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Abstract

We recognize that the world has structure, and take advantage of that to be
prepared to act given what we have done previously in similar situations and the
outcomes of those actions. By interacting with our world, we learn that in different
contexts some actions are more adaptive than others. Thus, once we recognize the
situation that we are in at a given time, we can have some action prepared, a default
plan. The cortico-basal ganglia-thalamo-cortical loop (CBGTC) is thought to be
in charge of the recognition of context, and controlling the expression of behaviors
depending on their expected outcomes, v.g. the amount of vigor to exert in the
execution; and dysregulation of their function are associated with neurological and
psychiatric disorders. Critically, given the circuit connectivity, the output of the basal
ganglia (BG), the subtantia nigra pars reticulata (SNr), is the most direct way that
BG reinforcement-learning like algorithm can use to communicate with cortex, via this
region inhibitory projections to the motor thalamus (MTh). However, little is known
about the population level computations of these regions in the process of preparation
of orienting movements for different reinforcers.

We developed a behavioral assay that enables rats to demonstrate their compre-
hension of their environment by adjusting the intensity of their actions. This assay
also requires them to update their default strategies and enhance their understanding
of the context. In a cohort of animals, we monitored signals from the primary output
of the basal ganglia (BG) and the motor thalamus (MTh) while they engaged in this
task. Our observations revealed signals related to their understanding of various task
dimensions during key behavioral events. Additionally, we observed differences in the
stability of these signals, indicating specific roles for these regions during relevant
periods, aligning with their anatomical locations and projection patterns within the
CBGTC.

Our findings contribute significantly to our understanding of the roles of the SNr
and the MTh in behavioral control and motor preparation. Further exploration of our
task and results promises a deeper and broader comprehension of the CBGTC, which
could eventually lead to targeted interventions benefiting patients with neurological
or psychiatric conditions linked to dysregulation of the activity in these brain regions.
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Título e resumo
Sinais de expectativa dependentes do contexto no

comportamento e no cérebro
Reconhecemos que o mundo tem estrutura e aproveitamos isso para estarmos prepara-
dos para agir, tendo em conta o que fizemos anteriormente em situações semelhantes
e os resultados dessas ações. Ao interagir com o nosso mundo, aprendemos que em
diferentes contextos algumas ações são mais adaptativas do que outras. Assim, uma
vez que reconhecemos a situação em que nos encontramos num determinado mo-
mento, podemos ter alguma ação preparada, uma estratégia padrão. Acredita-se que
o loop córtico-gânglios basais-tálamo-cortical (CBGTC) seja responsável pelo reco-
nhecimento do contexto e pelo controle da expressão de comportamentos dependendo
de seus resultados esperados, v.g. a quantidade de vigor a exercer na execução; e a
desregulação da sua função estão associadas a distúrbios neurológicos e psiquiátricos.
Criticamente, dada a conectividade do circuito, a saída dos gânglios da base (BG),
a substantia nigra pars reticulata (SNr), é a maneira mais direta que o algoritmo de
aprendizagem por reforço BG pode usar para se comunicar com o córtex, através
desta região, projeções inibitórias para o tálamo motor (MTh). Porém, pouco se sabe
sobre os cálculos do nível populacional dessas regiões no processo de preparação de
movimentos de orientação para diferentes reforçadores.

Desenvolvemos um ensaio comportamental que permite aos ratos demonstrar a
sua compreensão do seu ambiente, ajustando a intensidade das suas ações. Este ensaio
também exige que atualizem as suas estratégias padrão e melhorem a sua compreensão
do contexto. Em uma coorte de animais, monitoramos sinais da saída primária dos
gânglios da base (BG) e do tálamo motor (MTh) enquanto eles realizavam essa tarefa.
Nossas observações revelaram sinais relacionados à compreensão de várias dimensões
da tarefa durante eventos comportamentais importantes. Além disso, observamos
diferenças na estabilidade desses sinais, indicando papéis específicos para essas regiões
durante períodos relevantes, alinhando-se com suas localizações anatômicas e padrões
de projeção dentro da alça córtico-basal gânglios-tálamo-cortical CBGTC

Os nossos resultados contribuem significativamente para a nossa compreensão
dos papéis da SNr e do MTh no controle comportamental e na preparação motora.
Uma exploração mais aprofundada da nossa tarefa e dos resultados promete uma
compreensão mais profunda e mais ampla do CBGTC, o que poderia eventualmente
levar a intervenções direcionadas que beneficiam pacientes com condições neurológicas
ou psiquiátricas ligadas à desregulação da atividade nestas regiões cerebrais.
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Chapter 1
Introduction

He said: “It’s all in your head”; and
I said: “So’s everything”, but he
didn’t get it.

Paperbag,
Fiona Apple

1.1 General introduction

We say that we are in a particular context when we understand that the current
state of the world shares similarities with others that we have experienced, and these
imply something about what we ought to do. Understanding that similar configura-
tions of the world can imply that different sets of actions can be more beneficial, allows
us to be prepared to respond in the most advantageous manner. In a world where we
are driven to act, having a way to bias some actions given our previous experiences
allows us to get the most of novel situations. Taking this into account, our working
definition of context will be the set of underlying circumstances that gives meaning
to particular action-outcomes mappings. In this sense, for the subjects in our task,
where there are discrete actions, in the sense of motor target goals, in each context,
only one action will be the most rewarding. We set sails to find if animals learn to use
this information to guide their behavior, and what are the neural correlates of this
in two key regions in the circuitry relevant for the processing and communication of
these signals.

During this introductory chapter, we define the core ideas that will appear
throughout the dissertation. In section 1.2 we describe how animals engage with
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environment through actions, with focus on behavioral assays and our interpretation
of their roles in the problem. Section 1.3 introduces the brain mechanism associated
to behavioral control, in general the cortico-basal ganglia-thalamo-cortical (CBGTC)
loop, and in particular the roles of basal ganglia (BG) and motor thalamus (MTh).
Later, in section 1.4 we introduce context-guided behavioral control, and describe the
task that inspires the present work. Finally, in section 1.5 we conclude by stating the
objectives of our research, presenting the question that guide the design of our study,
and the laid down the set of hypothesis to be tested in the following chapters.

1.2 Acting in an environment

To interact with the world, animals are endowed with an abundance of sensory
systems to receive and integrate perturbations in their external and internal environ-
ments, making meaningful-for-themselves relations that allow them to use the effectors
which their evolutionary niche has endowed them with to pursue their objectives (von
Uexküll and von Uexküll, 2010). Their objectives can be as simple as survival and
maintenance of homeostatic equilibrium, or complicated as completing the necessary
work to present and defend a doctoral dissertation or writing a scientific article; as
they can carry significant barriers to be surpassed, and the latter has proven that some
barriers can be found across many cultural backgrounds (Upper, 1974; Didden et al.,
2007). One way to think about objectives, is to consider them as the teleological cause
for actions, where the expected outcome associated to them, the reinforcer, calls for
their approach or avoidance, by their value to the organism (Aarts and Elliot, 2012,
Chap. 1). The call they make is what will drive the animals to them. These calls for
actions can be responded to in different ways, either in an automatic and unreflective
manner or with crafted and organized control. These distinctive types of action control
are called habitual or goal-directed, respectively. On the one hand, habitual responses
are simple, almost stereotypical behaviors, which after an external or internal signal
are executed swiftly. On the other, goal-directed behaviors, require to consider the
environment and situation at hand, planning a suitable response and their execution.
In well-know situations, animals resort to habitual behaviors, as these require a lower
metabolic cost. But, if a new situation or a large enough perturbation arises, they will
evaluate other means to regain a sense of coupling with their environment1. Taking
into account their knowledge about the environment, the available actions and how
they relate to their goals, i.e., by performing goal-directed actions. But, before being
able to take actions, an agent needs to be aware of their environment, getting to know

2



the physical surroundings and the available and adaptive actions that are in their
disposal.

1.2.1 Learning about what is out there

If we think of a naïve and satiated animal, presented in a new, non-threatening
environment. At first, the animals will explore their surroundings until he has ac-
knowledged and gained enough information about it to stay minding his own animal
business. An example of this kind of coupling is the novel-object recognition task
(presented in Ennaceur and Delacour (1988), depicted in Fig. 1.1). This is a one-shot
learning task, where a rat is situated in a box with a number of sample objects for a
period of time; after this, they are removed from the enclosure, and one of the objects
is changed by a new one; finally, the animal is again moved inside the enclosure. In
this task, the variable to be read from behavior is the time the animal spend inter-
acting or exploring the different objects. In the first exposure, animals explore all
objects about the same amount of time, but after one of them is changed, they are
more likely to explore the novel one far longer than those that did not vary. This
type of task has been used to explore the development of recognition memory in rats
(Reger et al., 2009), and study the roles of different brain regions and neuromodula-
tors in these process (Orofino et al., 1999; Alvarez and a Alvarez, 2008; Osorio-Gómez
et al., 2022; Okada et al., 2022). We are driven by our interest in understanding the
relationship between animals and their objectives, and how these goals drive their
behavioral interaction with environments. But, in this task there is no primary rein-
forcer, no need to be satisfied, nor danger to be avoided. Nonetheless, animals have
a propensity for exploration, and are generally curious (Berlyne, 1955), and acquiring
information is valuable for them (Ajuwon et al., 2022). During the first interaction
with the environment, animals will explore to gain some insights about it; after they
have acknowledged what the state of this environment is, they will not need to spend
more time conflicting about what is affordable to be done in this place. In the second
exposure, when presented with a perturbed known environment, they will first explore
the novel element, to gain insight about it. But, as the previously known does not
inform, nor give anything new, it can be disregarded. At first, there is an exploration
to understand the environment; later, as part of it has changed, they explore again,
but the unchanged elements are non-relevant, they give no new information, the “what

1The concept of environmental coupling is to be thought in the sense of Maturana and Varela’s
structural coupling (Maturana and Varela, 1980), they present the idea that in the constant interaction
between organism and environment, environmental perturbations present a challenge for the former,
to which she has to adapt to secure her conservation.
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can be done with them?” is solved. In this simple case, we can pose that the animal
has first made an understanding of their environment, formed a representation of it.
And, after an update on this environment, the animal explores it again to receive new
information and becomes knowledgeable about it. There is value in being aware of
the surroundings.

65 cm

A A

45 cm

65 cm

A B

T1 T2

45 cm(...)

