systematically
a�ect movement trajectories across subjects. a) Example trajectories for a single
animal aligned to center-out for choices to the �Long port� (red) or �Short pot�
(blue) for completed trials (Left) and Broken �xation trials (Right). Trials are
further broken down by whether the indirect pathway was inhibited (bottom) or
not (top) in animals implanted in the DLS. b) same as a) but for trajectories mea-
sured during the delay period (up until second tone or broken �xation events).
c-d) Quantitative di�erences between trajectory distributions among di�erent
conditions. Brie�y, we computed a mean reference trajectory from �Valid & Non-
inhibited� condition and computed, for each trial from each condition, the aver-
age euclidean distance to this reference trajectory. Values shown in the heatmaps
correspond to the means of these distributions. Signi�cance was accessed by com-
puting a two-sample Kolmogorov-smirnov test between the reference and testing
condition (P ≤ 0.05 is reported as a red dots). c) and d) show the analysis per-
formed during the choice (c) and �xation (d) epochs. Condition labels as follows:
V & NI, Valid & Non-inhibited (Reference condition); B & NI, Broken �xation
& Non-inhibited; V & I, Valid & Inhibited; B & I, Broken �xation & Inhibited;
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Figure 2.25. Summary of manipulation-induced changes in vigor and action se-
lection in DLS optogenetics experiments. a) Cartoon depicts the three di�erent
manipulated trial types: Choice Time (Delay), laser was ramped o� as the sec-
ond tone is played. BrokenFix Choice Time (Delay), laser was ramped o� as
the animal leaves the centre port causing a broken �xation. MovementTime
(Decision) laser was turned on as the second tone is played until the animal
either performs its choice or 400ms elapse , whichever occurs �rst . b) Di�er-
ences in single animal's median choice time between inhibited and non-inhibited
trials (∆ChoiceT ime = ChoiceT imeManipulation − ChoiceT imeControl). For
each animal, we concatenated all sessions and split trials in manipulated ver-
sus non-manipulated. From top to bottom: one-sample t-test, P = 0.198, t5
= 1.482; P = 0.198, t5 = 1.482;P = 0.005, t5 = 4.834; P = 0.128, t2 =
2.523; P = 0.718, t4 = 0.388; P = 0.46, t4 = -0.817; c) Di�erences in prob-
ability of reporting a contra-lateral choice, relative to inhibition side (∆P =
P (Contralateral choice)Manipulation−P (Contralateral choice)Control. For each
animal we concatenated trials from sessions with unilateral perturbation and nor-
malized choices to the side contralateral to inhibition site. From top to bottom:P
= 0.597, t11 = -0.545; P = 0.427, t11 = -0.824; P = 0.259, t5 = -1.274; P = 0.149,
t7 = 1.623; P � 0.001, t7 = 6.605; Boxes represent s.e.m..*P≤0.05, **P≤0.01,
**P≤0.001
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2.2.4 A simpli�ed reinforcement learning model of action

suppression

Based on the data presented thus far, DLS circuits appeared to be largely en-

gaged to suppress tempting movements, suggesting that the drive to produce

those movements was generated elsewhere. During learning, plasticity at striatal

synapses is thought to underlie a computation similar to that of learning a pol-

icy, a program for behavioral control that consists of a mapping between states

and actions within reinforcement learning (RL) models(Sutton et al., 1998; Doya,

1999). If the policy learned by DLS in this task is to suppress movement, how is

this policy learned? Parallel BG circuits are known to integrate di�erent types

of information(Alexander & Crutcher, 1990), and are proposed to learn distinct

types of policies Bornstein & Daw (2011), and thus we hypothesized that the

suppressive policy of DLS circuits might arise in response to an action promoting

policy located elsewhere in the striatum.

We thus constructed a simpli�ed model containing two �sub-agents�, whose

policies were combined to perform the interval categorization task (see methods).

Each sub-agent consisted of three main components: a state representation, a

state value function, and action preference functions. The model followed an

actor-critic architecture, where prediction errors generated according to a tem-

poral di�erence algorithm were used to drive learning of both state values and

action preferences (Figure 2.26). Our primary goal in constructing this model

was to study how the patterns of activity of the direct and indirect pathway in

DLS might be established. For this reason, one of the sub-agents, from here on re-

ferred to as the DLS sub-agent, was endowed with a direct and indirect pathway.

To account for known di�erences in how dopaminergic prediction errors a�ect

plasticity mechanisms at dMSN and iMSN synapses(Shen et al., 2008; Collins &

Frank, 2014; K. N. Gurney et al., 2015; Iino et al., 2020; S. J. Lee et al., 2021),

the direct and indirect pathways of the DLS sub-agent were subject to di�er-

ent learning rules that were sigmoid functions of prediction error (Figure 2.27).

Action suppression signals in the indirect pathway were strengthened by nega-

tive prediction errors, whereas action preference signals in the direct pathway

were strengthened by positive prediction errors. For simplicity, the second sub-

80



Environment

{t,τi} t
τi

State

Actors

Crit ics

Action

Reward

δ t
D/I

fD(δ t   )
D/I fI(δ t   )

D/I

δ t
X

fX(  )δ t
X

Post-1st tone

Post-2nd tone
st      = K   (t, τi, td)

D/I D/I

AX(st,at)X

XV (st )
XV  (st   )

D/ID/I

AD(st   ,at)
D/I AI(st   ,at)

D/I

Post-1st tone
st   = K (t, td)X X

Elapsed states 2nd tone 
Terminal StateChoice

st
Xst

D/I

Figure 2.26. Schematic of the multi-agent actor-critic reinforcement learning

model. The model consists of two critics {V D/I(s
D/I
t ), V X(sXt )}, one with access

to a state representation s
D/I
t given by KD/I(θ,∆θdi , τi) which contains post-

second tone states and the other with a state representation KD/I(θ,∆θdi ) which
only contains pre-second tone states. After receiving a reward R each critic
updates its value and connects to a set of corresponding actors given by the

action preference values {AD(s
D/I
t , at), A

I(s
D/I
t , at), A

X(sXt , at)} each receiving
a �ltered version of the respective generated Reward Prediction Errors (RPEs)

{δD/I
t , δXt } that correspond to the DLS agents mapping onto dMSNs fD(δ

D/I
t ),

iMSNs f I(δ
D/I
t ), and the non-DLS agent fX(δXt ) (Figure 2.27). The actors are

then combined to generate actions, taking into account the relative positive and
negative weights of each pathway.
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agent was modeled in a more standard fashion as possessing a single pathway.

Critically, the two sub-agent modules were provided with di�erent state repre-

sentations. The DLS sub-agent received information that more closely resembled

the immediate state of the environment, encoding delay from the �rst tone as

well as information about the occurrence of the second tone that de�ned inter-

val o�set. The other agent received a more abstract representation suitable for

learning whether the world was in a �short� or �long� state occurring before or

after 1.5s since �rst tone delivery. Though not explicitly modelled as such, this

representation can also be viewed as predictive(Dayan, 1993a; Stachenfeld et al.,

2017), encoding information about the states subsequent to the occurrence of a

second tone were it to occur in that moment. Each sub-agent learned a set of

action preferences from its experience in the task, which were then combined to

guide action selection (see methods).

With this architecture, despite the two sub-agents learning very di�erent poli-

cies for behavioral control, the model was able to learn to make appropriate

choices, producing psychometric curves similar to those of mice (Figure 2.28 a).

Also as observed in the mice, the model sometimes produced premature choices

that were nonetheless directed towards the appropriate sides as a function of

time (Figure 2.28 b,c). These broken �xations were the consequence of the more

compact state representation received by the single pathway sub-agent, which
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Figure 2.28. a) Psychometric �t (black line) to the performance of the model
for each interval (black dots) used in the time interval categorization task. b)
Probability density functions of broken �xations, 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). c) Hazard rate of broken
�xation conditioned on subsequent choice at one of the side ports (SHORT and
LONG as green and purple, respectively).
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Figure 2.29. Action preference values, A(s, a), for the two actions: LONG and
SHORT, modeling contra-long and contra-short hemispheres, respectively. a) Ac-
tion preferences relative to the non-DLS agent, AX(sXt , at) for the LONG (pur-

ple) and SHORT (green). b) Action preferences for two actors (AD(s
D/I
t , at), in

blue and AI(s
D/I
t , at), in red) that make up the DLS agent. Left and right show

the action preferences for the LONG, A(st, aLONG), and SHORT, A(st, aSHORT),
actions, respectively.

learned to exert a drive to make short choices before 1.5s, and long choices af-

ter, constituting an urge to act (Figure 2.29 a). The DLS sub-agent learned to

suppress this urge until the second tone was delivered due to the negative RPEs

produced by premature choices. These negative RPEs drove the development

of increased suppressive signals in the indirect pathway when the contralateral

choice action was tempting (Figure 2.29 b). The model thus reproduced multi-

ple features of mouse behavior as well as the qualitative patterns of overall and

interhemispheric activity observed in the DLS of mice performing the task. We

next modeled the e�ect of optogenetic inhibition of DLS iMSNs by selectively

decrementing the indirect pathway of the DLS sub-agent. As in mice, inhibition

of the indirect pathway led to pronounced failure of the model to suppress action

(Figure 2.30 a). Furthermore, inhibiting the model's indirect pathway �short� ac-

tion preference function led to failed action suppression early in the delay period,

whereas inhibiting the indirect pathway �long� action preference led to failure

to suppress action late in the delay period (Figure 2.30 b), recapitulating the

results of unilateral iMSN inhibition in mice. In addition, unilateral inhibition of

the indirect pathway caused an increase in the probability of contralateral action
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(Figure 2.30 c), as in the experimental data (Figure 2.22). Previous data have

shown that optogenetic activation of DMS MSNs can a�ect action selection(Tai

et al., 2012). We thus wondered whether more medial circuits in the DMS might

contribute to the action promoting functions re�ected in the single pathway sub-

agent of the model. We repeated the optogenetic inhibition experiments carried

out in DLS, but now targeting the DMS in separate groups of mice. In general,

behavioral e�ects of inhibiting DMS MSNs were more modest in magnitude than

those observed when inhibiting DLS MSNs and we observed no signi�cant e�ect

of inhibiting either iMSNs or dMSNs in DMS on action suppression (Figure 2.25,

Figure 2.32). However, we did observe a modest but signi�cant decrease in the

probability of contralateral choice after broken �xations when inhibiting DMS

dMSNs. This e�ect was opposite in sign to that observed when inhibiting iMSNs

in DLS (Figure 2.22), and could be replicated in the model by unilaterally inhibit-

ing the single pathway sub-agent (Figure 2.30 c). These data suggest that more

medial circuits contributed to an opposing function to that of DLS, promoting

speci�c movements when they would potentially be rewarded through, at least

in part, the action of dMSNs.
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Figure 2.30. Reducing the action preference values of the DLS indirect pathway

in the model ,AI(s
D/I
t , at), leads to qualitatively similar results to those observed

in the optogenetic inhibition experiments. a) E�ect of reducing action preference
values for the two actions simultaneously (`Bilateral', yellow) or for only SHORT
or LONG (`unilateral' green/purple) on the probability of breaking �xation. b)
Top: E�ect of reducing action preference values on the hazard rate of breaking
�xation over all included trials of a given condition, for control (black outline)
and manipulated trials on the SHORT (green) or LONG(purple) actions. Bot-
tom: Change in probability (∆P = PManipulation - PControl) of breaking �xation
from the data depicted on top. c) Change in probability (∆P = PManipulation -
PControl) of generating a contralateral action when decreasing the magnitude of
action preference values of the indirect pathway.
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port contralateral to the hemisphere manipulated when inhibiting iMSNs in DLS
(red, same data as in Figure 2.30) or dMSNs in DMS (blue, one-sample t-test, P
= 0.028, t11 = -2.528, N = 12 hemispheres), after breaking �xation.
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Figure 2.32. Summary of manipulation-induced changes in vigor and action se-
lection in DMS optogenetics experiments. a) Cartoon depicts the three di�erent
manipulated trial types: Choice Time (Delay), laser was ramped o� as the sec-
ond tone is played. BrokenFix Choice Time (Delay), laser was ramped o� as
the animal leaves the centre port causing a broken �xation. MovementTime
(Decision) laser was turned on as the second tone is played until the animal
either performs its choice or 400ms elapse , whichever occurs �rst . b) Di�er-
ences in single animal's median choice time between inhibited and non-inhibited
trials (∆ChoiceT ime = ChoiceT imeManipulation − ChoiceT imeControl). For
each animal, we concatenated all sessions and split trials in manipulated ver-
sus non-manipulated. From top to bottom: one-sample t-test, P = 0.617,
t5 = -0.533; P = 0.774, t5 = -0.304; P = 0.032, t5 = 2.959; P = 0.005,
t5 = 4.876; P = 0.247, t5 = 1.309; P = 0.306, t5 = 1.141. c) Di�erences
in probability of reporting a contra-lateral choice, relative to inhibition side
(∆P = P (Contralateral choice)Manipulation − P (Contralateral choice)Control.
For each animal we concatenated trials from sessions with unilateral perturbation
and normalized choices to the side contralateral to inhibition site. From top to
bottom:P = 0.365, t11 = 1.623; P = 0.028, t11 = -2.528; P = 0.94, t11 = 0.077;
P = 0.933, t11 = -0.086; P = 0.985, t11 = -0.02; P = 0.143, t11 = 1.577; Boxes
represent s.e.m..*P≤0.05, **P≤0.01, **P≤0.001
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2.3 Discussion

Here we demonstrate clear activity signatures of large-scale functional oppo-

nency between neurons initiating the two major BG pathways in a normal, non-

pathological state. In particular, we observe opposite patterns of activity in the

two pathways in sensorimotor striatum when movements must be proactively and

persistently suppressed.

Action suppression can be broadly separated into two classes. Reactive sup-

pression involves stopping behavior in course when presented with an external

stimulus. In contrast, proactive suppression involves selectively inhibiting par-

ticular response tendencies using advance knowledge. The behavioral context

we studied requires proactive suppression of time varying response tendencies to

move to the left or right. When subjects were required to suppress the urge to

move in a given direction, on average iMSNs in DLS located contralaterally to

that direction exhibited higher levels of activity than iMSNs located ipsilaterally.

Consistent with these data, functional magnetic resonance imaging data in hu-

mans and electrophysiological data in non-human primates suggests that iMSNs

might be selectively engaged to proactively suppress action (Majid et al., 2013;

Watanabe & Munoz, 2010; Ford & Everling, 2009; Amita & Hikosaka, 2019).

Leveraging the genetic access to iMSNs and dMSNs a�orded by the use of mice as

a model organism, the current data establishes not only that iMSNs in the DLS

were selectively engaged as animals suppressed particular lateralized response

tendencies, but that iMSNs, and not dMSNs, were necessary for it. In addition,

successful action suppression relied on iMSNs in a given hemisphere at di�erent

points in time depending on learned task demands, indicating that speci�c sub-

populations of iMSNs can be deployed to dynamically shape action suppression

in time. While multiple studies to date have observed coactivation of dMSNs and

iMSNs around movement(Cui et al., 2013; Tecuapetla et al., 2014; Markowitz et

al., 2018), a �nding we reproduce here (Figure 2.33), transient decorrelation of

activity between the two pathways has been reported around transitions between

actions in a behavioral sequence(Markowitz et al., 2018). Given our observations

that activity in the two pathways is decorrelated or even anti-correlated during

proactive action suppression, we hypothesize that previously reported transient
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Figure 2.33. Both DLS direct and indirect pathways are more active during
contra-lateral movements. Photometry signal aligned to leaving the center-port
during a near boundary interval (1.74s) where the same stimuli results in di�erent
choices. Same dataset Figure 2.9. Error bars represent s.e.m.

decorrelations between the two pathways may arise when the brain must largely

suppress the production of actions at behavioral transitions. The current data

also demonstrate distinct contributions of dMSNs and iMSNs in the DLS to as-

pects of motor function beyond proactive action suppression. Bradykinesia seen

in PD patients is thought to result primarily from the loss of dopamine neurons

in the substantia nigra pars compacta, particularly those targeting sensorimotor

striatum(Albin et al., 1989). Prior studies have identi�ed that both dopaminergic
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input to the striatum and the activity of striatal neurons, in particular dMSNs,

are important for invigorating movement(Panigrahi et al., 2015). However, it

was not clear based on previous work whether iMSN activity is necessary for in-

vigorating movement. Here we show that inhibiting DLS dMSN activity slowed

movement, consistent with previous work, without a�ecting which action was

selected. Conversely, we show that iMSN inhibition did not lead to less vigor-

ous movements, but instead disrupted the suppression of actions, and that this

disruption re�ected at least some degree of action speci�city in iMSN function

as it occurred alongside a change in the likelihood that lateralized actions were

produced. Based on the current data, it remains uncertain the degree to which

iMSNs act on speci�c actions, although in sensorimotor striatum we might expect

iMSNs in a given location to act on actions involving parts of the body repre-

sented in the somatosensory and motor cortical areas that provide input to that

striatal location(Hintiryan et al., 2016).

Interestingly, recovery of function in an experimental model of PD has been

found to be associated with a return to near normal levels of iMSN but not

dMSN activity, consistent with some degree of primacy for the sensorimotor in-

direct pathway in action production(Parker et al., 2018). Together with the

data presented here, these results suggest the intriguing possibility that the in-

direct pathway can be con�gured locally in sensorimotor striatum to provide an

inhibitory �mask�, specifying which actions not to produce, while the the senso-

rimotor direct pathway provides a gain signal, as opposed to an action selection

signal(Mink, 1996), on commands that are pushed through the mask. In this

view, the selective function of the sensorimotor BG circuits on actions can be

predominantly produced through the indirect pathway, a novel proposal that

should serve as a basis for future experiments. In the present data, both path-

ways were more active around movements toward the contralateral side of the

recording site (Figure 2.33), suggesting that suppressing and promoting signals

around movement may be targeted towards nearby regions in the space of pos-

sible actions, perhaps in part by mechanisms in other brain systems such as the

cortex, thalamus, and cerebellum (Mink, 1996; Park et al., 2020), or through

reentrant circuits embedded in other striatal regions.
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While previous work has identi�ed correlations between MSN �ring and kine-

matic or motivational variables(Lau & Glimcher, 2007; Rueda-Orozco & Robbe,

2015; Markowitz et al., 2018; Klaus et al., 2017), the lack of conclusive infor-

mation regarding the tuning properties of individual MSNs has been a recurring

issue in e�orts to determine the functional importance of the direct and indirect

pathways. We were able to circumvent the general problem of diverse and un-

known selectivity of neurons in two ways. First, by training animals to remain

immobile for an extended period in the task, we pushed the brain toward a state

of suppressing action, a behavioral manipulation we hypothesized to have a com-

mon e�ect on many neurons in a given cell class regardless of their selectivity for

actions. Second, the striatum in a given hemisphere shows enhanced functional

involvement in contralateral movements(Schwarting & Huston, 1996; Kravitz et

al., 2010). By training animals to perform a task wherein the relative value of

left/right lateralized movements was varied over time during a prolonged period

of action suppression, and observing or manipulating activity on one hemisphere

at a time, we demonstrate how dorso-lateral striatal circuits of the BG can be

con�gured to control speci�c elements of action suppression and production.

Lastly, we present a simple computational model that provides a parsimo-

nious explanation of how patterns of cell type speci�c activity arise in DLS in

relation to their revealed functional roles, as well as apparently opponent roles

between more associative and more sensorimotor circuits. It has long been ap-

preciated that the BG is characterized by a parallel circuit architecture, carrying

sensorimotor, associative, and limbic information from distinct sets of outlying

functional territories through the main axis of its circuitry in a largely segregated

manner(Alexander et al., 1986; Alexander & Crutcher, 1990; Prescott et al., 2006;

Lau & Glimcher, 2007) . While di�erent functions have been proposed for the

di�erent parallel circuits, emphasis within theoretical accounts of circuit function

is usually placed on the need to arbitrate between types of control depending on

context or task demands, for example between model-based and model free(Daw

et al., 2005a), or pavlovian versus instrumental control(Dorfman & Gershman,

2019). Our model highlights that, in addition to being subject to arbitration,

parallel circuits may learn distinct control signals that interact with each other
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in their development, depending not just on context or task demands, but on the

control signals being learned in other parallel circuits. This creates a situation

within the brain akin to a multi-agent RL scenario where the policy of individual

agents depends not only on the environment, but on the policies of the other

agents in that environment. Once there are multiple, parallel drives on behav-

ior, many of which may be anticipatory, and potentially con�icting with each

other(Dayan et al., 2006), the system may require a mechanism to suppress in

addition to promote action. We note that such a parallel, multi-process view of

BG function may provide a natural explanation for the evolution and existence of

a suppressive indirect pathway, linking RL based control to more classic proposals

regarding BG circuit function (Mink, 1996).

Adaptive behavior fundamentally involves the interplay of action promoting

and action suppressing mechanisms. The data presented here demonstrate that

in sensorimotor striatum, elements of the direct and indirect BG pathways can

express opposite patterns of modulation and be required for generally opponent

yet distinct promoting and suppressing aspects of motor function. Knowledge of

how circuits in other regions of the striatum, the BG at large, or elsewhere in

the brain mediate this interplay represents a critical avenue toward a fundamen-

tal understanding of animal behavior. Such knowledge also has the potential to

inform the engineering of arti�cial systems that can behave appropriately in com-

plex environments, as well as how to design e�ective therapies for neurological

and neuropsychiatric disease.
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2.4 Methods

2.4.1 Animals

Adult (over 2 months) male and female mice of A2a:cre (KG139) (Ger-

fen et al., 2013), D1:cre (EY217)(Gerfen et al., 2013) and Ai32 (RCL-

ChR2(H134R)/EYFP) (Madisen et al., 2012) lines were used for this study

under the protocol approved by the Champalimaud Foundation Animal Welfare

Body (Protocol Number: 2017/013), the Portuguese Veterinary General Board

(Direcção-Geral de Veterinária, project approval 0421/000/000/2018) and in

accordance with the European Union Directive 2010/63/EEC. Mice were group

housed prior to surgical procedures and singly housed following surgery in an

inverted 12h dark/light cycle. Mice were maintained under water deprivation for

all behavioral experiments (>80% body weight from baseline ad libitum period

before deprivation).

2.4.2 Behavioral apparatus

The behavioral box (20 x 17 x 19 cm), contained 3 nose ports and a speaker. The

behavioral box consisted of 3 front walls (135 degree angle between the center and

the side walls) 2 side walls and a back wall with a 90 degree angle between them.

Each of the three front walls contained a nose port equipped with an infrared

emitter/sensor pair to access port entry and exit times. The central nose port was

de�ned as the trial initiation port, and choices were reported at the lateral nose

ports. For correct trials, a 4-6 µL calibrated water reward was delivered using a

solenoid valve. Tones were delivered through a speaker mounted on the center

wall. All sensors and e�ectors in the behavioral box were read and controlled

using a microprocessor (Arduino Mega 2560, Arduino) via a custom circuit board.

The task was implemented by the microprocessor, which outputted data via a

serial communication port to a desktop computer running custom Python-based

software. High-speed video was acquired at 120fps and 640*480 pixel resolution

(FL3-U3-13S2, FLIR) using Bonsai(Lopes et al., 2015).
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2.4.3 Behavioral Task

Mice were trained to categorize interval durations as either short or long by per-

forming right and left choices as previously described in Soares et al. (2016).

Brie�y, mice self-initiated trials by entering the central nose port, triggering the

delivery of a pair of tones (7,500 Hz, 150 ms) separated by one of 6 randomly

uniformly sampled selected intervals (0.6, 1.05, 1.26, 1.74, 1.95 and 2.4 s or 0.6,

1.26, 1.38, 1.62, 1.74, and 2.4s). Stable performance was usually achieved after

3-4 months of training. Trial availability was not signaled to the animal but inter-

trial onset interval was kept constant within each animal (7-8 s). Thus, initiation

port entries before the point that a trial became available were ine�ectual. After

the �rst tone was presented, mice were required to maintain interruption of the

center nose port IR beam until the second tone was delivered; we refer to this ac-

tion as ��xation� throughout the text. If the mouse departed the port before the

second tone, an error tone (150ms of white noise) was played and the next trial

availability delayed (timeout). We refer to these trials as broken �xations. To

prevent incorrectly �agging trials as broken �xations due to sporadic state tran-

sitions in the IR beam, we only counted a trial as broken �xation after the beam

had been continuously uninterrupted for 50 ms. After both tones were played,

mice reported their judgments by entering one of the two laterally located nose

ports over the next 10 seconds. For intervals shorter than a 1.5 s category bound-

ary, responses were reinforced at one of the lateral ports. For intervals longer than

1.5 s, responses were reinforced at the opposite port. Incorrect responses were

followed by a white noise burst (150 ms) and a timeout (12-18s inter-trial onset

interval). The short/long vs right/left contingencies were counterbalanced across

animals. Therefore, we adopt the nomenclature of Contra-short/Contra-long (or

Ipsi-long/Ipsi-short, respectively) hemisphere throughout the paper. Sessions

typically lasted 2 hours.

Psychometric functions were �t using a 4-parameter logistic function:

P (x) = (u− l) · e
x−b
s

1 + e
x−b
s

+ l (2.1)
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where P is the performance of the animal on interval x, u and l the upper and

lower asymptote of the curve, respectively, b the bias parameter and s the slope

parameter.

We excluded broken �xation trials before 100ms, as these often re�ected the

failure of animals to properly settle in the initiation port and rarely resulted in

a subsequent choice on one of the side ports.

To calculate hazard H(k) of breaking �xation at a particular time bin k

(de�ned between t and t+∆t), we used the following equation:

H(k) =
B(k)∑T

j=k B(j) +
∑T

j=k C(j)
, t < k < t+∆t (2.2)

where B(k) is the number of broken �xation trials that occured between t

and t +∆t,
∑T

j=k B(j) the sum of all broken �xations that occured in the time

greater or equal to t, up until the longest possible interval T (2.4 seconds), and∑T
j=k C(j) the sum of all completed trials that occured from time t until T .

2.4.4 Viral injections and �ber implantation

All surgeries were performed with mice under iso�urane anesthesia (1-2After

achieving stable performance (usually >3 months), mice were allowed to regain

baseline weight and were subject to viral injection and �ber implantation in the

same surgery. Mice health was assessed daily and after at least 5 days, the wa-

ter deprivation regime was reinstated. To make sure subjects recovered their

pre-surgery performance before data collection sessions (photometry or optoge-

netics), they were gradually retrained in the task without and then with �bers

attached. Upon reaching stable performance (1-2 weeks), data collection began.

We alternated recorded/manipulated hemispheres every day. For �ber photome-

try experiments, we injected 300nL of a mixture of two viruses: AAV1-Syn-Flex-

GCaMP6f (titer 1 x 1013 gc/mL; University of Pennsylvania Vector Core) and

AAV1-CAG-Flex-tdTomato (titer 0.5 x 1012 gc/mL; University of Pennsylvania

Vector Core), at a 5:1 ratio, in DLS striatum (single injection, AP 0.5mm, ML
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2.1mm, DV 2.6mm from pia) using an automated microprocessor controlled mi-

croinjection pipette with micropipettes pulled from borosilicate capillaries (Nano-

ject II, Drummond Scienti�c). Injections were performed at 0.2 Hz with 2.3 nL

injection volumes per pulse. For all injections, the micropipette was kept at the

injection site 10 min before withdrawal. After injection, we implanted, bilater-

ally, 2 �bres (MFC_200/245-0.53_ZF1.25(G)_FLT, DORIC LENSES) 200µm

above the injection site. For optogenetic inhibition experiments, we injected

AAV5-CAG-FLEX-ArchT-tdTomato (titer 1013 gc/mL, Addgene) in the DLS.

For each hemisphere, we made two injections (500nL, AP 0.5mm, ML 2.1mm,

DV 2.7mm and 3.1mm from bregma) and implanted one �bre (Lambda-B �bre

200µm core, 0.39NA, 1.5mm emitting length, Optogenix) near the injection site

(AP 0.5mm, ML 2.1mm, DV 3.5mm from bregma). We used an identical protocol

for DMS inhibition but targeting AP 0.7mm, ML 1.3mm DV 3.4mm.

2.4.5 Fiber photometry

The photometry apparatus was adapted from Matias et al. (2017). For all experi-

ments, a single blue laser was coupled to a patchcord (100 µm core diameter, 0.22

NA) and connected to a collimator adapter (EFL 4.5 mm, NA 0.50) and a neutral

density �lter. Dichroic mirrors were �xed inside the main unit, allowing for 473

nm light delivery and GCaMP6f and tdTomato �uorescence detection. The 473

nm light was coupled into a patchcord (200 µm core diameter, 0.48 NA) using a

lens (EFL 4.5 mm, NA 0.50) and a rotatory joint. The patchcord was mated to

one of two chronically implanted optical �bers (200 µm core diameter, 0.48 NA).

Laser intensities at the patchcord tip, before mating to the chronically-implanted

�ber, were 15-40µW. For detection of GCaMP6f �uorescence, light was collected

by the lens, transmitted and re�ected by the dichroics before �nal �ltering and

focusing into a photodetector. For detection of tdTomato �uorescence, light was

collected by the lens and transmitted through all dichroics before �nal �ltering

and focusing into a second photodetector. Photodetector output was digitized at

1 kHz (PCIe 6351, National Instruments) and recorded using custom software in

Bonsai.
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2.4.6 Fiber photometry data analysis

All photometry data analysis was performed with custom MATLAB software.