Figure 1.1: Graphical depiction of the novel-object recognition task. Diagram
depicting the relevant manipulation for the task, where at first an animal is situated in an
enclosure with two similar objects, T1 left panel. After a delay, one of the objects is changed,
T2 right panel. The difference in time spent exploring the novel object is used as a proxy for
the novelty the animal assigns to this new element. Adapted from Ennaceur and Delacour
(1988).

If we were to expose naïve rats to a compromised external world, they will look
for ways to solve the matter at hand. And, if the perturbation is consistently solv-
able in a particular manner, they will resort to this solution in new exposures. An
example of external world perturbations that induces discomfort and has a consistent
solution for the rat, is the Morris water maze (Morris, 2008; Nunez, 2008; Othman
et al., 2022). In this task, animals are located in a circular pool with opaque water
covering a submerged platform. After being introduced in the pool, the rat will swim
around randomly, and eventually find the location of the submerged platform. After
some number of repetitions, for any new entry location, the animal will quickly go to-
wards the platform. This type of assay and other similar types of mazes, have proven
tremendously helpful to study a broad range of behavioral phenomena and their neu-
ral correlates, from spatial navigation and memory formation (Brandeis et al., 1989;
Nakagawa et al., 1995; de Bruin et al., 1997; Callaway et al., 2012). These assay
induces discomfort, as the animal is required to keep swimming to be safe, once he
has reached the submerged platform, he can regain a sense of safety and evaluate how
this was achieved. By doing so, in case of a new encounter with this situation, he will
be able to solve it quickly. Thus, their behavior is at first exploratory and later more
stereotypical, moving from goal-directed to habitual; first being exploratory, and after
a solution is found, requiring the use of external or internal cues to reach the plat-
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form, but after enough repetitions, the “how to get there?” problem is easily solved.
Animals can also learn how to use their environment to their advantage.

1.2.2 Learning what to do

We can continue now with examples where animals are in a perturbed internal
world, in an environment that has elements that would allow solving these issues.
In this case, animals will first engage in explorations of their surroundings, and the
available actions. After finding a solution that reaches the objective, or achieves re-
coupling of the agent and their environment, in future exposures they will spring to
resort to this same solution. One collection of early experimental evidence of these
kinds of situations, are the experiments of Edward Thorndike with animals inside
wooden boxes (Thorndike (1898); Chance (1999), Fig. 1.2, left panel). In them,
food-deprived cats are situated in a wood box inside a room from which they can
not escape. One of the box walls has a guillotine door that can be opened from the
inside if a particular action is performed. On the outside of the box lays a plate
of food, enticing the food-deprived feline. During the first exposure, the cat will
notice that there is no easy way out, and explore different calls and movements within
the enclosure. Eventually, the cat will inadvertently perform the appropriate action,
releasing himself from the box, and allowing them to reach the food, to later be put
inside the enclave once again. Over repeated exposures, the time that animals take
to leave the box shortens. Also, the complexity of the actions required for them to be
released correlates with the time it takes them to solve the problem, and how many
iterations it takes them to reliably solve it quickly. Coming back to the distinction
between habitual and goal-directed behaviors, we can interpret that the cats in this
example, after finding by chance the solution, are resorting to their understanding of
their environment rules to solve the task; some might say that they are evaluating
hypothesis about what happened and testing them. Later, as they have become used
to the relation, they just produce the required behavior when needed. They have
understood that in this situation, this singular action is sufficient and necessary to
achieve their objective. In short, some environments require particular actions to be
taken to achieve a goal.

The development of behavioral manipulations and assays by B.F. Skinner led to
a new wave of studies in instrumental learning. The operant conditioning chamber,
also called Skinner box (Fig. 1.2 right panel), allowed training animals to make new
seemingly arbitrary mappings between stimuli, actions, and outcomes. A controllable
box with a lever, a speaker, and some form of reinforcer dispenser, could be used to
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box K typical experimental box

Figure 1.2: Diagrams of apparatuses pioneering the study of animal learning. The
figure shows the vectorized versions of the original diagrams given by E. Thorndike (Thorndike,
1898, pg. 8) and B.F. Skinner (Skinner, 1938, pg. 49), left and right panels respectively. These
kinds of apparatuses represent a foundation for the field of experimental psychology and animal
learning, as they allowed the development of assays that could impose arbitrary mappings
between behavior and outcomes.

investigate how adaptive behaviors are learned (Skinner, 1938). Also, these assays
have work as proxy to study the development of maladaptive behavioral traits, such
as substances or behavioral addictions (Thompson, 1968; Foddy, 2016; Bouton, 2021).
Key insights gained from this new methods, include, amongst others, the relevancy of
the reinforcement schedule habits development, and how to chain groups of behavior
into a more complex one (Staddon and Cerutti, 2003).

1.2.3 Being prepared

In these examples, we have only focused on the production and expression of the
behaviors. As noted earlier, a relevant part of how context can affect behavioral con-
trol is by means of anticipation, biasing or preparing an action given prior experience
in the situation. These anticipatory or preparatory processes have been considered
one of the most relevant features in behavioral control (Butz et al., 2008; Frese and
Sabini, 2021). Brain activity signatures of preparation before acting are known to
exist in intentional, self-paced human actions (Kornhuber and Deecke, 1965; Libet
et al., 1983). Before the execution of an action, a number of regions in the brain are
engaged up to a second before the action is taken, and their activity allows to accu-
rately predict the timing of the action release (Schurger et al., 2021). If actions are
not self-paced, but are required to be executed after the presentation of an imperative
stimulus (or go-cue), we gain access to the psycho-physiological processes underlying
this preparatory process. With these type of assays it has been shown how a warning
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signals presented before the imperative stimulus, can facilitate the response, observed
as decreases in reaction times (RT) (Bertelson, 1967; Nickerson et al., 1969; Hackley,
2009). The underlying process of this facilitation seems to be more related to response-
preparation activity, than to a sensory or perceptual process (Henderson and Dittrich,
1998; Rudell and Hu, 2001). This response preparation seems to be affected by aging
(Hardwick et al., 2022), and rewards are known to affect the readiness with which
action would be taken (Milstein and Dorris, 2007; Shadmehr et al., 2019). One way in
which rewards could impact these preparatory process is by means of the premature
engagement of relevant regions needed to the execution of the action. For example,
increasing corticospinal excitability (Klein et al., 2012; Bundt et al., 2016), and circuit
levels cortical activity (Iigaya et al., 2020). Rewards can also facilitate being prepared
by modifying the vigor to be exerted in an action. An everyday example is the time we
take to answer our mobile phones when we see a call from a loved one or an unknown
number. In the first case, we are eager to answer, to quickly get the rewarding sound
of their voices; whereas, in the second, we might ponder if it makes sense to answer,
or if it might just be another non-requested offer from some automated service. The
eagerness, or fast RT for the motivating call, requires the expenditure of more energy,
being more expensive for our body, we need to limit this kind of response for actions
that we expect to be rewarding. In behavioral psychology, this speeding or eager-
ness is an effect of vigor, a dimensionless quantity that defines the amount of effort
we are willing to impose in actions (Shadmehr, 2020). Actions that are expected to
be more rewarding are executed quicker (Steverson et al., 2019; Choi et al., 2014),
striatal dopamine levels are associated with the effort made in movements (Panigrahi
et al., 2015), and neurons in the nucleus accumbens correlate with movement param-
eters associated to vigor (Levcik et al., 2021). For the aforementioned reasons, these
motivating signals and their underlying causes, could allow animals to be prepared,
introducing purpose in their plans, that could facilitate the selection of some actions.
In sum, these anticipatory processes are a way of linking desirable states with a motor
plan, allowing to prepare an action given their expected consequences.

As a digest of what we have described up to this point: animals act in their envi-
ronments driven by their internal goals. During their interactions with their surround-
ings, animals learn to take adaptive actions, and in known and stable environments,
they are able to prepare actions that are expected to yield better outcomes.

To engage with the environment, thus perceive, act, and learn about how actions
relate to outcomes, evolution have endowed vertebrates with the complex and dynamic
system inside our head—the brain. The main circuit associated with the processes of
perception, action, and learning about outcomes is the cortical-basal ganglia-thalamo-
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cortical (CBGTC) loop. A collection of regions that have been shown to be relevant
for the acknowledgment, maintenance, and update of state representation and action-
outcomes mappings (Wang et al., 2021). In the next section, we focus on the different
components of this process and relate them to behavior preparation.

1.3 Neural basis of behavioral control

The cortical-basal ganglia-thalamo-cortical (CBGTC), is considered the relevant
circuit underlying the recognition of states of the world, and biasing the selection of
motor plans given previous experiences. The different levels of the circuit present
similar organizing principles that are conserved across the involved regions. In this
section we will give an overview of how these regions are relevant to guide context
dependent actions, with especial consideration to the basal ganglia (BG), and motor
thalamus (MTh); then, we look at relevant architectural constrains present in the
CBGTC loop and what they imply for the computations that they undergo. Finally,
we focus on the key nodes of interest within the circuit, as their location in the pipeline
makes them promising candidates to understand how information and computations
about context and outcomes expectations could be propagated from BG into cortex.