Raw data was downsampled to 100Hz and low-pass �ltered at 20Hz. Slow

�uctuations were removed by subtracting a �tted polynomial to the raw sig-

nal (order < 5). For each session, ∆F/F was calculated for both channels as

∆F/Ft = (Ft − F0)/F0, where F0 was calculated as the 10th lower percentile

from the �ltered signal. Similarly to(Soares et al. 2016), robust regression us-

ing GCaMP6f and tdTomato ∆F/F was performed and the coe�cient estimates

were used to calculate a predicted GCaMP6f ∆F/F based on the observed td-

Tomato ∆F/F . This predicted GCaMP6f ∆F/F was then subtracted to the

observed GCaMP6f ∆F/FF to calculate the corrected ∆F/F . In order to com-

pare across sessions, each session's corrected ∆F/F was z-scored using the mean

and standard deviation calculated from a baseline period (5 to 2 seconds before

trial onset). Signals for individual trials were then re-zeroed by subtracting the

average of a period of 5 to 2 seconds before trial onset. In order to compare

the rate of change of activity aligned to broken �xations to time-matched valid

trials (Figure 2.14) we began by calculating the �rst derivative of the corrected

∆F/F for each trial. For each broken �xation trial, we aligned the trace to the

timestamp of the broken �xation and, in order to compare to a time-matched

valid trial, we cropped the average trace of all valid trials to the same length

and aligned to the time of the broken �xation. We repeated this process for

all broken �xation trials, yielding a broken �xation and respective control, time-

matched dataset of trials. The steps of the analysis are graphically represented

in Figure 2.34.

2.4.7 Acute recordings & analysis

To con�rm the ability to inhibit medium spiny neurons, we performed acute

recordings in the dorsal striatum of untrained animals. Brie�y, similarly to

trained animals, we virally expressed ArchT in D1-Cre or A2a-Cre animals. Af-

ter 3-5 weeks of viral expression, we implanted a small headpost and a ground

pin contralateral to the recorded hemisphere. After allowing animals to recover,

a small round craniotomy (1.5mm diameter) was opened over the same coor-
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Figure 2.34. Schematic depicting the analysis performed in Figure 2.14 in or-
der to compare activity aligned to broken �xation trials. Brie�y, we took valid
(black), or broken �xation (green), trials aligned to trial initiation (�rst tone on-
set) cropped them at second tone or at the broken �xation event, respectively.
We used the valid trials to compute a reference �valid trial� that re�ected the av-
erage activity of all valid trials, cropped at second tone (mid, orange). Averaging
available data (i.e. up until second tone) guarantees that only data from the �xa-
tion period is used, without incurring into contamination due to movement onset
after the cue is delivered. We subsequently align each broken �xation trial to its
occurrence (right) and take, from the reference valid trace, a time matched frag-
ment which we align to the same time since �rst tone. To compare traces aligned
on broken-�xation events to valid trials, we then average all broken-�xation trials
and the corresponding time-matched valid reference traces (see Methods).

dinates as the virus injection. Recordings were performed while animals were

head-restrained using custom built headbar holders and on top of a passively

rotatable cylinder. A silicon probe (ASSY 77-H2, Cambridge NeuroTech) with

a tapered optical �bre, identical to the one used for optogenetic inhibition dur-

ing behavior, glued to the back was slowly lowered into the dorsal striatum.

Electrophysiology and laser modulation data were digitized at 30kHz with Open

Ephys Acquisition board (Siegle et al., 2017) and acquired with Bonsai(Lopes

et al., 2015). Every 10 to 25 seconds, an interval was drawn from the set

[0.60,1.05,1.95, 2.40]s and light was continuously delivered during that duration.

The range of power used was identical to that used during the task and, sim-

ilarly, was ramped o� for 250ms after the drawn delay had elapsed. In a sec-

ond batch of animals, we tested the extent of excitation and inhibition when

activating medium spiny neurons using ChR2. To achieve ChR2 expression
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Figure 2.35. Identi�cation of putative medium spiny neurons based on �ring
statistics and waveform duration (see methods). Green data points indicate units
ultimately identi�ed as putative medium spiny neurons (pMSNs).

we virally expressed ChR2 (AAV9-EF1a-double �oxed-hChR2(H134R)-EYFP-

WPRE-HGHpA). Light intensity was set to 0.5-1mW at the end of the �ber.

The remainder of the protocol was identical. Electrophysiology data was sorted

using Kilosort2 (github.com/MouseLand/Kilosort2) and manually curated using

Phy (github.com/cortex-lab/phy). Spike rates were calculated by binning raw

spike counts in 20ms bins. Cells that �red, on average, less than 1/2.4 spikes

s−1 (detection limit during inhibition) during the baseline period were excluded

from analysis. To determine if a cell was modulated, we compared the �ring rate

in a baseline period prior to light delivery (-3 to -1s) to the average �ring rate

during the stimuli. We computed a t-test per cell and considered a cell to be

signi�cantly modulated if P ≤ 0.05. To classify units as putative medium spiny

neurons we used previously described criteria (Benhamou et al., 2014; Yael et

al., 2013) based on �ring statistics and spike waveform morphology. We classi-

�ed units as putative medium spiny neurons if baseline �ring rate was less than

10Hz, coe�cient of variation greater than 1.4 and waveform duration greater than

500ms (Figure 2.35).
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2.4.8 Chronic recordings during task performance & anal-

ysis

In order to record from photo identi�ed indirect pathway medium spiny neurons,

we crossed A2a-Cre animals with Ai32 (ChR2 reporter line). These animals were

trained in identical fashion to the animals used for photometry recordings and op-

togenetics manipulation. Once stable performance was achieved, we stopped the

water deprivation protocol and allowed animals to recover their baseline weight.

In the days prior and following surgery we also supplemented their water with

Minocycline (10% w/v (Rennaker et al., 2007)). We chronically implanted a sin-

gle two-shank 64-Channel silicon probe (ASSY-236 H6, Cambridge Neurotech)

mounted on a nanodrive shuttle (Cambridge Neurotech). Additionally, we glued

a tapered optical �ber (100µm, 0.9mm emission length, 0.22NA, Optogenix) to

the back of the probe ( 200-300µm away from the shanks). The implant was

slowly inserted in the dorsolateral striatum, contralateral to a long choice, in

the two animals targeting identical coordinates to the ones used for photome-

try and inhibition experiments. Finally, we chronically cemented a headstage

(mini-amp-64 headstage, Cambridge Neurotech) that we connected prior to the

start of every session. Animals were given carprofen in the days following surgery

and allowed to recover for one week before training resumed. Electrophysiologi-

cal and synchronization data was digitized at 30kHz with openEphys acquisition

board and recorded with Bonsai (Lopes et al., 2015). Data was sorted o�ine

using Kilosort2.5 (github.com/MouseLand/Kilosort) and manually curated us-

ing Phy (github.com/cortex-lab/phy). To classify cells as putative medium spiny

neurons, we used the same �ring statistics and waveform criteria used in the

acute recordings. Additionally, we used a photo-identi�cation protocol at the

start of each session, consisting of 10 brief pulses, 2ms, of 473nm light at di�er-

ent intensities (2-10 mW measured at the end of the patchcord) and frequencies

(5,15 Hz). to photo-identify indirect-pathway medium spiny neurons. Units were

considered photo-identi�ed using an intersection of di�erent criteria: SALT test

(Kvitsiani et al., 2013) p-value < 0.001, t-test comparing baseline and post laser

onset (1-10ms) FR yielding a p-value < 0.01, correlation coe�cient between laser-

triggered waveform, non-evoked waveform > 0.85 and probability of eliciting ≥1
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spikes within 1-10ms of each pulse onset > 0.1. For all further analysis, spike

counts were binned in 2ms windows and smoothed by convolving with a gamma

probability distribution kernel (shape parameter k = 2 and scale parameter θ =

25 ms). To classify neurons on their modulation during the task we compared, for

each neuron, the average delay period activity (0.6 to 2.4s) and a corresponding

baseline period (-5 to -2s) relative to trial initiation (paired t-test with p ≤ 0.05

as threshold). Comparison between broken-�xation and valid trials was carried

out identically to the photometry data (Figure 2.34). In order to relate the dif-

ference in activity between broken �xations and valid trials (∆FRBroken−V alid)

and delay period activation, relative to baseline, (∆FRDelay−Baseline), in Fig-

ure 2.15, we took, for each unit, the average ∆FRBroken−V alid between -0.1 and

0 seconds aligned to broken �xation and regressed it against ∆FRDelay−Baseline.

To assess whether this is due to a selection e�ect dependent on delay period

activity, we repeated the same analysis but using a di�erent window aligned to

broken �xations (-0.5:-0.4 s, slope = -0.042, P = 0.132, t87 = -1.522) . Second, we

repeated the calculation of ∆FRBroken−V alid but this time randomly selecting

half of the valid trials as a surrogate dataset for broken �xations and the remain-

ing half to calculate our valid, null distribution. We bootstrapped the regression

slope (against ∆FRDelay−Baseline) from this analysis 1000 times and compared

it against our initial outcome (P = 0). Both analyses indicate that our initial

result was not due to sporadic correlations in the data or �ooring e�ects from

MSNs that were inactive during the delay period.

2.4.9 Optogenetic manipulations during task performance

A 556nm laser (500mW, Optoelectronics Technology) was used as a light source

to activate ArchT. Brie�y, the output of the laser was aligned to an acousto-

optic modulator (AOM MTS110-A3-VIS, AA OPTO-ELECTRONIC) and �bre

launched into a patchcord (200 µm core, 0.48NA). The output of the patchcord

was then connected to a power splitting rotary joint (FRJ_1x2i_FC-2FC_0.5,

DORIC) and �nally into 1 or 2 patch cords (200 µm core, 0.48NA) that connected

to the animal's implanted tapered �bres (Lambda-B �bre 200µm core, 0.39NA,

1.5mm emitting length, Optogenix). The light intensity was controlled by modu-

lating the AOM using a dedicated Arduino Mega 2560 board connected to a DAC
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board (MCP4725, Sparkfun). Regardless of the stimulation duration, all proto-

cols included a 250ms linear ramping o�, designed to reduce the potential for

rebound excitation (Chuong et al., 2014). The inhibition protocol was applied

on a randomly selected 30% of trials. Light was continuously delivered, with

the onset aligned to the initiation of a trial (centre nose port) and lasting until

second-tone delivery or the exit of the subject from the centre-poke, whichever

occurred �rst. For all analyses of optogenetic manipulation data, the �rst 15 tri-

als of each session were excluded. Laser power was set to be 23 to 31mW at the

end of the �bre for all animals. For a subset of DLS direct pathway animals (n=3)

and all DMS animals (n = 6 A2a-Cre and n = 6 D1-Cre), a third protocol was

used wherein light was turned on at second tone onset up until choice or 400ms,

whichever occurred �rst. Each day, we changed the location of the inhibition (CS

or CL, n=4 DLS A2a-Cre, n=6 DLS D1-Cre, n=6 DMS A2a-Cre, n=6 DMS D1-

Cre) and, after collecting data from the unilateral manipulation conditions, we

silenced both hemispheres simultaneously (n=4 A2a-Cre and n=4 D1-Cre, n=6

DMS A2a-Cre, n=6 DMS D1-Cre). For single animals, unless otherwise stated,

all analyses were performed by concatenating all trials from all sessions of the

same manipulation condition.

2.4.10 Movement trajectories

O�ine tracking of mouse position was performed using DeepLabCut (Mathis et

al., 2018) targeting the nape of each animal (Figure 2.3, Figure 2.24). Low con-

�dence points (p < 0.5) were interpolated and tracking data was subsequently

smoothed with a 10 sample median �lter. To compare movement trajectories be-

tween di�erent conditions (Figure 2.24), we �rst computed the average trajectory

of a reference condition (non-inhibited & valid trials). Next, we calculated, for

each trial's trajectory, the average euclidean distance to the reference trace. To

compute distances between positions from trials of di�ering duration, the longer

trial of the pair was cropped to match the duration of the shorter. To com-

pare across trial pairs of di�erent duration, we normalized euclidean distances

by trial duration, computing the average euclidean distance between reference

and test trial per sampled frame. We then compared these distributions to the

103



�null� distribution calculated from the same trials as the average trajectory with

a Two-sample Kolmogorov-Smirnov test.

2.4.11 Statistics

Statistical analyses were performed in MATLAB or R. No statistical methods

were used to predetermine sample sizes. Unless otherwise stated, data distribu-

tion was assumed to be normal. Performed statistical tests, sample size, relevant

statistics and p-values are reported throughout the text or in the respective �gure

caption. We used a linear mixed e�ects model for the photometry data to ac-

count for conditions with missing subject data. We speci�ed random intercepts

per animal and tested for �xed e�ects using the R package lme4(Bates et al.,

2015) using data from correct single trials. To test the signi�cance of relevant

main e�ects, we report Anova F-statistics with Satterthwaite adjusted degrees of

freedom. We report marginal means and post hoc contrasts (t-statistics), with

Tukey correction for multiple comparisons, using the R package emmeans(Searle

et al., 1980; Lenth, 2016) as (E�ect Size + 95%[CI], p-value) throughout the

paper. All tests are two-tailed, unless otherwise stated.

2.4.12 Immunohistochemistry and microscopy

Histological analysis was performed after all experiments to con�rm optical �ber

placement and expression patterns of transgenes. Mice were administered with a

lethal dose of pentobarbital (Eutasil, 100 mg/kg intraperitoneally) and perfused

transcardially with 4% paraformaldehyde. The brains were removed from the

skull, stored for 24 hours in 4% paraformaldehyde, and then kept in PBS until

sectioning. A vibratome or cryostat was used to section the brain into 50 or 40 µm

thick slices that were then immunostained with antibodies against GFP (A-6455,

1:1000, Invitrogen) and tdTomato (ab125096, 1:1000, abcam). Finally, all slices

were incubated in DAPI. Images were acquired with a confocal microscope (LSM

710, ZEISS) or a slide scanner (Axio Scan.Z1,ZEISS). For electrophysiological

recordings, shank placement was con�rmed using DiI (V22885, ThermoFisher

Scienti�c).
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2.4.13 Reinforcement learning model

We constructed an actor-critic model with the goal of understanding the ob-

served patterns of activity in DLS iMSNs and dMSNs and the functional role of

DLS iMSNs in action suppression and selection revealed by optogenetic inhibition

experiments. The experimental results demonstrated that the DLS was function-

ally engaged in suppressing, but not promoting speci�c actions during the task

at times when those actions were most tempting. We thus inferred that some

other region must provide the drive to act that constitutes the temptation itself.