1.3.1 Structures in a loop

The cortex, BG, and thalamus are structures that form an interconnected circuit
in the brain, a—mostly—closed loop. This loop plays a critical role in action prepa-
ration, execution, and learning about adaptive behaviors. In general, the cortex is
responsible for integrating sensory information and higher-order processing, including
decision-making and planning. BG has generally been considered to act as a gate-
keeper, selecting and filtering the most appropriate action to execute, given previous
experiences. The thalamus has largely being though to serve as a relay station, relay-
ing information between the cortex and BG. Through this loop, the brain can learn
from experiences, adjust behavior based on feedback, and develop adaptive strate-
gies for achieving goals. Dysfunction in this loop has been implicated in a range of
neurological and psychiatric disorders, including Parkinson’s disease, addiction, and
obsessive-compulsive disorder. In this section, we are going to briefly describe the roles
of cortex, BG, and thalamus (figure 1.3 A), and how their interconnections facilitates
the internalization of environmental state, and using previous experiences to decide
action plans. Originally, the circuit was associated with motor control, given the con-
nectivity of the structure with motor controlling territories and historical evidence
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of pathologies of movement control (Fig. 1.3 B) (Alexander et al., 1986; Mink and
Thach, 1993). But, the intrinsic dopaminergic (DA) nuclei within BG also encodes
relevant signals related to value, reward expectation or salience (Wise and Bozarth,
1982; Schultz et al., 1993; Wise, 2009; Berridge, 2007). Including these signals in the
circuit made it richer (Fig. 1.3 C), as they allowed the selection, biasing, or gating
of actions given previously experienced results, and aggregates reward expectation
as a factor to these processes (Graybiel et al., 1994; Kimura, 1995; Graybiel, 1995).
There is a conserved hierarchical structure within the regions, with their connectivity
patterns, woven by a myriad of neuromodulators in the present-day synthesis of the
CBGTC (fig. 1.3 D). This makes this circuit a foremost candidate to be the central
nervous system network in charge of setting, maintaining and updating agent-centric
state representations, that allows to prepare and execute actions given previously ex-
perienced results (Foster et al., 2021; Wei and Wang, 2016; Sych et al., 2022). The
diagrams make clear that the shortest path that BG computations have to reach cor-
tex are the substantia nigra pars reticulata (SNr) and the internal segment of the
globus pallidus (GPi) projections into thalamic nuclei.

1.3.2 Brief anatomy of cortical territories

The perception of our environment requires the interactions of many level of our
central nervous system, and different cortical regions have been considered by large
the most relevant ones to sustain our awareness of them (Bennett and Hacker, 2012).
The external mantle of our cerebrum in his many folds and wrinkles is organized in
functional territories, where mainly three categories are generally considered: primary
sensory, higher-order sensory and associative regions (Kandel, 2013, Chap. V). In the
sensory regions, thalamic input from the sensory periphery is processed and integrated
hierarchically, where primary regions receive small portions of the stimulus and higher
order region are able to relate them into more abstract and general elements. At each
level of the cortical hierarchy, sensory information is organized in a parallel and struc-
tured manner. For example, the lateral geniculate nucleus of the thalamus, visual
thalamus, projects into the primary visual cortex, V1. And these projections are
organized in such a manner that neighboring receptive cells in the retina project to
neighboring cortical neurons, generating a retinotopic map of the receptive field in
V1 (Fig. 1.4 A). This structured organization is also present in the body map in
mammalian motor and somatosensory cortices (Fig. 1.4 B). This architecture implies
that, within cortical territories, there are relevant mappings for external/internal en-
vironmental elements running in parallel, at different granularity. Whilst, abstraction
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Figure 1.3: Evolution of descriptions of the cortico-basal ganglia-thalamo-cortical
loop. A. Relevant regions involved in the CBGTC loop in a sagittal slice of the rat brain. The
drawing highlights the cortical mantle, basal ganglia nuclei, motor thalamus and brainstem
regions related to motor control. Adapted from Paxinos and Watson (1998) different shades
of gray used to highlight cortex, BG and thalamic regions, from darker to lighter, other rele-
vant motor controlling regions are also labeled. B. Canonical model of the CBGTC loop as
presented by Alexander in 1986, where parallel segregated cortical processing units project in
segregated but converging manner into the striatum. These in turn would maintain this layout
with more overlaps in BG output regions SNr/GPi. Adapted from Alexander et al. (1986).
C. An updated model of the canonical circuit, separating roles for BG direct and indirect
pathways to control behavior, and assigning a modulatory role to signals from DA nuclei VTA
and SNc. Adapted from Lanciego et al. (2012). D. More recent view of the circuit structures
and their interactions, sharing reciprocal interactions that modulate their internal processes,
maintaining the parallel & convergent organization. Adapted from Simonyan (2019). Abbre-
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tral medial thalamic nucleus; PPN, pedunculopontine nucleus.
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of these signals can converge in higher order somatosensory or motor regions to be
used to guide behavior (Hamadjida et al., 2016). For example, higher order motor
regions have been related to motor preparation in non-human primates and rodents,
where particular activity patterns are associated to different movements (Bruce and
Goldberg, 1985; Armstrong et al., 2009; Inagaki et al., 2018; Erlich et al., 2011; Boyd-
Meredith et al., 2022). Notably, this higher-order agglomerations, also have a parallel
organization themselves, which can be seen in the effects of local damage to small
regions in visual, auditory, or somatosensory areas that can lead to particular types
of agnosias (Hart, 2015).

VS

OS

H

OI

VI

1
2

3

VS
OS

H

OI

VI
1 2 3

1cm

A

B

Figure 1.4: Cortical maps of two different sensory modalities. Different primary
cortical territories receive organized patterns of projection from the sensory periphery. Cortical
mappings do not need to be isometric to the input space, some regions of the periphery tend
to be over- or under-represented. A. Stimulus (left panel) and resulting cortical activation in
layer 4 of a primate brain by means of autoradiography (right panel), adapted from Tootell
et al. (1988). B. Isolated representation of the rat body map, ratunculus, on the somatosensory
cortex of the rat (left panel), and the approximate location of the body map in the rat cortex
(right panel); adapted from Welker (1971).

Outside the representation of environmental elements, internal or external, by
mean of sensory information integration. Higher order regions in the cortex are known
to be relevant for decision-making and executive functions, and, as such, relevant for
goal-directed behaviors (Friedman and Robbins, 2022). For example, the orbitofrontal
cortex has been shown to have a role in prediction, action evaluation and confidence
(Rudebeck and Murray, 2014; Masset et al., 2020), and fronto-parietal circuits show
evidence of accumulation computations happening in the context of decision-making
(Scott et al., 2017). These types of activity and the dense cortico-cortical projections
allow the maintenance of rich representations of the state of the environment, and
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the actions available in them (Cisek, 2007). Moreover, frontal regions have also been
said to represent information about the circumstances that the agent or environment
are in (Lee et al., 2012). In this way, higher order associative areas could allow the
integration of abstract environmental information, such as goals, possible actions,
and expectations of outcomes to regions receiving these signals. And, within this
higher order associative areas, there is also evidence of parallelization and functional
segregation, v.g. in the processing of different task phases (Kapoor et al., 2018), and
this property might facilitate flexible behavioral control (Macpherson et al., 2021).

Importantly, this parallel, and hierarchical arrangement of the cortical territories,
as shown by the organized mappings and architectural constrains of their divisions, is
largely maintained in their corticostriatal projection (Nambu, 2011; Hunnicutt et al.,
2016; Hooks et al., 2018), and in the patterns of projections from BG output regions
to thalamus and from thalamus to cortex and re-entering the BG (Sakai et al., 1998;
Yasuda and Hikosaka, 2018). We dive further into BG and motor thalamus, as they
will be the main targets of the present work.

1.3.3 Anatomy of the basal ganglia

The basal ganglia are a group of interconnected subcortical nuclei, including the
striatum, in primates the caudate and putamen; the internal and external segments of
the globus pallidus (GPi and GPe, respectively); the pars reticulata of the substantia
nigra (SNr); the subthalamic nucleus (STN); and two dopaminergic midbrain nuclei
are also associated to it, namely the pars compacta of the substantia nigra (SNC), and
the ventral tegmental area (VTA). It is a highly conserved structure across taxa, at
large present in vertebrates (Stephenson-Jones et al., 2011), and with a likely origin
dating far into the geological history of the planet (Grillner and Robertson, 2016). The
input nuclei modulates the tonic inhibition exerted by the output nuclei over many
target areas (McElvain et al., 2021), via direct suppression of their activity, or indirect
excitation of them, leading to two complementary pathways. The BG has been largely
studied in the context of voluntary motor control and inhibition of competing behav-
iors (Mink and Thach, 1993; Mink, 1996; Park et al., 2020), whilst currently it has been
associated to a variety of non-motor behaviors, including decision-making, procedural
learning and working memory (Wise, 1996; Seger and Spiering, 2011; Stephenson-
Jones et al., 2016; Hikosaka et al., 2019). Dysfunction of these regions are associated,
depending on the underlying etiology, to different motor, and or behavioral afflictions,
ranging from Huntington’s disease, Parkinson’s disease, obsessive compulsive disorder,
gambling, and drug addiction (Rapoport, 1990; Everitt and Robbins, 2005; Foerde and
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Shohamy, 2011; Crittenden and Graybiel, 2011; Kalkhoven et al., 2014; Administra-
tion , US; Mestre-Bach and Potenza, 2023). BG nuclei are divided by their functional
anatomy, where the input, striatum, projects to output areas, SNr and GPi, directly
or mediated by intrinsic nuclei, GPe, STN. Dopaminergic signals from SNc, and VTA
modify striatal and corticostriatal connectivity (Lanciego et al., 2012). Along the
processing pipeline, BG nuclei tend to reduce their number of neurons, with striatum
having the larger count of cells, ∼ 2.8 M; GPe & STN, ∼ 70 K; and finally SNr &
GPi, ∼ 10K. From the output of BG, SNr almost doubles the number of cells in GPi
(Oorschot, 1996).

1.3.3.1 Striatum, the organized input

Many cortical regions project to topographically segregated regions in the stria-
tum (Hunnicutt et al., 2016; Hintiryan et al., 2016). These projections maintain the
original topographical organization, where neighboring neurons in cortex, project to
nearby cells in striatum, thus maintaining the original mappings (Romanelli et al.,
2005; Nambu, 2011; Hooks et al., 2018), and these projections seem to maintain their
lateralization. The striatum also receives projections from thalamic areas, in par-
ticular from the motor thalamus, including the ventral anterior and lateral nuclei
(VA/VL), mediodorsal (MD), which land in striatal target receiving from motor and
associative regions (McFarland and Haber, 2000). The anatomical organized cortico-
and thalamo-striatal projections lead to functional divisions of the striatum. Gener-
ally, there are three main division recognized, the dorsal, ventral, and tail regions.
In rodents, the dorsal striatum is subdivided into dorsomedial (DMS) and dorsolat-
eral (DLS) regions, the primate caudate and putamen respectively. Where, the DMS
receives orbitofrontal and limbic cortical afferences, and DLS receiving mainly pre-
frontal, somatosensory and motor projections (Hunnicutt et al., 2016; Lanciego et al.,
2012). This anatomical organization of the projections drives to more value and action
outcome signals in the DMS (Lau and Glimcher, 2007, 2008), and more motor related
information in DLS (Crego et al., 2020; Cruz et al., 2022). The ventral striatum,
includes the nucleus accumbens, core and shell, and mainly receives projections from
limbic cortices and the amygdala. The dorsal striatum is associated with movement
and habitual learning (Yin et al., 2009; Thorn et al., 2010), whereas the ventral more
with value encoding. Finally, the tail of the striatum receives from sensory cortices
and has been associated to avoidance and safety (Valjent and Gangarossa, 2021).