To accommodate these multiple, apparently regionally distinct, in�uences on be-

havior, we designed a model containing two �sub-agents�, with access to di�erent

state transition dynamics, that interact through behavior in order to solve the

task. We start by providing an overview of the sections that describe the model

implementation. In the �rst section: The Interval Discrimination Task, we begin

by de�ning the rules that govern the real world state transitions de�ned by the

behavioral task paradigm itself. However, the model does not operate directly

on these real world environmental states, but as described in the section State

Representation, contains two internal representations of the external world that

are used to learn both state value functions (the critics) and action preference

functions (the actors). We then de�ne the general features of the actor-critic

architecture in the section titled Actor-critic formulation, describing how the two

internal state representations feed into two parallel actor-critic sub-agents, one

elaborated with a direct and indirect pathway actor component to model the ex-

perimental data involving DLS circuits, and the other modeled more classically

without a direct and indirect pathway, for simplicity. In the next section, Learn-

ing the values of states, we describe how the sub-agents each learn their own

value of expected future reward given the internal state information they have

access to using temporal di�erence learning. Next, in the section Actor learning

in a multi-agent setting, we de�ne how a set of action preference functions, that

serve as a basis for a policy for behavioral control, are learned in each sub-agent

through the in�uence of a temporal di�erence RPE that is emitted by each sub-

agent's critic. And lastly, we de�ne in the section Policy de�nition , how these

action preference functions emitted by the two sub agents are combined to de�ne

a policy for selecting Left, Right, and Hold actions at each time step of a trial.
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2.4.13.1 Task environment

The animal's behavior in the task and the underlying neural activity of the striatal

populations was modeled as a Reinforcement Learning (RL) problem. RL models

require the de�nition of a Markov Decision Process (MDP) (Sutton et al., 1998)

which consists of a set of states P (et+1, rt|et, at) that gives us the probability of

moving to a new state et+1 and receiving a reward after performing action .

We model the discrimination task environment by considering a linearly evolv-

ing variable θ ∈ R representing the passage of time since the onset of a trial, de-

�ned by the onset of the �rst tone that marked the beginning of interval stimuli.

This variable is constrained to the interval θ ∈ [θ0, θf ] where θ0 is trial initia-

tion/interval onset, and θf the time point at which, if no action is taken a timeout

is produced and the trial is over. We discretize this interval into a set of NT bins

et ∈ N of duration ∆θ =
θf−t0
NT

in milliseconds. We model the transitions of true

time states as an o�-diagonal transition matrix P (et+1|et, at) were for each true

time state et = t we move to et+1 = t + 1 and where the corresponding true

time is given by θ = t∆θ. In each trial, the second tone is de�ned in a set of

M temporal markers τi ∈ R all in the range [θ0, θf ] 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 the occurrence of the

second tone (interval o�set) on a given trial i at real time t identi�ed by the true

time state et.

At each et the environment will accept one of 3 actions; choice of the short

port (a = SHORT ), choice of the long port (a = LONG) or perform no action,

which we de�ne as a HOLD action (a = HOLD). If no action other than HOLD

is performed during the delay period and the correct choice is made after the

second tone, a reward is delivered. If the incorrect action is performed in the

post-second tone period or if an action other than HOLD is performed during

the delay period (i.e. �Broken �xation�), a punishment is delivered. Reward and

punishment are de�ned as r+t = 10 and r−t = −5, respectively.
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2.4.13.2 State representation

Animals including mice are known to express noisy estimates of time(Gibbon,

1977). We model this by considering that the model does not have direct access

to the "true time" state et but instead relies on an internal estimate of elapsed

time given by a set of states for each sub-agent c, sct ⊂ [0, ..., NK ] ∈ N with total

number NK .

This internal estimate was constructed so as to produce scalar variability in

temporal estimates around the true time. In order to achieve this, we de�ne a

central dwell time µ which corresponds to a sequence of states of each sub-agent

sct that accurately follows the elapsed time from the experimentalist's viewpoint,

i.e. true time. We then draw the dwell time ∆θdi , shared by both sub-agents, at

each trial i from a gaussian distribution given by ∆θdi ∼ N (µ, σ), with variance

σ de�ning the range of potential dwell times. The variable ∆θdi thus represents

the dwell time for the current trial, becoming discretized in a number of �true

time� states, et , that elapse in a single internal state, st, and is responsible for

the scalar variability of internal time estimates expressed by the model across

trials. Because the impact 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.

To accommodate assumed di�erences in information provided by di�erent

outlying areas to circuits in distinct regions of the striatum, we constructed dif-

ferent mappings from environmental to internal states, Kc for each sub-agent

c ∈ {D/I, χ} (Equation 2.3, Equation 2.4). Each sub-agent maps the true time

state et to the internal temporal estimate of the agent given by the state sct . The

function Kc maps the internal temporal estimate into two possible sets of states;

post 1st tone states (or pre 2nd tone states) Spre ∈ [0, ..., NK/2] ⊂ N and post

2nd tone states Spost ∈ [NK/2, ..., NK ] ⊂ N with the transition between these

two sets triggered by the occurrence of a tone at true time τi. Sub-agent c = D/I

is intended to re�ect circuitry that includes dMSNs and iMSNs in DLS, whereas

sub-agent X is intended to re�ect circuitry elsewhere. This distinction between
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the sets {Spre, Spost} is what allows the model to correctly discern in which states

it should perform an action or suppress all actions through the HOLD action.

The mapping KD/I , corresponding to sub-agent {D/I}, produces a more

veridical representation of the task environment, including whether a second tone

has occurred and thus is de�ned in the the full set of states KD/I : {θ,∆θdi , τi} →
{Spre, Spost}. Trial start commences a progression through post-�rst tone states

(i.e., pre-second tones states), and occurrence of the second tone causes a transi-

tion into a stream of post-second tone states, through which the state progresses

until a terminal state is reached when a choice is made or the maximum possible

state in the trial is reached.

We de�ne the mapping concretely as the sequence of states given by

KD/I(θ,∆θdi , τi) =


⌊ θ
∆θd

i

⌋ if θ < τi

⌊ θ
∆θd

i

⌋+ J if θ ≥ τi

(2.3)

with ⌊x⌋ the �oor function applied to x and J a jump parameter that goes

from Spre to Spost states. The second mapping KX , corresponding to sub-agent

X, is unaware of second tone events and is thus only de�ned in pre-second tone

states, i.e. Kχ : {θ,∆θdi } → Spre. In this mapping, as in the previously described

one, trial start commences a progression through post-�rst tone states (i.e., pre-

second tone states), however, unlike the previous mapping, progression through

pre-second tone states continues until a terminal state is reached either when

a choice is made or when the maximum possible state in the trial is reached,

regardless of second tone occurrence. We view the mapping KX as more ab-

stract, useful for separating the world into short (<1.5s) or long (>1.5s) epochs

and perhaps constituting a more predictive state representation(Dayan, 1993a;

Stachenfeld et al., 2017), yet devoid of more low-level sensed features of the en-

vironment. Mapping KX also re�ects a kind of information factorization, hiding

information about the environment from sub-agent X in a manner hypothesized
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within hierarchical views of behavioral control to aid in generalizability(Merel et

al., 2019).

Concretely, we de�ne this second mapping for each trial through the function

Kχ(θ,∆θdi ) = ⌊
θ

∆θdi
⌋ (2.4)

The full set of mappings for the set of sub-agents is thus given by:

s
D/I
t = KD/I(θ,∆θdi , τi) (2.5)

sχt = Kχ(θ,∆θdi ) (2.6)

2.4.13.3 Actor-critic formulation

To construct each sub-agent we formulate an actor-critic algorithm where, for

each state representation {sD/I
t , sχt }, we de�ne a corresponding critic V c(sct) with

index c = {D/I, χ} and its respective actor(s)(Motiwala et al., 2020) de�ned by

a set of action preferences(Sutton et al., 1998) functions Ap(sct , at) where the

index p = {D, I, χ} corresponds to the direct, indirect pathways and the non-

DLS actor, respectively. Sub-agent D/I is constructed to contain direct and

indirect pathway actors with opposing in�uence on action production, whereas

sub-agent X is constructed with a more classical, single actor, for simplicity. The

learned Action Preferences are then combined into a single probabilistic policy

π(a|sD/I
t , sχt ) 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, where striatal actors are

taught by a critic that emits reward prediction errors through dense dopaminergic

projections to the striatum(Bornstein & Daw, 2011). Secondly, due to the fact

that the action preference functions are learned using the reward prediction error

δt, we can de�ne update rules onto direct and indirect pathway actors based on

previously established e�ects of dopamine on plasticity of synapses on striatal
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dMSNs and iMSNs (Collins & Frank, 2014; K. N. Gurney et al., 2015; Iino et al.,

2020; S. J. Lee et al., 2021).

2.4.13.4 Learning the value of states

In the usual actor-critic formulation, the critic takes the form of a state value

function, de�ned as the expected value over a policy π(a|st) of the sum of dis-

counted rewards and is written as ,

V (st) = Eπ

[ T−k−1∑
k=0

γkrt+k+1

∣∣∣∣st] (2.7)

with γ < 1 being the discount factor.

In order to update the state-values, Temporal Di�erence (TD) methods are

used (Sutton et al., 1998), with an update given by:

V (st)← V (st) + αδt. (2.8)

where α is the learning rate for the critic, V for value function, and the Reward

Prediction Error δt (RPE) de�ned as:

V (st)← V (st) + αδt. (2.9)

In our formulation, the RPE will serve as a learning signal for all the actors

that will be de�ned below. In order to make the notation explicit for the multi-

agent formalisation that we'll expand in the following sections, we de�ne that for

each critic V c(sct) their corresponding value function is updated by a correspond-

ing RPE δct so the update rules for an agent consisting of multiple critics can be

written as,

V c(sct)← V c(sct) + α(sct)δ
c
t (2.10)
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δct = Rt+1 + γV c(sct+1)− V c(sct) (2.11)

with γ the discount factor of the sub-agents and the learning rate is de�ned as

the inverse of the number of visits to state stc, N(sct) (Sutton et al., 1998; Doya,

1999), i.e.:

α(sct) =
1

N(sct)
(2.12)

in order to facilitate convergence.

2.4.13.5 Actor learning in a multi-agent setting

In order to model the neural activities of the dMSNs and iMSNs observed in the

data we take a Multi-Agent RL approach(Bu³oniu et al., 2010) by hypothesizing

that the model consists of a set of critics feeding information to di�erent actors

that represent the underlying neural activity of each striatal pathway. For this

formalism, each actor can have a di�erent viewpoint as to what is happening both

in terms of their provided internal state representation and in the corresponding

RPEs that each receives, being sensitive to a speci�c range of the available RPEs,

as was previously done in Collins & Frank (2014); K. N. Gurney et al. (2015).

We take inspiration from biology and the known results regarding the un-

derlying plasticity dynamics in striatal neurons so as to model the activities of

the direct and indirect pathways. Based on a number of experimental studies,

K. N. Gurney et al. (2015) posit that positive changes in overall plasticity of

direct pathway medium spiny neurons (dMSNs) are directly correlated with an

increase in dopamine (DA) whilst decreases in DA concentration show a decrease

in plasticity. Conversely, for indirect pathway MSNs (iMSNs) higher DA val-

ues have the opposite e�ect as they reduce the change in plasticity while lower

concentrations of DA potentiate plasticity. Consistent �ndings have also been

observed in the volume change of dendritic spines for dMSNs and iMSNs (Iino et

al., 2020), spike timing dependent plasticity(Shen et al., 2008), well as intracellu-

lar PKA levels (S. J. Lee et al., 2021). In addition, these two populations appear

largely spatially intermixed and thus likely to receive comparable dopamine in-

put. We capture these plasticity rules by de�ning a set of nonlinear functions fp
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that we'll associate with individual actors p. As the amount of DA present in the

MSNs modulates the change in plasticity of these cells, we'll make this nonlinear

function dependent on the RPE of its corresponding sub-agent c,i.e. fp(δct ). In

this manner we're able to associate a given pathway to a speci�c combination of

a nonlinear function fp and the RPE of a given critic δct .

Concretely, the direct pathway actor of the DLS sub-agent is subject to up-

dates via fD(δ
D/I
t ) and the indirect pathway actor of the DLS sub-agent via

f I(δ
D/I
t ). These functions are de�ned for each pathway p as,

fp(δct ) = bp0 +
bp1

1 + bp2e
(1−bp3δ

c
t )

(2.13)

where the b parameters are adjusted for each individual pathway. Concretely,

bp0 and bp1 determine the vertical range of the curve and bp2, b
p
3 it's slope. For the

direct, indirect and X pathways we used [-0.7, 8, 3.7, 1], [-0.7, 8, 3.7, -1] and

[-4, 8.5, 0.45,1] respectively. The parameters of the indirect pathway are de�ned

so as to transform the negative RPEs into positive update weight changes, the

direct pathway function transform positive RPEs into positive the corresponding

weight changes for that actor and the second sub-agent transfer function is de�ned

so that it can assume the joint functionality of the two transfer functions that

exist in the D/I agent, transforming both positive and negative RPEs into their

corresponding positive and negative update weights with a single function.

In actor-critic formalism one needs to learn the policy in addition to the state

value function. In our case we chose the action preference framework, with action

preferences de�ned as functions A(st, at) at each state-action pair that will allow

the agent to choose the appropriate action at each state. In the usual de�nition

of actor-critic models, for an action at and state st the action preferences are

learned through the RPE that is calculated at the current time, δt.
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The update rule for the action-preference for a single actor receiving RPEs

from a critic is given by

A(st, at)← A(st, at) + αδt (2.14)

In simple terms, at each update if the action executed at state st 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.

Inserting the aforementioned plasticity rules to drive action-preference change

in the model is done by slightly altering the action-preference updating learning

rules de�ned above. We apply the pathway transfer function fp(δct ) (de�ned in

Equation 2.13) to each actor's learning rule, i.e.

Ap(sct , at)← Ap(sct , at) + α(sct)f
p(δct ) (2.15)

and de�ne the learning rate for the actors in a similar manner to the critics.