In terms of the cell population, the majority of the cells within the striatum are
GABAergic medium spiny neurons (MSN) representing up to 90% of the population
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(Gerfen et al., 2013). These are though to be the only cells projecting from the stria-
tum, and have a very large negative resting potential, requiring the coincidence of
many inputs to trigger an action potential. The MSN population is further subdi-
vided into two classes, dependent on the dopamine receptor that they express. The
MSN expressing the D1 receptor project directly to SNr, originating the direct path-
way (dMSN), whereas the ones expressing the D2 receptor project to the external part
of the pallidus and give origin to the indirect pathway (iMSN). Neurons expressing the
D1 receptor, dMSN, increase their firing rate when DA is present, whereas D2-type re-
ceptor expressing neurons, iMSN, decrease their firing rates. On the one hand, dMSN
suppress the inhibitory SNr/GPi, increasing the activity of tonically constrained BG
target neurons. On the other, iMSNs can increase the activity of STN projections
to SNr/GPi, by lowering the inhibition of the GPe, hence increasing the suppression
on the receiving populations (Gerfen and Bolam, 2010; Verharen et al., 2019). It is
considered that the inhibition and excitation of the output regions of BG, leads to an
increase or decrease in overall activity (Tecuapetla et al., 2016); but more likely, their
organized interplay is key in the process of action selection (Cruz et al., 2022).

1.3.3.2 The intrinsic nuclei

1.3.3.2.1 GPe, STN, inhibition and excitation inverted
The GPe and STN are relevant regions in the BG as they coordinate the indirect

pathway, as iMSN do not project directly to BG output nuclei. Although, STN is
also considered in an independent pathway—the hyperdirect, receiving direct cortical
input to induce a fast-stop in general activity (Nambu et al., 2002), we are focused
on the broader roles of these regions. STN, in contrast to striatum and GPe, presents
a large majority of glutamatergic neurons projecting to the GPe and in tandem to
GPi/SNr, thus it can directly and indirectly increase the inhibition of downstream
populations (Parent and Hazrati, 1995b). Whereas, GPe GABAergic projections, are
receiving striatal inhibition, or STN excitation, thus they can either increase the level
of tonic inhibition exerted by the BG outputs, or decrease it (Parent and Hazrati,
1995b). Both regions receive topographically organized projections, that maintain the
body maps organization present in motor and supplementary motor regions, whilst
still presenting some level of convergence (Iwamuro et al., 2017). This organization
could facilitate the role of BG in action selection and production of smooth behavioral
plan. Supported by the effects of abnormal levels of dopamine in the BG, which leads
to the parkinsonian symptoms by affecting the dynamics of these nuclei (Nambu and
Tachibana, 2014). These control structures of the BG, through their mono- or multi-
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synaptic projections into different regions, are able to influence BG output via their
inhibitory or excitatory roles.

1.3.3.2.2 SNc, VTA, the dopamine in between
SNc and VTA, the sole sources of dopamine (DA) in the BG, project densely to-

wards virtually all divisions of the striatum, and as most areas in the BG, they also
have a topographical organization of the inputs (Joel and Weiner, 1994). DA is a key
neuromodulator in BG, depending on the receptor type expressed by postsynaptic
cells, the release of this amine can lead to an increase or decrease in the probabil-
ity of an action potential. By mean of spike-timing-dependent plasticity, the release
of DA can also modulate the internal connectivity in receiving regions, this is par-
ticularly relevant in striatum and cortex (Kreitzer and Malenka, 2008; Fields et al.,
2007; Dehaene and Changeux, 2000). DA deficits have been long known to affect
motor control, where, hypo- or hyper-active DA activity are associated to Hunting-
ton’s or Parkinson’s diseases symptomatology respectively (Crittenden and Graybiel,
2011; Florio et al., 2018). Nonetheless, aside from motor control, dysregulation of
the DA signals, particularly in BG related nuclei, are also associated to maladaptive
behavioral patterns and psychiatric disorders (Pallanti et al., 2010; Mestre-Bach and
Potenza, 2023; Kalkhoven et al., 2014; Everitt and Robbins, 2005). Another role of
DA activity have also been characterized in relation to rewards and cues, where stim-
uli that are predictive of rewards or unexpected rewards, increase the levels of DA
cells activity once they are presented (Schultz et al., 1993). In case of an omission of
the expected reward, a dip in the activity of the DA population is generally observed.
This signal, named reward prediction error, relates a stimulus to an expectation of
an outcome, and is a fundamental element in value based learning and reinforcement
learning (Glimcher, 2011; Tobler et al., 2005). This role of DA activity can modify
the corticostriatal connectivity, making the BG more likely to take actions that are
expected to be valuable Shen et al. (2008); Balleine and O’Doherty (2010). Taken
together, this evidence supports a role of DA terminals in the striatum in learning.
For an agent interacting with their environment, actions associated to rewards are
more valuable, hence should be more likely to be taken if available. In physiological
terms, one can think that this kind of signals can help to guide action selection, as a
more appetizing outcome could drive more activity in an ensemble of neurons, thus
making some behaviors more likely to be taken.
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1.3.3.3 GPi, SNr, continuous output regions

Despite their anatomical and developmental differences, the GPi and SNr are
generally considered a continuous structure (Lanciego et al., 2012). Both consisting
mainly of GABAergic neurons with high baseline firing rates that project to many
regions in brainstem, cerebellum and thalamic territories (Gerfen and Bolam, 2010).
Even though, in terms of afferences, GPi seems to receive organized motor projections,
whereas SNr receive mainly orofacial somatosensory and motor projections (Nambu,
2011), and includes a region related to oculomotor control (Hikosaka and Wurtz, 1983,
1985). As such, the main modality of information processing for GPi would be segre-
gated, whereas in SNr it seems to be based on convergence (Romanelli et al., 2005).
In a similar line, DLS projects densely to GPi, whereas DMS projects to SNr, giving
rise to the idea that both regions also enforce different levels of the BG computa-
tions. Namely, GPi communicating the motor, and SNr the cognitive components
(Romanelli et al., 2005). Nonetheless, both regions have shown to vary their activ-
ity depending on the expected value of an action, although is more common to find
SNr in this literature (Bryden et al., 2011; Sato and Hikosaka, 2002; Hikosaka and
Wurtz, 1985; Hong and Hikosaka, 2008). And, in the same way, both are related to
motor control, with GPi being more prevalent in this case (Romanelli et al., 2005;
Basso et al., 2005). An interesting observation, is that VS projections targeting SNr
alters M1 activity, thus presenting a level of convergence where limbic information
can alter motor output (Aoki et al., 2018), as an example of an open loop portion
of the CBGTC circuit. In terms of projections from BG outputs, both GPi and SNr
project to motor controlling regions in the brainstem, including the PPN, superior
colliculus, and others (Parent and Hazrati, 1995a; Gerfen and Bolam, 2010; Lanciego
et al., 2012). And both also project to particular nuclei in the thalamus, the ventral
anterior and ventral lateral (generally considered in conjunction VA/VL), the ventro-
medial (VM), and mediodorsal nucleus (MD). Where again, GPi seems to project to
the nuclei that mainly project and receive to motor and sensory regions, and SNr to
associative and limbic areas (Sakagami and Lattal, 2016; Aoki et al., 2018; Yasuda
and Hikosaka, 2018; Kuramoto et al., 2011; Bosch-Bouju et al., 2013). The classical
interpretation of their tonic inhibition over motor controlling region, indicates that
once they are silenced an action is allowed to be taken (Hikosaka et al., 2000). Given
the inhibitory role of the output regions, it might be surprising to find literature where
increases in activity of them are related to vigorous activation (Sato and Hikosaka,
2002; Basso and Wurtz, 2002; Rizzi and Tan, 2019). But, we have to remember that it
is important to select the correct action to achieve a goal, but maybe more important
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is to not select competing actions. There are few correct ways of doing something,
but many more of doing them wrongly. Given BG output regions position on the
CBGTC circuit, they are the shortest path that BG computation have to reach cor-
tex. With projections over thalamic nuclei which in tandem project to cortical and
striatal regions in a topographically organized manner (Yasuda and Hikosaka, 2018;
Bosch-Bouju et al., 2013).

1.3.4 Anatomy of the Thalamus

The last region within the CBGTC loop is the thalamus, in particular the nu-
clei associated in motor control, collectively denominated the motor thalamus (MTh).
MTh is an umbrella term that encompasses the nuclei receiving and sending dense
projections from motor, supplementary motor and associative regions of cortex, whilst
also interacting similarly with the output of BG and cerebellum (Bosch-Bouju et al.,
2013). In general, cortical regions project broadly to the MTh, with some level of
organization, where motor and premotor regions project and receive from the ven-
troanterior and ventrolateral (VA/VL) nuclei, and associative regions targeting the
ventromedial (VM) and VA nucleus (Sakai et al., 1998; McFarland and Haber, 2002).
On the other direction, thalamocortical projections also present topographically orga-
nized mappings, with some amount of specialization in the layering of the targets in
cortical regions, where motor and associative thalamic outputs reach different cortical
layers (McFarland and Haber, 2002). BG and cerebellar targets in MTh are more seg-
regated, with GPi and cerebellar projections reaching VA/VL, and SNr targeting VM
and VA (Houk and Wise, 1995; Kuramoto et al., 2011; Çavdar et al., 2014; Hintzen
et al., 2018). BG territories within MTh are mainly connected to associative and
premotor cortices, which makes them an interesting target to study how movement
preparation and expectations can be transformed into motor commands (Bosch-Bouju
et al., 2013; Haber and Calzavara, 2009; Xiao et al., 2009). The vast majority of MTh
neurons are glutamatergic, and project to layers I and II in cortex, and less to layer
V, with few GABA interneurons, which still could be of relevancy in Parkinson’s
(Bentivoglio et al., 1991; Okoro et al., 2022; Albaugh et al., 2021).