Concretely, for the actors and state representations used in our model, the

full set of update equations is thus:

AD(s
D/I
t , at)← AD(s

D/I
t , at) + α(s

D/I
t )fD(δ

D/I
t ) (2.16)

AI(s
D/I
t , at)← AI(s

D/I
t , at) + α(s

D/I
t )f I(δ

D/I
t ) (2.17)

Aχ(sχt , at)← Aχ(sχt , at) + α(sχt )f
χ(δχt ) (2.18)

with the RPEs for each agent being given by two independent critics with update

rules:

V D/I(s
D/I
t )← V D/I(s

D/I
t ) + α(s

D/I
t )δ

D/I
t (2.19)

V χ(sχt )← V χ(sχt ) + α(sχt )δ
χ
t (2.20)
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2.4.13.6 Policy de�nition

In order to calculate the policy as a combination of the 3 pathways we de�ne a

total action-preference for the three actors as a sum of their corresponding action

preferences

AT (s
D/I
t , sχt , at) = ωDAD(s

D/I
t , at) + ωIA

I(s
D/I
t , at) + ωχA

χ(sχt , at) (2.21)

where the weights are given by ωD = −ωI = ωχ = 1. Because the indirect

pathway actor has an opposite sign to the remaining sub-agents, it serves as an

inhibitory gate for action execution. This idea was �rst proposed in Mink (1996),

where it is highlighted that the expression of movement seems to be directly

correlated with the amount of downstream inhibition exerted by outputs of the

basal ganglia. Later experiments using optogenetics then showed that increased

activity in D2-MSNs (iMSNs) via optogenetic excitation generated a decrease of

movement in mice, whilst an increase of activity in D1-MSNs (dMSNs) generated

an increase in movement (Kravitz et al., 2010).

All of the suppressive information is taught by negative RPEs acting on the

AI action-preferences. One way of looking at this function is that it represents,

instead of the policy which tells agents what to do, an anti-policy that informs

the model of what not to 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 actions to be expressed.

It is through the value of this total action preference that we de�ne the HOLD

action. Given that suppressing actions in animals is linked with higher values of

indirect pathway activity, we increase the probability of that action being per-

formed proportionally to how negative the total action preference is, as negative

total action preferences are mostly a result of a dominance of the indirect path-

way actor over the remaining actors. We achieve this by, instead of learning an

explicit action preference for the HOLD action as we do for the SHORT or LONG

actions, triggering a condition where if the value of the total action preference is

negative, the action-preference of the HOLD action will be zero. Concretely,
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if AT (s
D/I
t , sχt , at) < 0 ∀ at = {SHORT,LONG}

⇒ AT (s
D/I
t , sχt , HOLD) = 0

else

⇒ AT (s
D/I
t , sχt , HOLD) = −∞

(2.22)

This de�nition for the HOLD action action preference works in the following

way: In the usual actor-critic formulation, given the discrete states st, the prob-

ability of the model choosing one of the actions a at a given state is given by the

distribution π(a|st). For a single actor, the actions at each observation st are

chosen via a softmax of the action-preference A(st, at), i.e. the probability of a

given action a being executed when an agent observes a state st can be obtained

by sampling from the distribution given by

π(a|st) =
eβA(st,a)∑
j e

βA(st,aj)
(2.23)

where β is the temperature parameter controlling exploration, and the denomi-

nator contains the sum over all actions.

In our multi-agent model, we de�ne the probability of choosing action a given

states {sD/I
t , sχt } for the actions as the softmax of the total action preferences

AT (s
D/I
t , sχt , at)

π(a|sD/I
t , sχt ) =

eβA
T (s

D/I
t ,sχt ,a)∑

j e
βAT (s

D/I
t ,sχt ,a

j)
(2.24)

with the conditions for the HOLD action de�ned in Equation 2.22. With

these conditions, in the case where the total action preference for both SHORT

and LONG actions is negative and suppression dominates, the term in the de-

nominator for the HOLD action will be one and terms for the remaining actions

will have small values as the exponential function approaches zero for negative

values. For the case where suppression does not dominate, only the SHORT and
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LONG actions have probabilities bigger than zero, as the action-preference for

the HOLD action goes to −∞ (and probability zero).

2.4.13.7 Simulation details

All simulations were performed on an 80 dimensional state-space. Each trial

consisted on a trajectory with a pre-speci�ed dwell time sampled from a gaussian

distribution with mean µt = 67 ms and variance σt = 20 ms, sampled from a

predetermined set of 30 dwell times that covered the interval between tmax =

100 ms and 65 ms. Convergence was assessed by verifying that all value functions

and action preferences showed a normalized di�erence 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 Ttrain = [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 decreased

for each state proportionally to the number of visits to each state. Rewards for

correct and incorrect/broken �xation trials were set at 10 and -5, respectively.

The transfer function fp(δct ) parameters were de�ned as [bp0, b
p
1, b

p
2, b

p
3]. 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

ωD = −ωI = ωχ were all equal to 1. The discount parameter for each critic γ

was 0.98 and the temperature of the softmax function β for the policy was 1.5

for both training and testing.

In order to simulate the e�ects of pathway speci�c 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 (Ttest [0.6, 1.05,

1.26, 1.38, 1.62, 1.74, 1.95, 2.4]).

2.4.13.8 Optogenetics experiments

For all of the post-training experiments the learning of the agents was frozen and

for the control trials the weights of each agent were kept the same as during train-

ing. Two sets of experiments were performed; one where the indirect-pathway
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was inhibited and another where the third agent X was inhibited. This inhi-

bition consisted in a downscaling of the weights of the corresponding pathway

weights to ωI = 0.93 and ωX = 0.98 so as to match the e�ect size observed in

the data. Varying these values produces qualitatively similar e�ects. For each

perturbed pathway, three optogenetic perturbations were performed, correspond-

ing to a unilateral or bilateral manipulation where the weights corresponding to

the relevant action (SHORT, LONG or SHORT and LONG) were scaled to the

values de�ned above.

2.4.13.9 Pseudo-code
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Algorithm 1 Opponent Multi-Agent Actor-Critic Algorithm

1: De�ne {β, γ, µt, σt, b
p
i , ω

p, τi}
2: Initialize states {sD/I

t , sχt }
3: Zero initialization of critics {V D/I(sD/I), V χ(sχ)}
4: Zero initialization of action preferences
{AD(sD/I , a), AI(sD/I , a), Aχ(sχ, a), AT (sD/I , sχ, a)}

5: Zero initialization of state visits N(sct)
6: for episode do
7: Sample dwell time td ∼ N (µt, σt)
8: for step in episode do
9: Update Learning rates:

10: α(s
D/I
t )← α(s

D/I
t ) + (N(s

D/I
t ) + 1)−1

11: α(sχt )← α(sχt ) + (N(sχt ) + 1)−1

12: Choose action and get next state:
13: Check if HOLD action should be triggered:

14: if AT (s
D/I
t , sχt , a) < 0 ∀ a = {SHORT,LONG} then

15: AT (s
D/I
t , sχt HOLD) = 0

16: else
17: AT (s

D/I
t , sχt , HOLD) = −∞

18: end if
19: Sample new action at ∼ π(a|sD/I

t , sχt )

20: Observe {sD/I
t+1 , s

χ
t+1, rt} from {KD/I(t, τi, td),K

χ(t, td)}
21: Update Critic:

22: δ
D/I
t = rt + γV (s

D/I
t+1 )− V (s

D/I
t )

23: δχt = rt + γV (sχt+1)− V (sχt )

24: V (s
D/I
t )← V (s

D/I
t ) + α(s

D/I
t )δ

D/I
t

25: V (sχt )← V (sχt ) + α(sχt )δ
χ
t

26: Update Action Preferences:

27: Ap(sDt , at)← Ap(sDt , at) + α(s
D/I
t )fD(δ

D/I
t )

28: Ap(sIt , at)← Ap(sIt , at) + α(s
D/I
t )f I(δ

D/I
t )

29: Ap(sχt , at)← Ap(sχt , at) + α(sχt )f
χ(δχt )

30: AT (s
D/I
t , sχt , at) = ωDAD(s

D/I
t , at) + ωIA

I(s
D/I
t , at) + ωχA

χ(sχt , at)
31: end for
32: end for
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Chapter 3

General discussion
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3.1 Main �ndings

One basic problem brains must solve is how to achieve the best outcome in the

face of an ever-changing world. To achieve this goal, brains must rely on a stream

of incoming sensory information, internal state, and past experience in order to

learn and adapt. However, exactly how this organ achieves such a marvelous feat

is far from well understood.

The basal ganglia, in particular, are involved in several functions thought to

be critical for a myriad of forms of adaptive behavior. They have been implicated

in regulating low-level motor output, sensory processing, motivation, attention,

learning, memory, decision making, and ultimately, the overall process of action

selection (Doya, 1999; K. Gurney et al., 2001). In the work presented in this

dissertation I studied how distinct BG circuits support di�erent aspects of action

selection.

First, we provide compelling evidence for the functional opposition between

the two major feedforward circuits in BG: the direct and indirect pathways. Both

anatomical and physiological data support this classical conceptual model (De-

Long, 1990), however previous reports of large-scale co-activation during move-

ment have put into question this dichotomous view (Cui et al., 2013; Tecuapetla

et al., 2014; Cox & Witten, 2019). Critically, while we do reproduce the �nding of

general co-activation during movement, we also show that by training animals to

adopt a state of prolonged action suppression we can observe signs of opponency

in the endogenous activity of the two pathways in sensorimotor striatal circuits

(DLS). Our �ndings are consistent with the reconciling theory that action pro-

duction progresses through the simultaneous recruitment of action promotion and

suppression processes (Mink, 1996).

Second, we show that, in a task where animals must alternate between periods

of action production and suppression, DLS is largely engaged to support the lat-

ter. In particular, indirect pathway activity in a given hemisphere qualitatively

follows the need to suppress a contra-lateral action during those times when such

a movement is potentially rewarded and thus tempting. Moreover, by optogenet-
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ically silencing this population of neurons we found that such engagement not

only re�ects this need, but it is also necessary to determine whether, when and,

which actions animals are able to suppress.

Lastly, we reasoned that the dynamics associated with action suppression

in DLS arise to counteract a respective action-promoting drive carried out by

circuits elsewhere in the brain. With this intuition in mind, we built a simpli�ed,

yet biologically inspired, multi-agent reinforcement learning model capable of

reproducing our main behavioral, physiological and optogenetic manipulation

results. Moreover, following a prediction generated from the model, we found that

dorsomedial striatal (DMS) circuits are part of the "elsewhere" circuit responsible

for carrying the action-promoting drive that ultimately leads to the premature

behavior observed in our task.

This �nal chapter will be dedicated to the discussion of how our �ndings relate

to the current view of BG function, and how they might inform new conceptual

models and experiments. As is often the case, our work will originate more

questions than those it answers. Hence, I feel I should warn the reader that

despite the fact that I will try to support my arguments with data from our

own experiments and background presented in Chapter 1, the discussion will

also be seasoned with a healthy amount of speculation and currently untested

hypotheses.

3.2 On the (seeming) suboptimality of behavior

When studying animal behavior we often assume that organisms evolved to be-

have optimally with respect to some goal, for instance: �nding food, shelter and

mating partners. This axiom is a staple of many foundational learning theories

(Thorndike, 1911; Skinner, 1938). However, in several cases, it is possible to ob-

serve animal behavior that is seemingly incompatible with such an assumption.

In one of their papers, Keller and Marian Breland, anecdotally describe their

observations when attempting to train a wide variety of animal species in many

di�erent operant conditioning paradigms:
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"When we began this work, it was our aim to see if the science would work

beyond the laboratory, to determine if animal psychology could stand on its

own feet as an engineering discipline. These aims have been realized.[...]

Emboldened by this consistent reinforcement, we have ventured further and

further from the security of the Skinner box. However, in this cavalier

extrapolation, we have run afoul of a persistent pattern of discomforting

failures. These failures, although disconcertingly frequent and seemingly

diverse, fall into a very interesting pattern. They all represent breakdowns of

conditioned operant behavior.[...] The examples listed we feel represent a clear

and utter failure of conditioning theory. They are far from what one would

normally expect on the basis of the theory alone. Furthermore, they are

de�nite, observable; the diagnosis of theory failure does not depend on subtle

statistical interpretations or on semantic legerdemain�the animal simply does

not do what he has been conditioned to do."

Breland & Breland (1961)

In many of the examples provided in their manuscript, animals are shown

to be aware of the instrumental contingencies of the task and yet, despite long

painstaking months of training, keep resorting to maladaptive behavior. Once

one acknowledges the existence of such a seemingly irrational behavior - i.e., that

which follows a suboptimal decision making process - it immediately raises the

question of what are the constraints and/or computations that give rise to these

behavioral policies.

In Chapter 2 of this dissertation I introduced a novel behavior paradigm that

showcases such an example of, in light of the imposed task structure, suboptimal

behavior in a signi�cant proportion of the trials. In the presented paradigm,

under no circumstance will prematurely leaving the centre-nose port increase the

total amount of rewards collected. Moreover, despite being immediately informed

that such a premature action will result in no reward for a given trial (through

the delivery of a salient white-noise burst auditory cue, that is present from the

�rst session of training), animals nevertheless try to report their choice at one

of the two side ports in the majority of trials (Figure 2.4). How to explain such

deviation from optimal behavior?
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First, I would argue that optimality as de�ned by the maximization of an

expected utility leads to a correspondingly narrow de�nition of optimal behavior

(Charnov, 1976). While arti�cial agents might indeed be constructed to behave

in an optimal manner when performing a speci�c task and under a precisely de-

�ned set of rules and goals, biological agents are not a�orded such an intelligent

design. Instead animal behavior is also, to some extent, a function of evolutionary

processes that gave rise to all the hardware available for computing and interact-

ing with the world (Zador, 2019). Therefore, when one tries to construct, even

qualitatively, the objective function that animals try to maximize, it is important

to not only consider speci�c costs and bene�ts but also the genetic "baggage"

accumulated through the evolutionary process (Cisek, 2019; Bergman & Beehner,

2021). This is all the more critical when one considers that evolution likely tra-

verses a tortuous �tness landscape that might result in strategies, or heuristics,

that are often "just good enough" (J. M. Smith, 1979; Brooks, 1991).

As a toy example, consider a set of hypothetical biological agents that, across

several generations, occupy a particular niche where the color red is often as-

sociated with tasty, nutritious berries. During the evolutionary process, visual

circuits that are able to bias approaching behavior towards small round red ob-

jects might have been systematically selected, giving rise to what an external

observer would likely consider an optimal behavior (i.e., approach red berries).

However, should one take this same animal and displace it to a distinct environ-

ment wherein visually identical berries would now be poisonous, such a heuristic

would undoubtedly give rise to what the same observer would consider deleterious

behavior. In other words, given a speci�c niche that biological agents occupy for

several generations, some degree of ethnologically relevant neuronal and behavior

specialization is likely to emerge in the population (von Uexküll, 2013; Davies et

al., 2012). We, as observers, should thus tread carefully when interpreting animal

behavior in light of some presumed local optimality constraint.

In the speci�c case of our paradigm, it is possible that premature behavior dis-

played by mice is the result of a similarly selected useful heuristic (Marsh, 2002).

What evolutionary pressure might have biased the selection of prematureness as

a useful strategy? One can only speculate, but is possible that in environments
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wherein 1) competition between individuals is rampant, 2) the safety cost of wait-

ing, or standing still, for large periods of time is high (e.g., due to the presence

of predators) or 3) the statistics of the environment change quickly relative to

the time-scale of a decision making process, prematureness might turn out to be

a useful heuristic to improve the likelihood of survival and eventually passing on

genetic material to future generations.

Relatedly, hardware constraints might also shape behavior in a di�erent way.

Cognitive resources such as attention, working memory, and processing power

are limited, and thus likely to be exhausted under particularly demanding tasks

(Broadbent, 1965). Given how long it takes to train animals in our paradigm,

it might be possible that we are approaching a speci�c resource limit available

to this species, that eventually give rise to this form of suboptimal behavior.

Anecdotally, rats trained in an identical version of the task in our lab (Monteiro et

al., 2020), display dramatically lower rates of premature behavior when compared

to mice.

Meanwhile, brains, and their functionally specialized sub-systems, likely

evolved in a context where animals must not only satisfy a single goal but

instead be robust to a variety of problems they might face in the wild. Such an

ability to generalize is expected to come at the cost of local optimality (Davies

et al., 2012).

Finally, as we show at the end of Chapter 2, the behavior output in our task

can be seen as the result of the interaction between multiple agents operating in

parallel to generate behavior. Once again, while it might initially appear counter-

intuitive to possess an arrangement where distinct agents, with potentially dif-

ferent views on the world - and thus pursuing distinct drives to act -, it has been

shown to be advantageous in a wide variety of circumstances (Merel et al., 2019).

An important open questions still remains: what makes the potential interaction

between sub-agents stochastic (i.e., animals only break �xation in some trials)?

Similarly to a probabilistic process of decision making, it is possible that small

�uctuations in the dynamic process of either of the agents, or simply neuronal
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noise in the overall process, results in sporadic premature behavior (Busemeyer

& Townsend, 1993; Binder et al., 2004; Mountcastle et al., 1975).

At the end of the day, cases of irrational behavior, with clear deviations from

optimality, present a unique opportunity to study the mechanistic constraints of

neuronal computations, and how these ultimately lead to behavior.

3.3 Direct and indirect pathways, revisited

3.3.1 On the functional opponency of the direct and indi-

rect pathways

Initial anatomical and physiological observations led to the hypothesis that the

two major pathways of the basal ganglia play functionally opposing roles. Fur-

ther experiments where the activity of these two pathways was selectively ma-

nipulated did indeed con�rm that direct and indirect pathways are capable of

exerting broadly opponent in�uence on various aspects of behavior such as lo-

comotion (Kravitz et al., 2010; Roseberry et al., 2016), ongoing motor sequence

production (Tecuapetla et al., 2016; Sippy et al., 2015), reinforcement (Kravitz

et al., 2012; Yttri & Dudman, 2016) and decision making (Tai et al., 2012). How-

ever, in apparent contradiction with this classic view (Tecuapetla et al., 2014,

2016; Cox & Witten, 2019), wherein these two pathways di�erentially regulate

behavior by opposingly modulating the BG output nuclei, concurrent activation

is often generally observed during movement (Cui et al., 2013; Tecuapetla et al.,

2014; Markowitz et al., 2018). A long-standing, and potentially reconciling, hy-

pothesis proposes that during normal behavior action proceeds by promoting a

given motor plan while simultaneously suppressing other, potentially competing,

ones (Mink & Thach, 1993).

This concept seeded the design of the paradigm presented in Chapter 2. We

wondered under which behavior context would one be able to observe signs of

functional opponency in the endogenous activity of the two pathways. We rea-

soned that it should not be while animals are actively performing action but

instead in a situation where behavior is largely governed by a state of action
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suppression and active immobility. Under such a scenario we hypothesized that

the activity of the indirect pathway should be relatively higher than that of the

direct pathway.

We thus recorded from the dorsolateral striatum, an area where co-activation

was previously observed (Cui et al., 2013; Tecuapetla et al., 2014; Markowitz

et al., 2018). Consistent with previous studies, we were able to observe the

co-activation of the two pathways during movement, by looking at epochs dur-

ing which animals are required to perform actions, speci�cally when initiating a

trial and reporting their choice at one of the side ports, respectively (Figure 2.9,

Figure 2.33). Critically, during the period of active immobility, activity in the

indirect pathway was sustained whereas direct pathway acivity levels were rela-

tively lower. Moreover, by optogenetically silencing DLS iMSNs, we showed that

this preferential engagement was not only a re�ection of the putative need to

suppress action but was instead causally involved in supporting it (Figure 2.18).

This is, to the best of our knowledge, the �rst time large-scale signs of functional

opponency have been observed in the endogenous pattern of activity in the two

classes of medium spiny neurons.

Interestingly, while we found signs of functional opponency between the two

pathways in DLS, some degree of functional asymmetry on the e�ects of opto-

genetic inhibition was concurrently observed. Speci�cally, silencing DLS iMSN

activity reduced animals' ability to suppress a contra-lateral action during the

period of active immobility but did not change the vigor with which these choices

were performed. Conversely, silencing DLS dMSN activity did not alter the prob-

ability of premature behavior but instead increased the time animals took to re-

port a choice after breaking �xation, consistent with previous reports implicating

BG in regulating action vigor (Turner & Desmurget, 2010; Panigrahi et al., 2015;

Dudman & Krakauer, 2016).

It is possible that, due to technical limitations, such as �ooring/ceiling e�ects

related to the already low activity observed in direct pathway photometry record-

ings during the delay period, potential positive results of the optogenetic manip-

ulation failed to be observed. However, similar reports of asymmetric e�ects on
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behavior have been also reported elsewhere when manipulating two populations

of MSNs (Tecuapetla et al., 2016; Geddes et al., 2018; Peak et al., 2020). For

instance, Tecuapetla et al. (2016) report that direct pathway silencing slowed the

initiation of an action sequence, while manipulating the iMSN population led to

abortion of the already ongoing action sequence. Interestingly, the latter result is

also seemingly compatible with our interpretation of indirect pathway function,

wherein lowering the suppression of other actions might lead animals to switch

(i.e., engage in other behaviors) prematurely.

In general, care must be taken when interpreting the e�ect of manipulating

these two pathways during behavior. In Tecuapetla et al. (2016) authors ac-

knowledge that, at �rst glance, manipulating direct or indirect pathway activity

leads to an increased latency to initiate a trial. However, as one might expect,

there are several ways in which behavior can be a�ected resulting in an increase

of latency to initiate a trial (e.g., decrease in overall vigor, uncoordinated mo-

tor output, dithering, etc.). These potential confounds highlight the need for

carefully designed behavioral paradigms that are able to probe the contribution

of neuronal substrates to speci�c computations and behaviors. In our case, the

observed vigor decrease is present in the apparent absence of choice e�ects and

vice-versa.

Additionally, it should be noted that the e�ects of manipulating these two

populations will likely vary depending on the unique demands of the task, or

behavior, being studied. Therefore, some caution is advised when generalizing

the outcome of these manipulations to other behaviors. For example, while in our

experiments we failed to detect changes in choice behavior when inhibiting the

direct pathway of the DLS, equivalent manipulations of DMS circuitry resulted

in ipsilateral bias following broken �xations' choices. This �nding highlights

that despite operating in general functional opposition, spatially localized circuits

can be selectively recruited to generate adaptive behavior. Similarly, a recent

study by Bolkan et al. (2021) found that medial circuits of the BG are necessary

during a task that was designed to leverage mice working memory, but not during

an identical version that relies on overt sensory cues to collect rewards. This

interpretation is consistent with both our model and data in that more medial
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circuits are thought to receive higher-order inputs from frontal cortical areas that

are thought to support working memory (Postle, 2006) and thus able to provide

such information to downstream striatal circuits that can be used to bias the

decision-making process.

Finally, the prevalence of reports of symmetrical e�ects when optogenetically

activating either one of the two populations (e.g., (Kravitz et al., 2010, 2012; Tai

et al., 2012; Sippy et al., 2015; Yttri & Dudman, 2016)) but not when silencing

their activity ((Tecuapetla et al., 2014, 2016; Delevich et al., 2020)), raises the

interesting point that while increasing the activity of either pathway is su�cient

to alter di�erent parameters of behavior, it might not inform as to whether the

circuit is engaged under normal conditions, and whether they are thus necessary

to support action. Indeed, the authors in Bolkan et al. (2021) make a similar

point: "These negative �ndings argue against a major involvement of endoge-

nous activity in DMS pathways in the execution of movement in the absence of

a decision. This is consistent with the dearth of reports demonstrating strong

and opposing modulation of behavior by striatal pathways using pathway-speci�c

optogenetic inhibition.". In other words, optogenetic activation might inform

what these populations can do, as opposed to what their role is under a normal,

physiologically relevant, regime.

These observations, together with the fact that: 1) MSN exhibit low rest-

ing state �ring rate, and 2) optogenetic activation of these cells has been shown

to lead to lateral inhibition of other putative MSN units (Figure 2.16), suggest

that inhibition experiments are a strong candidate for more readily interpretable

results, regarding the functional role of direct and indirect pathways, going for-

wards.

3.3.2 On the role of indirect pathway in action suppression

When considering the mechanisms that give rise to adaptive action selection,

considerably more attention has been paid to the positive aspect of this pro-

cess, often neglecting the pivotal role action suppression plays. Several reasons

could justify such a bias. For instance, while the "action" is often observable,
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the corresponding suppressive process, if successful, will often remain latent and

hidden from the experimenter's sight. Moreover, many common operant behav-

iors tested in a laboratory setting do not, a priori, require an explicit suppressive

mechanism, and certainly not one under tight experimental control. As a result,

in order to study the general process of action suppression, one ought to design

paradigms that exaggerate the need for such a speci�c process and, �nally, one

should additionally be able to observe hallmarks of the reliance on such process

(e.g., in our task the fact that subjects often fail to remain immobile at the

center port and report their choice in a way that is consistent with the dynamic

reward contingencies of the task).

It is thus perhaps not surprising that, despite having long been implicated in

action suppression (Mink & Thach, 1991; DeLong, 1990), very few studies to date

have explicitly focused on the speci�c role indirect pathway plays during such a

process. Instead, the vast majority of the literature focus on its role for the general

process of action execution (Tai et al., 2012; Freeze et al., 2013; Tecuapetla et al.,

2014, 2016). Nevertheless, previous key studies have reported �ndings consistent

with the role of the indirect pathway supporting such a mechanism of action

suppression that deserve mention.

In a series of experiments, Hikosaka and colleagues (Amita & Hikosaka, 2019;

Hikosaka et al., 2019; H. F. Kim et al., 2017) trained monkeys in a task where

subjects are sequentially presented with visual stimuli associated with either a

large ("good target") or small/no reward ("bad target"). In order to maximize

the total amount of collected reward, monkeys should refrain from saccading to

"bad targets" and instead solely accept the o�er associated with "good targets".

After many sessions, subjects' behavior shows sensitivity to such contingencies.

Consistent with the idea that the BG indirect pathway is involved in action

suppression, in this case preventing animals from saccading to "bad" targets, the

average activity of GPe neurons - that receive inhibitory input from iMSNs in the

striatum - is signi�cantly increased to "good" versus "bad targets". However, in

some trials animals fail to reject the bad option. Strikingly, in this last fraction of

trials, activity in the same cells was shown to be slightly higher than in correctly

rejected trials, presumably due to lower activity levels in upstream striatal iMSNs.

129



The authors then proceed to show that, similarly to our task, such a pattern of

activity is not only correlated with the failure to suppress a response but is

instead necessary for it. Speci�cally, blocking GABA transmission in GPe - thus

decoupling the e�ect iMSN activity has on GPe - renders animals unable to reject

the "bad" option. These results are largely consistent with our physiology and

manipulation data.

In Amita & Hikosaka (2019), authors focused on the overall change in �ring

rate associated with the ability of animals to successfully suppress a less than ideal

action. Other studies, albeit leveraging di�erent behavior paradigms, report that

across individual cells, in di�erent indirect pathway nuclei, response pro�les are

heterogeneous. Speci�cally, in both GPe (Yoshida & Tanaka, 2016; Mallet et al.,

2016; Gu et al., 2020) and STN (Schmidt et al., 2013; Mosher et al., 2021), the

authors found neurons that increased or decreased, respectively, their response

during both movement execution and periods that require action suppression (be

it proactive or reactive). How would one interpret these �ndings in light of the

herein proposed role of the indirect pathway function?

One way to reconcile these two types of neuronal response pro�les is to con-

sider that the space of unsuitable, potentially competing, actions during a period

of active immobility is likely di�erent to the one during movement. In our task,

for instance, a strong point can be made that the latent motor plan in need

of suppressing is "going short" and "going long", before and after the decision

boundary, respectively. However, once such action is deployed, in order to gener-

ate the respective choice movement, the space of unsuitable actions might instead

be enriched in motor programs that incompatible with the current movement or

even perhaps other also considered, yet not taken, actions. This intuition can

easily be thought of as a special case of the center-surround model presented in

Chapter 1. During action suppression, the center of both the promoting and sup-

pressing �lter would perhaps be centered around the same action, whereas during

movement, one would perhaps expect to �nd signi�cantly more o�-centered ex-

citation of BG output in order to suppress other actions and allow the selected

movement to be expressed.
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Consistent with this general idea, we have also found some degree of het-

erogeneity in the responses of photo-identi�ed indirect pathway medium spiny

neurons. Brie�y, by comparing the activity during broken �xations and time-

matched control trials (Figure 2.14) we �nd that while some units did indeed

decreased their �ring rate a few hundred milliseconds prior to breaking �xation

- consistent with the �ndings from Amita & Hikosaka (2019) in GPe - a second

population of neurons showed the opposite dynamic and instead ramped up their

activity immediately prior to movement onset. Critically, the degree to which

iMSNs were negatively modulated during broken �xations was systematically re-

lated to how engaged they were during the period of action suppression. In other

words, neurons that are engaged during the period of active immobility, shown

to be causally involved in the ability of animals to suppress action (Figure 2.18),

were the same neurons that show decreases in activity prior to broken �xations.

Similarly, iMSNs that were suppressed during the delay period were those that

showed a transient increase in activity aligned to the same event (Figure 2.15).

Experiments combining simultaneous single-cell resolution calcium imaging and

targeted optogenetic manipulation (Emiliani et al., 2015) could, in principle, dis-

sect the role of these two populations in proactively supporting a tempting action

and general movement, respectively.

Seemingly at odds with the interpretation that this latter population of iM-

SNs supported inhibition of other actions during movement, iMSNs optogenetic

silencing did not impact the trajectory (Figure 2.3) nor the time mice took to

report their choice at one of the side ports (Figure 2.19). From a technical point

of view, it could be the case that our optogenetic inhibition protocol missed the

period during which activity of this population was critical for the performance

of the movement. Alternatively, it could also suggest a certain degree of primacy

of the indirect pathway to suppress a prepotent action that must be eventually

released, and less so to inhibit other actions during the execution of movement.