Historically thalamic sensory regions have been classified as “drivers” or “modu-
lators”, by either increasing the drive of some population to relay information to cor-
tex, or modulating the gain of some transmitted signal, respectively (Bickford, 2016).
Given this background, this was also the case to MTh nuclei, but current anatomical
and physiological evidence better supports the notion that MTh could process infor-
mation differently than sensory nuclei (Garcia-Munoz and Arbuthnott, 2015; Worden
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et al., 2021). Indicating that these areas could work as a “integrators” of cortical, BG,
and cerebellar activity; relating cognitive and proprioceptive information to facilitate
adaptive decision-making and learning (Jeljeli et al., 2003; Bosch-Bouju et al., 2013).

1.3.5 General organizing principles

According to the anatomical revision in the previous sections, we can observe that
there are general organizing principles along the CBGTC loop. As a starter, along
the loop, a parallel and hierarchical structure is maintained, where cortical territories
and hierarchies are conserved in the receiving structures (Kim and Hikosaka, 2015;
Hooks et al., 2018; Foster et al., 2021; Maurin et al., 1999). Even though, for the
most part, information transverses the loop in separated channels, at each level, some
amount of overlap, or convergence, is endured (Alexander et al., 1986; Miyachi, 2009;
Nambu, 2011). Given this, at the level of BG output, SNr to MTh projections are
in a great position to use limbic information to update motor controlling signals in
cortex and BG (Aoki et al., 2018). A relevant feature that arises from these consistent
mappings and general parallel organization, is that information about what’s going on
constantly re-enters into similar locations, this allows for recursion to be embedded
within the system. This recursion offers, from one moment to the next, a manner to
update behavior given previous experiences and expectations of the future. Moreover,
this also makes more likely to take adaptive decision the next time, by the plasticity
that DA signals endow into the system. This has led to the notion that the CBGTC
circuitry could be sustaining multiple parallel representations, each accessing partial
observations of the environment at hand, and using the DA signal to learn adaptive
mappings (Lau et al., 2017). Another property from the circuit, is the characteristic
pattern of oppositional signals happening throughout, chiefly present in the BG inter-
nal organization, the excitatory and inhibitory complementary signals seem to be a
hallmark of the loop2. A classical view of these signals, assumes that inhibitory signals
would reduce mobility, and excitatory would increase it; currently these two signals
are considered more like an interacting system. In this latter scenario, execution of an
action requires the inhibition of other competing plans, and the failure in this inhibi-
tion would lead to errors in the responses, by either initiating too early or executing
inappropriate actions (Cruz et al., 2022). Lastly, the circuit at different levels seems
to be engaging in some type of dimensionality reduction and latter expansion, akin
to an encoder-decoder strategy. Where the large cortical projection of cortical state
information, is projected to a smaller number of cells at the BG entrance; from there,
the consistent reduction in number of cells in BG nuclei, could reduce this information
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and route it through projections into MTh back into the cortex (Bar-Gad et al., 2003).
In this interpretation, the BG output to MTh would be the informational bottleneck.
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Figure 1.5: Overview of the CBGTC loop in the primate brain. A. Motor and
supplementary motor cortical regions organize in body maps. Adapted from (Graziano, 2009),
and Aflalo and Graziano (2006) citing Woolsey et al. (1952). B. Striatal, putamen, projections
of cortical regions where the original mappings are maintained. C. Intrinsic nuclei STN
presenting a full body representation, whilst SNr includes orofacial and oculomotor regions,
aside from prefrontal projections. D. Intrinsic nucleus GPe presents a continuous map of the
cortical maps, and GPi presents a mapping, missing the orofacial regions. E. VL nucleus of
the thalamus is known to present an organized topography that sustains the original cortical
structure. Images in panels B, C, D, E are adapted from Nambu (2011). Abbreviations
included: GPi & GPe: internal and external capsules of the globus pallidus; M1: primary
motor cortex; SMA: supplementary motor cortex; SNc & SNr: pars compacta and reticulata
of the substantia nigra; STN: subthalamic nucleus; VL: ventrolateral nuclei of the thalamus.

Figure 1.5 depicts the essentials of the anatomical and functional properties of
the CBGTC loop in a primate brain, as mentioned in the previous sections and the
present. There is a general body-mapping maintained and projected along relevant
portions of the CBGTC loop. Motor and supplementary-motor cortical regions (panel
A), project to the striatum, particularly the DMS/putamen (panel B), and via the
hyperdirect pathway into the STN (panel C). GPe and STN maintain the somatotopy

2Here we talk about excitatory and inhibitory signals in reference to the effects of the direct
and indirect pathways on movement, not about the type of effect these routes have on downstream
populations, which have the opposite effects.
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(panels C & D). Whereas, the continuity of these mappings seems to break in the
output areas of BG, with GPi maintaining the body up to the early portions of the
face, and SNr receiving the orofacial section (panels C & D). Finally, in the motor
thalamus, the body map is mainly observed on the VL nuclei (panel E).

1.3.6 What and how can BG communicate to the cortex?

If we ponder about the question what can the BG communicate to the cortex?,
we can take into account the anatomical and functional organization of the projec-
tions revised. What are the consequences of the circuit level parallel and convergent
architecture, recurrence, oppositional effects, endowed plasticity, and dimensionality
reduction and expansion? From our revision, we can say that these allow the BG to
receive cortical motor programs and movement parameters as proposals. Internally,
BG can incorporate the limbic motivational components, and given the DA signals
from previous experiences and habitual knowledge embedded into the synapses, it can
select one plan of action. Via BG output regions, it can communicate this plan to
MTh neuronal populations in motor, limbic and associative regions. In MTh, this se-
lected action can be integrated with information about the current action in play, via
the cerebellar proprioceptive information and error signals about movement execution.
The integrated signal in MTh, can be sent back to cortex to facilitate the modifica-
tion of the current plan, to prepare for a possible change in execution, or to maintain
the current status. The general idea that cortical activity can be mapped into a dy-
namical action space, can be of help to image this process (Shenoy et al., 2013; Vyas
et al., 2020). Within this framework, brain activity moves inside a manifold, where
an action unravels as a path in neural population activity space. Given some initial
state, the repeated execution of some actions with positive outcomes would facilitate
the emergence of the same pattern. Negative outcomes, on the other hand, would
imply the reduction of the probability of taking this action, and the need to explore
new trajectories, until a good enough option were to appear. BG signals into MTh,
could enforce the maintenance of the original trajectory, by focalizing the activity
to facilitate the maintenance of a particular configuration, and selective inhibition
of non-desirable actions. But, if a better option were to be available, or something
were to change in the current environment, BG could reduce the inhibition in MTh,
allowing it to increase the available space for exploration in cortical activity. This
would give the BG a larger space of options from where to sample for better trajec-
tories to select from. In summary, the basal ganglia can communicate information to
the cortex to help select a motor plan that has been learned to be adaptive. This
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communication prepares the necessary mechanisms for releasing the behavior when
appropriate. Additionally, the basal ganglia can inform the cortex about the need to
update the learned motor plan if task demands require it.

After considering the what, we need to consider the how question. More clearly:
how could BG communicate to cortex? In all the presented descriptions of the internal
connectivity of the CBGTC, the shortest path that BG evaluation process could take
to enforce this kind of activity into cortex is through MTh projections. Modifications
of a movement plan, or update an action in execution via brainstem or other mo-
tor controlling regions, would take longer to reach cortex. For agents that have to
respond to ever-changing environments, this delay can translate into losing valuable
time constrained resources or being captured by a predator. Another aspect of how
BG could communicate to cortex, is the signals that it can send. Given expected
outcomes of a selected plan, or an act in execution, BG has the ability to either leave
it running, or—trough MTh—enforce the exploration of new proposals. As mentioned
in the previous paragraph, by means of the inhibitory control over MTh population,
BG output could maintain the status-quo, or by liberating the inhibition on selected
populations, it could facilitate cortical exploration of new opportunities. In this sense,
one of the most relevant elements of what can be communicated is that if no update
is needed, there should be no relevant information passed. Only when something is
amiss, unexpected, or a new opportunity arises, there has to be a change, as the saying
goes: “if it ain’t broke, don’t fix it”.

The general ideas outlined above are supported by experimental evidence that
shows how particular channels of the CBGTC loop mediate movement control. Via
BG output into thalamic territories that later would affect cortex (Inagaki et al.,
2022), or including cerebellar nuclei (Wang et al., 2021; Schäfer et al., 2021).

1.4 Adding context to action-outcomes

The kind of tools developed to study behavior, as the ones presented in section
1.2.2, have been used to explore how animals can map arbitrary stimuli or actions
to positive outcomes. For example, as commented in the aforementioned section, a
tone, or a light could be used to inform an animal that a reward would be available,
as in the classical conditioning experiments. But, it is also possible to chain the
presentation of a stimulus with an operant behavior, v.g. pressing a lever after a
tone to get a reward. This kind of assays give a tool to explore threshold levels of
perception (Staddon and Cerutti, 2003). By changing the frequency, power, or signal-
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to-noise ratio of the stimulus, and measuring the time the animal takes to make a
response, reaction time, is a way of accessing the capabilities of the animal to detect
those dimensions of the stimulus (Krantz, 2012). This paradigm can be made more
complex, and train animals to select between different actions given some stimulus.
For example, a reward can be given for a low frequency tone if is paired with left
lever presses, and high frequency tones with right lever presses. After training, if
the presented stimuli are drawn from values in between the trained low and high
frequencies; one can find the value of the difference at which animals lose the ability
to discriminate between frequencies, or other perceptual properties. In general, the use
of operant behavioral boxes as helped to study sensory perception using the framework
of psychophysics (Swets, 1961; Krantz, 2012; Akre and Johnsen, 2014).