Considering how small of an action-space animals are presented with in our task

(e.g., "go left" or "go right"), it might result in overt actions that carry a large

salience (i.e., ballistic). Interestingly enough, the e�ect of optogenetically si-

lencing DLS iMSNs was the greatest during periods where the action was more
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certain (i.e., easy intervals, Figure 2.20), suggesting that action suppression was

indeed more important during periods where the drive to act was the greatest,

which, intuitively, supports the idea that, in our task, a suppressive mechanism

to prevent an action from being prematurely deployed takes precedence over a

mechanism that simply increases the signal-to-noise when the same action is now

being executed. If the hypothetical action promoting signal is inherently strong,

disinhibition of other actions might turn out to be inconsequential. Di�erent

paradigms that systematically vary this salience parameter could present an op-

portunity to explicitly test this hypothesis.

The suppressive role of basal ganglia indirect pathway circuitry has been

largely neglected especially when considering computational models of the BG.

A meta-analysis of several such models (Helie et al., 2013) reported that while all

considered instances included a direct pathway responsible for allowing actions to

be expressed, only 7 out of 19 model instantiations included an indirect pathway

explicitly. Given the obvious de�cit in executive inhibitory control, be it motor

or otherwise cognitive, that is often associated with BG lesions, the study of such

a core hallmark of BG function must be prioritized. Unfortunately, the study of

such a mechanism is often not trivial from a behavioral standpoint and carefully

designed paradigms must be employed (Gomez-Marin et al., 2014; Krakauer et

al., 2017; Niv, 2021) to isolate this process. Moving forward, if one of the main

goals of systems and computational neuroscience is to understand cognition, I

would argue that action suppression presents an obvious access point into what

I would consider a cognitive process, since this inhibitory form of control must

very often be covertly and internally generated, instead of being readily available

from the immediate sensory vicinity of the animal.

3.3.3 Learning with two pathways

Adaptive behavior control must not only rely on hardwired and in�exible stimuli-

response associations but instead must be able to dynamically learn what is the

best action to perform in a particular context: a policy. Hence, any theory that

then proposes BG as a potential neuronal substrate for action selection must also

be able to layout how can BG learn said policies. In light of such a need, and
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honoring the physiological knowledge of BG circuits, how might the suppressive

dynamics observed in DLS during our task arise?

It has long been appreciated that dopamine can opposingly modulate the ac-

tivity and plasticity of the two largest classes of medium spiny neurons. Specif-

ically, increases and decreases in dopamine levels excite and induce long-term

potentiation in dMSNs and iMSNs, respectively. Such physiological �ndings led

to the idea dMSNs learn from events, and actions, that led to a better than ex-

pected outcome (positive reward prediction error, δ > 0), while iMSNs appear

to learn from worse-than-expected outcomes (negative reward prediction error,

δ < 0). This dichotomy can explain how the dynamics observed in our data arise

and, more generally, how the indirect pathway circuitry might support adaptive

action suppression (Collins & Frank, 2014; K. N. Gurney et al., 2015).

In our task, breaking �xation inevitably leads to a worse-than-expected out-

come since animals will not be able to collect reward in that particular trial.

Therefore, a premature response should always result in a negative RPE and a

corresponding dip in dopamine levels. Such a dip might strengthen the synaptic

weight between incoming contextual input (e.g., time since �rst tone and/or ac-

tion performed) and the corresponding indirect pathway medium spiny neurons.

What would this mean for a behavior control policy? Taking into consideration

the overall inhibitory in�uence the indirect pathway has on the output of BG,

such a synaptic strengthening might result in a lower probability of performing

the same action in the future and thus reducing the probability of breaking �x-

ation in a subsequent trial. More generally, by combining the ability to both

negatively modulate the probability of performing an action and learning from

negative prediction errors, the indirect pathway is able to e�ectively guide be-

havior away from performing actions that resulted in poor outcomes in the past.

Similarly, positing that the direct pathway learns from actions that led to a pos-

itive RPE in the past makes apparent how, during a period where moving never

leads to reward, activity in the direct pathway is relatively lower.
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3.3.4 Why two pathways?

Despite the elegance of such a conceptual framework, asymmetric learning in the

two pathways has seen relatively few explicit implementations when modeling the

dynamics of direct and indirect pathway medium spiny neuron responses, as well

as behavior (but see Collins & Frank (2014); Delevich et al. (2020)). A poten-

tial reason for this seeming lack of interest is the apparent redundancy of having

a recti�ed system that learns asymmetrically from positive and negative RPEs.

Ultimately, the local policies derived from each of the two pathways must be com-

bined - e.g., summed - in order to generate a global behavior policy. Meanwhile,

a simpler system endowed with a single pathway, able to bidirectionally regulate

action probability and sensitive to the whole RPE range could, in principle, per-

form identically. The obvious question is then why?, why would the vertebrate

brain converge to this two-pathway solution (Stephenson-Jones et al., 2011)?

Evolutionary constraints Let's begin with the usual culprit. As it was men-

tioned at the start of this chapter, circuits, and the computations that result

from its organization, are not shaped by an intelligent designer, instead,

evolution modi�es, recycles and duplicates existing solutions that lead to a

higher hill in some �tness landscape (Cisek, 2019). Therefore, while it is

possible that an all-knowing engineer would come up with di�erent, perhaps

even superior, solutions for the problem of action selection in the vertebrate

brain, splitting the control of BG output in two pathways was perhaps the

readily found local maximum solution available throughout the evolution-

ary process. Why would this be a local optimum solution? One idea is

that, similarly to one of the arguments given for the sparse coding found in

the cortex (Simoncelli & Olshausen, 2001; Laughlin, 2001), having neurons

that are generally silent, as is the case for striatal medium spiny neurons

(Steiner & Tseng, 2016), might be energetically e�cient. Conversely, if a

single population was to control the output of BG, a higher baseline �ring

rate would probably be necessary in order to allow for bidirectional mod-

ulation. Moreover, early vertebrates had access to a very limited behavior

repertoire, namely approaching and avoidance behaviors. It is possible that

early instantiations of the direct and indirect pathway simply regulated the
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interaction between these two behaviors (e.g., promoting one and simulta-

neously inhibiting the other) and were later scaled to arbitrate between a

greater number of actions.

Planning Another possible advantage introduced in Chapter 1 is the ability to

plan. One of the most prevalent and useful skills animals have at their dis-

posal is the ability to predict or anticipate future events based on previous

experience (Gallistel, 1990). This ability a�ords animals time to prepare

and pre-load a speci�c response to be expressed in a near future. A classic

example of this kind of behavior is the systematic relationship between re-

action times and hazard rate, or the probability of an event occurring given

that it has not occurred yet, wherein animals display increasingly shorter

reaction times for high likelihood events (Niemi & Näätänen, 1981; Mauk &

Buonomano, 2004; Janssen & Shadlen, 2005), a phenomenon we were also

able to observe in our task in both the hazard rate of broken �xations as a

function of time (Figure 2.8) and in reaction times for completed trials as a

function of interval presented (Figure 3.1). In other words, when provided

with temporal information regarding the performance of an upcoming re-

sponse, animals can, and will, leverage such information to prepare their

movement. As it was stated before, this faculty allows animals to react

much faster than they would otherwise and thus presents an obvious evo-

lutionary advantage, especially in an ethologically relevant setting. Thus,

having two pathways exerting distinct in�uence on the BG output might

allow agents to simultaneously promote/select a future motor plan yet keep

it "in check" until the time is ripe to deploy it. Moreover, if this suppressive

signal shows some degree of action speci�city, as we report in Chapter 2

when considering the unilateral inhibition and photometric recordings from

the DLS indirect pathway, it could further be used to keep a speci�c action

in check instead of simply increasing some sort of action threshold that

might otherwise compromise other types of ongoing motor and cognitive

function.

Modulate attitudes Encoding the value of good and bad options asymmetri-

cally could potentially be leveraged to quickly modify a policy for behavior
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Figure 3.1. Mean of single animal median reaction times, as a function of pre-
sented interval, for a subset of animals used in the �ber photometry experiments.
Bars represent mean and s.e.m.

control depending on, for example, the current motivational state of the

animal. For instance, by increasing the relative gain of one pathway versus

the other, one could adjust how much an agent should weigh bad versus

good actions (Collins & Frank, 2014). Such a computation might be espe-

cially important in situations where an agent is not only paying attention

to the long-term reward maximization but also to its safety (Garcia & Fer-

nandez, 2015), or in situations where the agent must regulate exploring

versus exploiting the current environment. Furthermore, since dopamine

can not only support learning but also alter the relative excitability of

direct and indirect pathways, one might conjecture that this neuromodula-

tory system could be able to implement such regulation of policy attitude.

Indeed, while there is little doubt that dopamine encodes an RPE (Mon-

tague et al., 1996; Lau et al., 2017; H. R. Kim et al., 2020), the result

of this computation could be leveraged to guide behavior in more ways

than to just update the value of contexts and actions (Niv et al., 2007).

It is thus not surprising that manipulation of the dopaminergic system,

has been reported to alter risk attitudes (Tobler et al., 2007; Burke et al.,

2018; Voon et al., 2011; Clark & Dagher, 2014; Beeler et al., 2010) and to

regulate the explore-exploit decision-making process (Cinotti et al., 2019;

Humphries et al., 2012; Chakroun et al., 2020; Beeler, 2012), even when

accounting for potentially confounding learning e�ects(Beeler et al., 2010;
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Tai et al., 2012). Unfortunately, the study of the impact dopamine has

on risk attitudes might be further complicated by the observation that of-

ten, dopamine manipulations give rise to "U-shaped" e�ects (Beeler et al.,

2010). Additional experiments will be needed to verify the exact nature

of this interaction. Moreover, while dopamine presents itself as an obvious

candidate to regulate the overall excitability of the two pathways, other

neuromodulators, such as serotonin, could similarly regulate this process

(Long et al., 2009; Rogers, 2011). Finally, it is unclear how this computa-

tion can be leveraged to further optimize adaptive behavior. Future e�orts,

especially theoretical, will likely provide critical insight into this question.

Mediation of parallel control modules Lastly, as it was brought up in the

general introduction, the ability to promote and suppress might have arisen

to meet the need to arbitrate among multiple parallel behavior controllers

that seek partially incompatible access to actuators. Brie�y, once paral-

lel controllers are endowed with independent and unique representations of

the world, local policies resulting from such unique views of the environ-

ment will likely be in con�ict. Whether such an interaction is recurrent,

hierarchical, or, most probably, something in between (e.g., heterarchical),

the ability to suppress, in addition to promote, seems critical in order to

generate the best adaptive behavioral policy.

3.4 On the state and action spaces

Making choices in an adaptive way requires integrating multiple concurrent

sources of information. These include limbic, cognitive and somatosensory

signals that are combined in order to construct a representation of the state and

action space of the world in which the biological agent inhabits. These are also

the representations on top of which the relative advantage of behaviors can be

learned, ultimately generating the behavior policy the biological agent follows.

Ironically, one of the largest gaps in our understanding of BG function is the

space in which context and actions are encoded.
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Given the sparse input that arrives at the striatum from several di�erent brain

areas (Hunnicutt et al., 2016) it is not surprising that one can �nd MSN neuronal

responses consistent with the representation of several di�erent features of the

environment and the animal. In CPu alone, a wealth of studies have observed

neuronal correlates of low-level parameters of movement (i.e., velocity, acceler-

ation, joint angle, and kinematics (Barbera et al., 2016; Markowitz et al., 2018;

Rueda-Orozco & Robbe, 2015; N. Kim et al., 2014; Jaeger et al., 1995)), sensory

information (Reig & Silberberg, 2014; Sippy et al., 2015) , actions or sequences

of actions (Jin & Costa, 2010; Sjöbom et al., 2020; Klaus et al., 2017; Markowitz

et al., 2018), timing-related (Mello et al., 2015; Gouvêa et al., 2015) and spatial

information (Hinman et al., 2019; van der Meer et al., 2010). Moreover, many of

these correlates also multiplex information about the behavior context animals

currently occupy. For example, neurons recorded from the caudate of primates

during saccades show that, in addition to �ring to movements, neuronal responses

are also correlated to reward expectancy (Kawagoe et al., 2004; Lau & Glimcher,

2007), motivation/vigor (Fobbs et al., 2020) and, attention (Herman et al., 2020).

In other words, consistent with the pivotal role BG plays in supporting learning,

the striatal neurons exhibit responses that are consistent with the coding of the

value of states and/or actions from which policies can be generated.

The abundance of distinct responses suggests that the striatum has access

to a very rich and expressive set of basis functions that can be leveraged to

represent the environment and actions. However, such variability also poses an

enormous challenge when generating experimentally testable hypotheses regard-

ing BG function. This problem justi�ably warrants its own thesis but, for now, let

us consider: how would one determine the tuning properties of a striatal neuron?

Paralleling the strategy used to map the receptive �elds in early visual cortical

areas (Hubel & Wiesel, 1962) one could, in theory, "sweep" across the state and

action spaces while recording from MSNs. As the reader might imagine this is

extremely di�cult, if not entirely impossible. Not only is the dimensionality of

this space vast, even before considering non-linear interactions between features,

but, contrary to early visual areas, several of the dimensions to be probed are

rarely under the explicit control of the experimenter (e.g., actions). Two, almost
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diametrically opposed, approaches have been adopted to tackle this problem. On

one hand, by designing paradigms that isolate speci�c computations, researchers

can parametrically probe the response of these neurons along some sub-dimension

of the full feature space (e.g., (Hikosaka et al., 2006, 2019; Lau & Glimcher, 2008;

Gouvêa et al., 2015)). At the other extreme, one could leverage unconstrained

behavior, followed by post-hoc detection of actions or syllables" (Klaus et al.,

2017; Markowitz et al., 2018), and proceed to look for its putative neuronal

correlates (Klaus et al., 2017). It is likely that this latter approach will be able

to span a larger space than the former, however, due to the lack of experimental

control, it becomes very di�cult to probe dimensions not easily extracted from

the low-level motor behavior features (e.g., motivational state, value, context,

etc), and it additionally rests on the assumption that any method to cluster

behavior will be somewhat related to the encoding space of MSNs.