An important property of the aforementioned paradigms, is that all correct actions
in these assays lead to reward. If one were to relate brain activity to these responses,
it would always include some form of reward expectation, confidence or other infor-
mation related to the outcome (Masset et al., 2020; Klein et al., 2012; Oswal et al.,
2007). To better isolate these motivation components from action preparation and
execution; Reiko Kawagoe, Yoriko Takikawa, and Okihide Hikosaka developed an
oculomotor task for monkeys. In the assay, animals were asked to make eye move-
ments to lateral targets, but in blocks of trials only one of those targets would be
rewarded, the 1-direction rewarded task (1DR) (Kawagoe et al., 1998). At the end
of the block, the rewarded target would be changed without informing the animal.
In this way, animals had to make movements to the same targets, but with different
expectations about the result, separating the reward expectation from the movement
preparation. But, importantly, it also gave the animals the opportunity to learn that
there were circumstances that gave the same actions different values. There was a
context that they could infer that implied that one target was rewarded and not the
others. This seminal paper, showed that activity of neurons in the primate caudate,
DMS, is modulated by the expectation of rewards. It also showed that behavioral cor-
relates of the movements were different depending on outcome expectation: rewarded
movements were initiated more avidly than non rewarded. This behavioral paradigm
has been developed into different versions, the original one presenting four possible
targets, with the presentation of the target cue briefly during the fixation period, but
before a go cue, Fig. 1.6 top; but, other version presented only two possible targets,
and have variations of the relationship between the target and go cue presentation,
Fig. 1.6 bottom.

The main behavioral results from the original and variations of the 1DR paradigm
are consistent, the different tasks versions consistently drive animals to respond dif-
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Figure 1.6: Visual depiction of different versions of the 1 direction rewarded
(1DR)tasks. On the top, Original version of the 1DR task with four possible targets, and
only one rewarded in each block. The target point was presented after a 1 −second delay from
the moment the monkey fixate in the center fixation, after a variable delay, the fixation point
would disappear and the monkey had to saccade towards the cued location. On the bottom,
two variations of the 1DR task, with only two targets. In the visual-1DR, bottom-left, the
target and go cue are presented simultaneously; whereas, on the memory-1Dr, on the bottom
right, the target cue is presented briefly after the fixation, and the animal has to remember the
location to saccade into that place after a go cue. In both cases, there are two independent
and iterated reward-schedules, in one case rightward movements receive a big reward, and
leftwards movements a small one; or the opposite. Panel on top adapted from Kawagoe et al.
(1998), panels at the bottom are adapted from Hikosaka et al. (2006).

ferently towards the targets depending on their expected outcomes (Fig. 1.7). When
animals are asked to make a non rewarded movement, they initiate the movement
slower than for rewarded trials (Fig. 1.7 A), implying that during the task animals
are aware of the different context that they are experiencing. The simplification of
the task into just two targets (Fig. 1.7 B & C), allowed the researchers to gain deeper
insights about the behavioral effects after a block transition. For starters, it became
clear that animals were initiating the blocks unaware of any difference with the targets
values, (Fig. 1.7 B & C), initiating movements quickly for previously rewarded, now
non-rewarded, targets; and, initiating slowly towards the previously non rewarded,
now rewarded trial. But, what happened in the behavior after the first trial was
also quite indicative that animals in fact had a notion of the different context in the
task. When they analyzed the data separating responses by trial type within a block
(Fig. 1.7 B), there was a noticeable difference in the way responses changed towards
the currently rewarded or non-rewarded target. Animals took longer to update their
responses towards non-rewarded locations than towards rewarded, observable in the
number of trials animals took to display RTs compatible with the new reward loca-
tions. Moreover, when looking closely at the first two trials after a transition and
separating trials by target value (Fig. 1.7 C), researchers noticed that responses up-
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dated for both the previously experienced and non-experienced targets. This result
supports the notion that animals were aware of the two different context, and were
using this information to infer changes in the context from a change in one response.
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Figure 1.7: Different versions of the 1DR task lead to consistent results. A. In the
original publication of the task, two monkeys were trained and tested in the task for a number
of multi block sessions. The average latency to initiate saccades towards the non-rewarded
side was longer than for rewarded targets. Each dot represents a session, and the circle filling
represents the individual animals, adapted from Kawagoe et al. (1998). B. Behavioral results
from two monkeys in the visually guided 1DR, showing average saccade latencies for rewarded
and non-rewarded trials after a block transition separating by updated target value. For the
first trial after the transition, saccades initiate as they had previously, quick for previously
rewarded, slow for previously non-rewarded. But, after the surprising outcome, they quickly
update their responses for rewarded trials, whereas for non-rewarded targets it takes them more
trials to initiate slower. Adapted from Lauwereyns et al. (2002). C. Behavioral results from
another visually guided 1DR, showing reaction times, saccade latencies, after block transition,
conditioned on first and second trial target. As in B, for the first trial, responses are consistent
with the previous block mapping, but in the second trial, animals update their behavior for
both experienced and non-experienced targets. Adapted from Bromberg-Martin et al. (2010b).

In line with the behavioral results, the neural correlates of brain regions that were
recorded during the different experimental sessions drove further our understanding of
their roles in the preparation and execution of eye-movements (Hikosaka et al., 2006).
In their model, cortical information about stimulus identity could inform caudate
receiving neurons about laterality of the target. The striatal neurons, depending on
the history of DA signals from SNc/VTA, would project to SNr and facilitate or bias
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the movements towards the rewarded location. Later work from the same laboratory
has also shown that different populations within the caudate, DLS, encode stable or
flexible value mapping. One population receiving prefrontal projections, would be in
charge of flexible mapping, and the other receiving mainly from the temporal cortices
care about the stable values (Hikosaka et al., 2014). And finally, the same group has
also shown how motor thalamic neurons in BG receiving territories encoded stable or
variable object values (Yasuda and Hikosaka, 2018). The sum of these results, gives
an overview of how the CBGTC loop could be modulating behavioral responses with
respect to outcome expectation. The modified reward schedule of the task, permits
the characterization of how a motor target value can affect the internal processing of
a plan. Where, contextual information, interacts with a visual signal, that inherits a
value from their expected outcome. This integration facilitates or biases the selection
of the movement towards the reward paired location, whilst making it more difficult
to initiate the non-preferred one.

In summary, the 1DR task allows observing how the underlying circumstances
that embrace a situation, can map into differences in the response patterns to the
same stimulus. Thus, allowing to map not only actions to outcomes, but how similar
actions in different contexts map to different outcomes. The implementation of a
rodent version of this task could facilitate the study of all of these relevant phenomena
in a more tractable animal model. Even thought rats do saccade to hold their gaze
(Chelazzi et al., 1989), a freely moving version of the 1DR task would allow them
to express their intentions in more open ways. Finally, this would allow the use
of genome editing tools (Shevtsova et al., 2005; Chenouard et al., 2021), to further
characterize the cellular populations responsible for the behavioral phenomenology in
different brain regions

1.5 Objectives, questions, and hypothesis of the present
study

The world presents as a collection of events in particular circumstances. We learn
that something about the underlying setting in which we experience these particular
states, can inform us that some actions are better than others. In general language, we
use the word “context” for these elements that give meaning to the mapping between
states of the world and actions-outcomes. From repeated experience, we form and
learn these contexts. Thus, knowledge learned through experience, allows having a
mapping of actions and results for particular states of the world that are flexible
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to the underlying setting of the current state. With these, when confronted by a
novel environment whose underlying circumstances share familiar resemblance to some
previously experienced ones, we can use this prior knowledge to prepare actions given
our expectation about their outcomes. In a sense, this boils down to Wittgenstein’s
proposition 1.1 in the Tractatus Logico-Philosophicus “The world is the totality of the
facts, not of things” (Wittgenstein and Ogden, 1999). We do not experience the world
directly, but our interpretation of what is out there given what we have learned, and
where and how we find ourselves.

After giving the general overview of the relevant behavioral and neural mecha-
nisms generally associated to context guided behavioral control, we can present the
main and specific objectives of the present work. These objectives drive a set of ques-
tion that put to test our hypothesis about how the brain can commit or modify a
response depending on the context that he finds himself in.

Our main objective is to understand the way in which the BG can modify corti-
cal activity to guide adaptive actions selection. To this end, we first need to have a
task that requires flexible action outcome contingencies to depend on contextual in-
formation. Such a task would engage the relevant circuits within the CBGTC loop, to
allow us to characterize the relevant elements in the circuit in the context of the task.
In particular, the BG output plays a crucial role in influencing the cortex through
MTh projections. The substantia nigra pars reticulata (SNr) and the ventroanterior
and ventrolateral (VA/VL) thalamic nuclei are primary candidates for facilitating the
maintenance or updating of a particular action plan. SNr receives convergence of
motor, limbic, and frontal cortical information, which is then projected to territories
of the MTh with efferences to frontal and motor cortical areas. Taking the afore-
mentioned into account, to advance our general goal, we devise the following specific
aims: (1) develop a rodent version of the 1DR task; (2) characterize the behavioral
effects of manipulating reward schedules; (3) describe the neural correlates of these
behavioral effects in the activity of SNr and VA/VL thalamus; and, (4) relate the
activity of these regions to the process of commitment or update of a motor plan. The
questions that arise with respect to objectives 1 & 2 are: (I) Do rat behavior recapit-
ulates the primate results?; (II) Can we modify the 1DR task to gain further insights
about movement preparation and context representation?; (III) Are rats capable of
inference-like behavior in the task?; (IV) Does the freely moving aspect of the task
allow animals to express something about their knowledge in their behavior? From the
information presented in our revision of the current state of the research field, our hy-
pothesis in relation to these questions are the following: (A) Given the pervasive role
of vigor in motor control, rats should also recapitulate in general the primate results;
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(B) Given effects of predictable delays on reaction times, we expect that by adding
variable delays between the fixation, movement and go cue presentations, we will gain
leverage about the effects of reward localization and behavioral biases; (C) If animals
were to develop context-dependent preferred actions, they should also be capable of
developing inference-like behaviors. As a surprising result implies that the context has
changed, and the other target has also changed in value; (D) Animals could embody
the knowledge about context in their behavior in different ways, the simplest would be
to initiate trials in different orientations depending on the context they know to be in.
Thus, we expect animals to initiate trials orienting themselves differently to facilitate
initiation of movements towards the rewarded target. With respect to objectives 3 &
4, research questions that arise are: (I) What are the kind of signatures represented
in SNr and MTh? (II) How do these signals evolve at the single neuron or population
levels during the task? (III) Are the population level signatures stable over time? (IV)
Do these signatures include relevant properties that could facilitate the commitment
or update of a default motor plan? The anatomical and functional properties of the
recorded regions, allows us to hypothesize that: (A) The regions could present sig-
natures about movement direction, expected target value, and context of the current
trial; (B) Given the task block-structure, single neurons and the whole populations
could be informed about context before trial initiation, about movement direction at
movement cue presentation, and about value once these two signals were to interact;
(C) As both regions integrate motor and limbic components, during the delay before
go cue presentation, population level signatures in both regions should present stable
structure for direction and value; (D) SNr signals could inhibit MTh populations, to
allow MTh to not enforce these particular actions. Whilst, MTh could modify cortical
signals by facilitating the update of a behavioral plan.