What do these challenges mean for the interpretation of "action speci�city"

we argue is present in our results? While it is true that we can't ascertain the

granularity with which actions are encoded in medium spiny neurons in our task,

it is nevertheless clear that we observe some degree of action speci�city, namely

across hemispheres, in the lateralized activity dynamics and the asymmetrical

e�ects of unilateral optogenetics inhibition. Since DLS receives topographically

organized input from the cortex, which in turn collects asymmetrical somatosen-

sory information from the contralateral side of the body, it is probably fair to

assume that MSNs from a speci�c hemisphere are involved in actions that recruit

those same body parts and likely contain motor plans enriched in the contraver-

sive direction. Moreover, decades of experiments have shown that both electrical

and optogenetic activation of large striatal areas impacts contralateral actions

the most (Nakamura & Hikosaka, 2006; Tai et al., 2012; Kravitz et al., 2010;

Tecuapetla et al., 2014; J. Lee et al., 2020) and bulk activity in the striatum of a

given hemisphere is systematically larger - for both direct and indirect pathway

MSNs - during contraversive movements and stimuli (Cui et al., 2013; Tecuapetla

et al., 2014).

It should be noted that while this line of argumentation is defensible for

sensorimotor striatum, as one moves to areas enriched in more abstract state and
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action spaces it is likely that such representations will become progressively less

lateralized, or de�ned in a di�erent set of coordinates altogether.

How can we increase the resolution with which we look at action? Future ex-

periments that leverage high yield recording methods (single-cell calcium imaging

or high-density electrophysiological recordings) and larger, relatively experimen-

tally controlled, action spaces present a promising avenue. Meanwhile, AI in

general, and deep neuronal networks in particular, might hold some of the an-

swers. For instance, in Deep Q-Networks (DQN, (Mnih et al., 2015)), not unlike

the mammalian cortex, initial layers are able to represent the state of the world

through what is essentially a highly non-linear function approximator. Deeper

layers use these representations to learn the value of di�erent state-action pairs

(Qπ(st, at)), reminiscent of what medium spiny neurons in the striatum might be

learning. By training this network to perform tasks similar to those we employ

in the lab one could, in theory, use them as an in silico model for the cortico-BG

circuitry, for example, to �nd what kind of representations emerge in the network

after training. Critically, as opposed to in vivo experiments, one could feasibly

compute the full receptive �eld of any unit in the network by �nding the inputs

that maximize its activation (Yosinski et al., 2015). These methods could also

be used to simulate "causal" experiments by externally modulating the activity

of a speci�c sub-set of units and measuring the agent's behavior.

Whichever the path moving forward is, knowing the state and action space in

which BG operates is, in my view, key to understand BG function.

3.5 On the parallel basal ganglia architecture and

agent plurality

The basal ganglia are anatomically and functionally organized in largely inde-

pendent parallel circuits. As cover in Chapter 1, a wealth of data suggests that

each one of these loops honors the overall principles that govern BG anatomi-

cal and functional organization (DeLong, 1990) and might thus be implementing

a similar computation. Despite potentially applying an identical function, the
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inputs on which these BG circuits operate on are markedly distinct (Hunnicutt

et al., 2014, 2016; Foster et al., 2021). These assumptions seed the core idea

behind a multi-agent architecture of BG (Bornstein & Daw, 2011). From cortex

alone, an hierarchy of representations is known to exist. In rodents, posterior,

low-level, cortical areas carry somatosensory information about the immediate

state of the world, while anterior areas are able to generate more abstract, multi-

modal and temporal extended representations (Murray et al., 2014; Niv, 2019).

As a result, striatal recipient areas of these inputs will be endowed with di�erent

representations on top of which learning can occur, and will possibly represent

distinct behavior controllers with di�erent "views" and "opinions" on the world

(Bornstein & Daw, 2011; H. F. Kim & Hikosaka, 2015; Lau et al., 2017).

Several issues immediately arise when going from a single agent architecture

(SAA) to a multi-agent one (MAA): What makes each agent unique? How are

agents combined to generate a behavior policy? How do agents learn? Do agents

share information among themselves? In this section I will give a brief account

of my current view on these topics, how they relate to the model presented at

the end of Chapter 2, and how future experimental and conceptual approaches

might start to tackle some of these questions.

Apart from anatomical evidence, behavior and physiological data also seem

to support the view that BG sub-circuits might work in parallel. For instance, in

what is the classical textbook example, DLS has been shown to be necessary to

acquire stimulus-response behavior contingencies (Yin et al., 2006, 2004), while

DMS has been argued to support goal-directed learning (Shi�ett et al., 2010;

Balleine & O'Doherty, 2010; Yin et al., 2005). In early epochs of the learning

process, DMS is preferentially recruited and later, as behavior progresses to be-

come more habitual, DLS takes over (Goodman & Packard, 2016). Critically,

experimental and theoretical evidence suggest that this recruitment is not se-

quential and, instead, both sub-circuits learn and compete for control from the

get go (Brad�eld & Balleine, 2013; Daw et al., 2005b). For instance, in a recent

study, Bergstrom et al. (2018) show that, in a simple visual discrimination task,

silencing rodent DLS early in training leads to faster learning when compared

to control animals. If possessing multiple parallels controls leads, in some cases,
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to suboptimal performance, why would evolution select such a BG feature? A

common answer to this question involves considering that animals evolved to be

able to learn to solve a vast variety of "tasks" (Daw et al., 2005b). The variabil-

ity in the representations a�orded to each sub-module will likely give rise to a

continuous adequateness for each task, in which di�erent agents will converge to

di�erent solutions and/or at di�erent rates. Moreover, and closely related with

the roles assigned to DLS and DMS during learning, e�cient decision making

will likely involve picking actions at the appropriate scale of abstraction. For

example, early in learning, it might be advantageous to rely on previous models

of the world to guide decision, hence engaging more associative BG loops. As

learning progresses, a simpler association between stimulus and response might

turn out to be more resource or time e�cient, hence sensorimotor loops in the

DLS might take over.

Similarly, at the end of Chapter 2, a MAA model is presented to explain

the behavior in our task. The choice to model our results as a consequence of

a MAA rested on two key observations. Firstly, as was mentioned before, from

both physiological recordings and manipulation results, DLS seemed to be en-

gaged to suppress and, not to promote action. Secondly, when trying to model

our behavior with a SAA, endowed with a state-space representation containing

information about elapsed time and second tone, such an instantiation would

not produce broken �xations. Essentially, once the agent "knew" about the oc-

currence of the second tone, action values during the delay period would always

be low and, thus, no action would be produced. Given such an observation, we

added a second agent endowed with a slightly di�erent state-space representation,

one without access to second tone observations, able to generate the drive that

eventually gave rise to broken �xations. Subsequent experiments revealed that,

consistent with model predictions, DMS seems to be part of the circuit that im-

plemented this second agent, responsible for carrying the drive to act throughout

the delay period.

It is important to keep in mind that, while we were able to model the ex-

perimental results with the herein proposed state-space, other representations

might be similarly successful. Namely, representations that give rise to a sort
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of predictive policy might likewise end up generating premature behavior in our

task. A possible general alternative going forward, is to model the non-DLS

agent by integrating other known RL algorithms shown to generate a predictive-

like state-space representation, such as Successor Representation (Dayan, 1993b;

Stachenfeld et al., 2017). Meanwhile, con�rming that a biological agent, and

BG in particular, is indeed leveraging a speci�c state-space representation is a

challenging endeavor. Nevertheless, a promising avenue would be to record the

RPE, encoded in the dopaminergic input arriving at the striatum, and use it to

constrain the space of possible, compatible, models (Motiwala et al., 2020).

Finally I would like to brie�y touch upon the nature of the interaction between

parallel agents. This is a broad and active topic of research (J. M. Smith, 1979;

Prescott et al., 2006; Haruno & Kawato, 2006; Busoniu et al., 2008; Merel et al.,

2019), and, while its full overview is far from the scope of this dissertation, some

of its concepts are critical when trying to infer BG function in light of MAA.

In the herein proposed model, agents do not explicitly interact with one an-

other. Instead, they become aware of each other's policy by interacting through

behavior. For example, even though the non-DLS agent's policy pushes for an

action during the delay period (i.e., before the second tone), the DLS agent learns

to suppress this policy by increasing the corresponding action values of the in-

direct pathway. Critically, the DLS agent is only informed of what action the

general agent took (in this case, breaking �xation towards one of the sides) and

the resulting, negative, RPE. Similarly to the state-space representation covered

in the previous paragraph, it is likely that other forms of interaction between

these two agents would yield similar behavior. However, with few exceptions,

BG sub-modules are largely independent, hence a strong candidate substrate to

support between agents communication seems lacking.

Nevertheless, other authors have pointed out how the few exceptions to the

general anatomical segregation motif could actually allow for communication be-

tween sub-modules. One way this communication could take place is through

cortical interactions that, given the reentrant nature of the circuit, might relay

information across distinct BG loops (H. F. Kim & Hikosaka, 2015). Alterna-
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tively, supported on evidence that RPEs made by limbic (VS) and associative

(DMS) circuits are propagated to sensorimotor striatal circuits (DLS), some au-

thors argue that some areas of the striatum can learn from errors provided from

other loops (Haber et al., 2000; Haruno & Kawato, 2006). Finally, a recent study

has also identi�ed open-loop motifs in the BG circuitry. In Aoki et al. (2019), au-

thors describe, in addition to the canonical sensorimotor loop, a second functional

connection between ventral striatum and primary motor cortex. Future anatom-

ical and physiological experiments will be critical to determine whether, and to

what extent, communication between BG loops takes place and its functional

relevance for adaptive behavior.

Stepping back, and abstracting from the precise details of the potential MAA

implementation in BG, it might be interesting to consider in what ways such an

architecture could be exploited to generate behavior1. Considering the aforemen-

tioned hierarchy of cortical representations, having di�erent sub-modules might

allow agents to learn independently and in a modular way. For instance, while the

goal of a given sub-system might be to "make dinner", other lower-level systems

might operate on simpler instructions such as "grab a knife" or even "activate

muscle X". Accordingly, by using "local" errors instead of global ones, sub-agents

can learn more e�ciently. Meanwhile, since more abstract agents will likely have

access to invariant context representations, their policies can be readily recycled

across tasks. Additionally, such architectures are often easily scalable (and thus

perhaps more likely to be selected by evolution) and also fault tolerant, in that

removing one of the sub-modules will not lead to catastrophic failure (Kugler et

al., 1990). Indeed, other RL algorithms, such as the options framework (Asada et

al., 1996; Sutton et al., 1999), have sought to leverage this potential hierarchical

nature of action planning.

For the sake of brevity much will be left to say about the exciting possi-

bility that MAA represent yet another functional principle of BG organization.

However, I'd like to �nish this section by brie�y considering how the �eld might

proceed to study MAAs in the mammalian brain. For the �rst time since the

dawn of Neuroscience, we are able to record from thousands of neurons simulta-

1Some of these ideas have been exquisitely well summarized in Merel et al. (2019)
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neously (Steinmetz et al., 2019; Stringer et al., 2019) yet, when recording from all

these neurons it is often the case that sensory, choice, and reward event responses

are correlated across distant brain areas (Steinmetz et al., 2019). While it is cer-

tainly possible that all these variables are distributively coded and computed in

the brain, it is also important to consider that the vast majority of paradigms

we employ experimentally are relatively low dimensional when compared to the

vast array of demands animals evolved to face in the wild. As a result, I would

argue that a good place to start when studying MAA is behavior. In order to

force decorrelations across agents, be it in state/action-space or in the policy,

the behavior must be complex enough in order to allow for distinct agents to

develop potentially di�erent views and opinions of the world (Gomez-Marin et

al., 2014; Krakauer et al., 2017; Lau et al., 2017). Walking down this path will

probably be a hard and painstaking endeavor, and one that will likely involve

not only relying on one paradigm but actually exposing animals to a multitude

of di�erent behavioral demands.

3.6 Outlook

Despite decades of accumulated knowledge on BG anatomy and physiology, a

clear mechanistic understanding of its function is still lacking. One major point

of debate, that we try to address in the work presented in this thesis, is whether

or not the two major feedforward circuits of the BG, the direct and indirect

pathways, functionally oppose each other during behavior. While we reproduced

previous �ndings of co-activation during movement we also found that, consis-

tent with classical models of BG function (Mink, 1996), during a period of action

suppression one can observe signs of functional opponency between the two path-

ways in sensorimotor striatum. Moreover, we found that the indirect pathway is

engaged during a period wherein animals must actively inhibit the urge to per-

form a tempting action. These �ndings add evidence towards a more complete

understanding of BG function, and open exciting future research avenues.

Considering BG involvement in pathologies characterized by lack of inhibitory

control (Penney & Young, 1983; Mink & Thach, 1993; Nigg, 2001; Qiu et al.,
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2009), not only in the motor (e.g., Huntington's disease) but also on more cogni-

tive domains (e.g., ADHD and OCD), it will be interesting to test whether the

results we found in DLS translate to other striatal areas. For example, are per-

sistent and intrusive thoughts, prevalent in many of these disorders, the outcome

of a relatively lower indirect pathway activity in associative, or limbic, circuits?

Such a research program is not only critical for the fundamental understanding

of BG function, but also for developing new, and more e�ective, strategies for

the treatment of patients ailed with these conditions.

One of the most exciting topics for future research, that is highlighted at the

end of this thesis, is the multi-agent framework as a model for BG function. This

framework is widespread in arti�cial intelligence (AI) and robotics where it found

a large degree of success in problems requiring the control of autonomous agents

Bu³oniu et al. (2010); Knoblock (1990); Mussa-Ivaldi & Bizzi (2000); Todorov et

al. (2005). However, it has received comparatively little attention in the neuro-

science �eld, especially when modeling circuit function. I believe that much is

to be gained from applying this framework to the brain. Firstly, both animals

and arti�cial agents must solve similar problems in order to behave adaptively in

their respective environments (Neftci & Averbeck, 2019). It should then stand to

reason that solutions to AI problems might be useful to gain mechanistic insight

and understanding of BG circuit function and vice-versa. Secondly, similarly to

many MAAs found in arti�cial agents, brains are also hierarchically organized

(Merel et al., 2019). While some circuits seem to specialize on shallow, sensory-

motor processing common to many animal species, others produce abstractions

that are increasingly deeper, complex, invariant and displaying a higher degree

of temporal extendedness. Indeed, many of the abilities we hold to be speci�c to

humans, might as well have arisen from progressively deeper and deeper layers

of abstraction. Consistent with this idea, one of the main anatomical di�erences

between primates (especially Humans) and other species is the large expansion

of frontal cortical areas and, similarly, correspondingly added BG loops, where

such deeper representations have been found before (Passingham, 1973; Deacon,

1998; Cisek, 2019). Lastly, if the past is any good predictor of the future, much
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is to be gained from cross-pollination between AI and neuroscience in general,

and BG research in particular (Montague et al., 1996).

Many questions will likely remain unanswered for decades to come regarding

BG function. Given its critical involvement in normal motor behavior and cog-

nition, its understanding will undoubtedly be crucial to infer overall vertebrate

brain function. I, for one, cannot wait to see what the future holds.
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