In this work, we treat objectives 1 & 2, with their respective questions, and
evaluate the respective hypotheses in chapter 2. We do the same for objectives 3 &
4 in chapter 3. Finally, chapter 4, presents the general discussion of the results, and
how the bulk of the presented work relates to the main objective, discussing also the
limitations, and presenting future directions to be explored.
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Chapter 2
Behavioral signatures of context in a delayed movement task

I see you shiver with antici. . . . . .

pation

Dr. Frank N. Furter

2.1 Introduction

When speaking about context, we generally mean a particular setting that al-
lows us to give meaning to a state of the world. Contexts allow understanding that
similarities between states mean something for action selection. What we have expe-
rienced in the past simplifies the assignment of what can be done in the future. Over
a lifetime, we learn that different context map similar actions to different outcomes,
and that some actions are better to be taken than other depending on our previous
experiences. Similarly, we learn that contexts can vary, such that when we experience
an unexpected outcome in a known context, it means that something has changed;
thus, our mapping must do so too. These grounded previous experiences about which
actions are related to better outcomes, allows subjects to bias the selection of ac-
tions once they recognize the context that they find themselves in. For example, we
can think of a goalkeeper in a soccer match that is trying to save a penalty kick.
If the goalkeeper knows about the kicker’s tendencies, he could prepare to lunge to-
ward their preferred shooting direction, thus increasing the chance of success. If the
shooting player were to act differently during his preparation, or there were a change
of player taking the kick, our goalkeeper needs to update his initial plan. The time
this takes will affect his ability to catch the ball. This example illustrates how being
prepared allows us to make the most out of situations that we know how to navigate,
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but that these mechanisms need to be flexible, to allow for adjustments or updates if
the context changes. This is crucial in a world that is in constant development.

For animals, who do not have to catch penalty kicks in their ecological niche, being
aware of the context that they are in allows them to behave and forage in more advan-
tageous ways. In a food rich patch, recognizing the smell of a kin or a predator, will
prompt them to react in different ways. The underlying machinery necessary to map
external evidence to appropriate actions, has to be flexible to environmental changes,
to allow animals to map context, states, and actions relations. A rich tradition of
experimental psychology has shown that once an animal acquires an understanding
of action-outcome contingencies, in a consistent and stable environment where cues
are unambiguous, their responses become faster and more stereotypical (Thorndike,
1898; Welford, 1986). These responses do not need to have a causal relationship with
the outcome, but only to appear relevant for the subjects. As in the superstitious
pigeons of B.F. Skinner (Skinner, 1948), or in the stereotypies that animals develop
while preparing a delayed movement in a timing task (Kawai et al., 2015).

Previous work has shown the relevance of outcome expectation in the production
of movements. For example, the amount of effort that animals are willing to make
to obtain the same amount of reward is related to the reinforcement value (Hodos,
1961; Sclafani and Ackroff, 2003). Vigor, the amount of effort to exert in the initiation
and execution of an action, has been shown to depend on the expected outcome of an
action (Choi et al., 2014; Shadmehr et al., 2019), pointing to the fact that not only the
production, but the initiation of movements are affected by these anticipated outcome
expectations. Reaction time (RT), or sometimes response time, in an instrumental
task, is the period between an imperative stimulus and the initiation of a movement.
This variable has been used to study how mental processes guide decision-making
(Galton, 1890; Donders, 1969). Not only stimulus strength, sensory modality, difficulty
of the response, or level of practice can influence RT distributions (Froeberg, 1907;
Bertelson, 1967; Henry and Rogers, 1960; Welford, 1986). The delay period given for
preparation, has been shown to also impact RTs, where in simple RT tasks longer
time to prepare are associated with shorter initiation of movements (Nickerson et al.,
1969; Henderson and Dittrich, 1998; Hackley, 2009; Vallesi et al., 2014). RTs tend to
increase with normal aging, by affecting movement preparation more than initiation
(Hardwick et al., 2022); And, the effects of preparatory cues are also affected in
aging, Parkinson’s disease and cognitive decline (Jurkowski et al., 2005; Mioni et al.,
2018; Capizzi et al., 2022). Importantly, in our context of interest, namely: how the
prospect of a reinforcement drives changes in performance? The expected outcome of
the upcoming action has been shown to bias the response-initiation time (Calaminus
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and Hauber, 2009; Bundt et al., 2019; Milstein and Dorris, 2011; Takikawa et al.,
2002).

To study how knowledge about context could affect the execution of an upcoming
movement by having different motivational value, the laboratory of Okihide Hikosaka
developed a primate oculomotor saccade task. The key manipulation within this task
was the value of the targets (Kawagoe et al., 1998). Initially, animals were required
to fixate in a central located visual stimulus; after a fixed delay, one of four possi-
ble eccentric targets would be presented briefly, indicating the location to where the
subject was to later make a saccade on that trial. Finally, after a second variable
delay, the fixation stimulus was extinguished, cueing the animal to saccade towards
the previously cued location. There were two reward schedules in this protocol, one
where every correct saccade was rewarded, and another where only one of the target
locations would receive a reward, “all direction rewarded” (ADR) or “one direction
rewarded” (1DR) respectively. If animals were to abort the trial or not execute the
requested saccade, the trial was repeated. In the 1DR protocol, after 60 correct trials,
the rewarded target would randomly switch to a new one without informing the ani-
mal. This simple manipulation allowed to enrich the understanding of the roles that
primate caudate neurons have in the production of saccadic movement and how their
activity vary depending on the expected outcome of the targets (Kawagoe et al., 1998).
The original and variations of the task gave the lab a tool to assess how different levels
of the pipeline controlling the oculomotor response are affected by, encode, and com-
municate the expected value of the upcoming movement (Hikosaka et al., 2006, 2000,
2014). This circuit includes cortical, subcortical, cerebellar, and brain stem regions;
and, in their interpretation of the results, the cortico-basal ganglia-thalamo-cortical
(CBGTC) loop was the key circuit underlying the decision of the motivational value
and salience of the expected outcome, and the preparation and updating of a move-
ment towards specific targets. Where information about value and salience would be
encoded and saved by dopaminergic modulation of the synaptic strengths of a neu-
ronal population that would relate a particular state of the environment to the optimal
actions (Bromberg-Martin et al., 2010a; Nakahara and Hikosaka, 2012). In the work
with non-human primates using variations of the 1DR-ADR, the behavioral results
consistently showed an effect of the expected outcomes in the execution of movements,
depending on expected reinforcement value. In particular, animals persistently initi-
ated saccades faster for rewarded in comparison to non-rewarded targets, and after a
change in the action-outcome contingency—a transition—animals updated their re-
sponses (Kawagoe et al., 1998; Lauwereyns et al., 2002; Takikawa et al., 2002; Ding
and Hikosaka, 2007; Matsumoto and Hikosaka, 2007). Importantly, after a contin-
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gency change, monkeys update their responses globally, not only to the experienced
target. Implicating that primates understood that the task had only two discrete
contexts and used this information to map changes in environment to changes in their
behavior (Bromberg-Martin et al., 2010b). This has also been observed in tasks with
similarly discrete action-outcomes contingencies (Saez et al., 2015).

Here, we develop a rat version of the 1DR task. This assay provides a way to
explore in a tractable model organism the manner in which context modify responses
towards the same targets, as their value is changed in a structured manner. In our
task, targets are nose ports, and context corresponds to the port where reward would
be available if animals were sent to that location after fixating their snouts in a
central port for enough time. Importantly, as in the primate version, animals are
asked to move to both rewarded and non-rewarded targets. And after a number of
valid responses, the rewarded location is flipped without informing the animal (Fig.
2.1 A, for an in-depth description of the task and training procedure see methods
2.4.3). To better isolate the effect of context in the preparation of actions, we remove
the memory component, maintaining the presence of the target cue location after the
first delay. In addition, we vary the delays between all cues. Both delays that animals
will be required to wait while fixating at the center port are sampled from truncated
exponential distributions, flattening the hazard rate of their arrivals. Thus, enforcing
that animals need to pay attention to the sensory cues and not fall into a pattern of
simply timing their responses.

Given previous work on similar behavioral tasks (v.g. Kawagoe et al. (1998)),
we expect animals to respond differently depending on the expected outcomes. This
could be observed in animals initiating movements quicker for rewarded locations with
respect to non-rewarded, or being more likely to break fixation after movement cue
presentation for targets that are not going to be rewarded. Initiating movements dif-
ferently towards the rewarded and non rewarded location could appear in two possible
ways in the RTs distributions, as either a shift or a scaling of RTs distribution. Ex-
plicitly, these effects imply that they could initiate movements later but with similar
distributions, or have differences in the underlying distribution of RTs respectively.
The aforementioned observations are in line with movement-vigor effects, where, re-
warded movements drive more energy or attention than non-rewarded ones (Shadmehr
et al., 2019). But, due to the maintenance of the movement cue during the go cue
delay, and the variable duration of the latter in our paradigm, we hypothesize that
if animals are aware of the context, they could develop a default motor plan to go
towards the rewarded target. As this would make the action selection process more
efficient. We reason that if animals were to prepare a default plan in advance of the
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movement cue, we should expect that (1) for broken fixations before the movement
cue presentation they will be more likely to go to the rewarded location; and (2) that
the duration of the go cue delay will be negatively correlated with the animal RTs for
the non-rewarded targets, but have negligible effect for the rewarded ones. These are
implied because a default plan to go to the rewarded target supposes a facilitation of
movements towards the rewarded location, therefore if a trial is aborted before being
informed about target direction they should initiate their default plan. And secondly,
taking into account a loaded plan to go to the rewarded target, movements cued to
that location should initiate with similarly short RTs, but for movements cued to-
wards the non-rewarded target, animals need to update their movement plan. This
latter point specifically implies that: for short go cue delay durations, as animals
have little time to update, leaving the center port should be slower, whereas for long
delay durations they had time to prepare the new movement, hence can be quicker.
An important consequence of animals using context and not just experience to guide
their behavior, is that by keeping track of context, they could update their responses
globally after a surprising outcome, consequently changing their behavior towards the
non-experienced contingency. Finally, given that in our task are animals are freely
moving, they might also facilitate the initiation of their preferred movements by ini-
tiating trials with different orientations depending on their preferred target. Thus,
embodying the default motor plan and tracking of the context that they believe to be
in.

2.2 Results

2.2.1 Target values changes reaction time profiles

In the delayed movement task (Fig. 2.1 A), the values of the lateral targets are
flipped multiple times within the session in a block structure. The behavior of the
animals showed that within blocks (Fig. 2.1 B), after a transition in rewarded direc-
tion, animals produced different response times depending on the expected outcome
of the targets. They responded quickly for rewarded movements, and more slowly
for non-rewarded movements. These differences in RT were sustained up to the next
transition. Across animals, from the fifth trial after a transition, the RTs for rewarded
and non-rewarded targets stabilized. Furthermore, the rate of changes for response
time in trials after context transition differed between rewarded or non-rewarded tri-
als. They quickly adapted and initiated with fast RTs for rewarded trials after the
first unexpected outcome, whereas animals were slower to adapt their RTs to the

32



previously rewarded, now non-rewarded movement direction. This suggests, as has
been shown in previous studies, that animals learn quicker from rewarded outcomes
(Lauwereyns et al., 2002). We initially focus on stable trials, where the contingencies
are clearly driving the animal’s behavioral responses. In this regime, we calculate the
hazard rate for broken fixation after the movement cue was presented, splitting trials
by target cue value (Fig. 2.1 C), to estimate the probability of leaving the center port
during the go cue delay. In this case, we notice that briefly before any go cue could
be given (before 250 ms, shaded area in the panel), animals have a higher probability
of breaking fixation for rewarded trials. But, from that moment onwards, animals are
more likely to leave the center port for non-rewarded movements. This is indicative
that animals prefer to abort trials that will not lead to reward.

From these observations, we can expect that at least two possible effects could
drive the differences in reaction times and the expected outcome. On the one side,
it could be the case that responses for non-rewarded targets are shifted with respect
to the rewarded responses, or they could be scaled (Fig. 2.1 D). If we were to split
the reaction times of each animal into quantiles depending on the expected outcome
of that trial, we could draw a line connecting these values in a 2-dimensional plane.
Here, a diagonal line would imply that both conditions have equal values, which we
know is not the case. However, the connecting line could present at least two different
linear transformations: it could either have a difference in the intercept, which would
appear as a shift from the origin, or it could have a different slope, implying a scaling
of the responses by some factor. The shift implies that reaction times are generated by
a similar underlying process, but that some intermediate step is moving the starting
point from the original one. Scaling, as a change in the slope of the distribution,
implies a variation in the internal processes guiding behavior generation.

First want to evaluate if there is an effect by either target direction or value,
for this we split the RTs data by subject and compare the difference between sub-
ject medians by either target direction or value (Fig. 2.2 A & C). The differences
between median RTs per subject by target direction showed no significant effect un-
der a t-test (mean= 0.178ms, STD = 44.114ms; t(13) = 0.015, p = .988), whereas
the difference between median RTs per subject by target value has a highly signifi-
cant difference under the same test (mean= −159.107143ms, STD = 117.779974ms;
t(13) = −8.10922024723809, p = 9.635 ∗ 10−07). These results show that the differ-
ence between distributions comes from the target value, not the movement direction.
Secondly, we wanted to evaluate if the difference between distribution was related to a
shift or scaling of the underlying distributions. For this, we first split the distribution
of reaction times for each target value into quantiles, and compare the differences
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Figure 2.1: Task graphical depiction, stable trials selection and putative drivers of
effects by value. A. Graphical depiction of the task: Animals are asked to wait while fixating
in the center port until a go cue tone is given. They are asked to make pseudo randomized
movements towards the lateral port that has his LED lit. Importantly, for variable numbers of
trials, only one port gives reward (detailed description of the task and training procedures, in
the methods 2.4.3.3). B. Effect of the block transition in animal reaction time by target value:
The task reward contingencies and block structure scheme have different effects in animals
behavior. Each animal contributes with their median reaction times for each condition across
all their correct and valid trials for all valid sessions. Colors and line styles depend on target
value, dashed and orange for non-rewarded and continuous and green for rewarded. The mean
and SEM estimates are ordered by their position with respect to the last transition, the first
block of each session is removed from all analyses. Any further analysis only considers trials
after the fifth since a transition has occurred, unless otherwise noted. C. Animals are more
likely to break fixation for non rewarded trials: The panel shows hazard rates for broken
fixation after movement cue presentation by target port value, we calculate the hazard rates
for each animal independently, and present the mean and SEM across them. D. Possible
drivers of the reaction time effects in animals behavior: If reaction times were to be split by
target values and in quantiles, and depicted using for each point their values by condition as
their coordinates. The target value could affect the reaction times distribution in at least two
possible manners, by either shifting or by scaling it. In the first case, this would appear as a
change in the intercept of the slope of the reaction times regression line; in the second, there
would be a change in the slope of the line.
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between distribution depending on target value. When comparing the differences be-
tween means across quantiles, by session in the single animal or across animals, panels
A & C in figure 2.2, respectively. Using a Wilcoxon signed ranks test, we observe a
highly significant difference for all quantiles (Z = 105, p = 6.103 ∗ 10−5 for all quan-
tiles independently). We then take these distributions, and use their mean over session
medians for the example animal (Fig. 2.2 B) or the means over single-animal medians
for the population (Fig. 2.2 D) as 2-dimensional coordinates. By doing so, we observe
that the putative line that would connect the quantiles presents a slope change with
respect to the identity line. Specifically, the quantiles line has a shallower slope than
the identity when placing the rewarded trial RTs on the Y axis. This implies, as it
is noticeable in figure 2.2 A & C, that non-rewarded trials have slower reaction times
than the rewarded target trials. But it also implies that the distribution of reaction
times for non-rewarded trials are scaled with respect to the reaction time for rewarded
targets. These effects are consistent with reward affecting vigor through the applica-
tion of a gain factor to the temporal dimension of the process underlying movement
generation (Pardo-Vazquez et al., 2019).

These types of effects are generally associated with differences in the motivational
value of the expected outcome, where animals are willing to expend more resources
to generate a quicker movement towards targets that have a higher value. The behav-
ioral component modified here would be the amount of effort to exert in movements
depending on expected outcome, what is called vigor (Yoon et al., 2018; Shadmehr
et al., 2019). But, aside from vigor driving these differences, other processes unre-
lated to the initiation and execution of the action could underlie these effects, such as
a default motor plan.

2.2.2 A default motor plan driving the behavioral differences

Once animals are aware of the current context, they might have a default action
prepared. Particularly, they might plan to go to the port where the reward could be
given in each different context. To evaluate this possibility, we first look at how animals
behave when they incur in a broken fixation, leaving the center port prematurely,
before the movement cue is presented (Fig. 2.3 A & B). Before the movement cue is
presented, animals have no information about where they will eventually be sent. A
tendency to choose a particular site implies that they have a bias to go towards that
side. We look at the probability of going to the port where reward could be given
after broken fixation (Fig. 2.3 A), and compare the observed probability against
a null hypothesis that they have no preference. The analysis shows that animals
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Figure 2.2: Reaction times distributions are unaffected by target direction, but
scale by target value. A. Representative animal shows no effect by target direction, but
clear effect by target value: In the marginal distribution for all valid and correct trials for
all session of the example animal, each session contributes with the median reaction time for
all block within the session. The trial results are marginalized with respect to their target
direction, in the left, or value, in the right. The color encoding used for target direction maps
left to cyan, and right to blue. The mapping for target value color non-rewarded in orange,
and rewarded in green. B. Representative animal reaction times have scaled distributions:
Median reaction times for all session (gray lines) of the same example animal, valid and
correct trials within the session are split by target value and their reaction times ordered in
quantiles. The gray lines connect the medians between quantiles per session, the values for
non-rewarded trials are used as abscissa and for the ordinate we use the rewarded. The black
line is the mean quantiles across session for the animal, and error bars represent SEM across
session by quantile per condition. C. Same as A for all animals. In this case, for each animal,
all valid correct trials for all sessions RTs are split by target condition and their median by
block number is calculated. Each animal contributes with their 2 values per block numbers
over sessions. D. Same as C for all animals. All valid correct trials per animal are split by
target value, and split in quantiles. We plot the median value of the RT for each quantile
across session per animal, each gray line, the lines connect the median RT for non-rewarded
as abscissa and rewarded as ordinate. The darker gray line is the example animal presented
in the previous plots, and the black line is the mean across animals.
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are more likely to decide to go to the port where reward would have been given
(mean = 84.216%, SD = 9.273%; t(13) = 13.807, p = 1.91 ∗ 10−9). Next, we focused
on the hazard rate for broken fixation after the movement cue was presented during
the go cue delay duration. To this end, we separated trials by target cue value (Fig.
2.3 B), to estimate the probability of leaving the center port during the go cue delay.
In this case, we show that briefly before any go cue could be given (before 250 ms,
shaded area in the panel), animals have a higher probability of breaking fixation for
rewarded trials. But, from that moment onwards, animals are more likely to leave the
center port for non-rewarded movements.

Figure 2.3: Broken fixation patterns and reaction times reflect the presence of
a default motor plan. A. When breaking fixation before the movement cue, animals are
more likely to go to the rewarded side. Probability of going to the rewarded port for bro-
ken fixations before the movement cue presentation, each dot represents the probability of
going to the rewarded port for all the session for each individual animal. For broken fixation
responses, we only consider responses made in the 1500 ms after breaking the fixation. B.
Robust linear regression for all valid correct trials for a single example animal. Predicting the
reaction times given the go cue delay duration and trial value. C. Animals take more time to
initiate movements towards non rewarded location: Distribution of regression slopes from the
regressions for every animal spliting rewarded and non-rewarded targets. The slopes of the
animal in B are marked with lower triangles with colors marking their label. Panels B and C
share the same color coding, orange for non-rewarded, and green rewarded target.

Another consequence of a default motor plan, is an effect of the go cue delay
duration on RT that depends on the target value, and focus on the RT for valid
and correct trials. If animals were to have a prepared motor plan, regardless of
the go cue delay duration, they should have similar RT when they are sent to the
rewarded side. Whereas, for non-rewarded targets, they would need to update their
original plan, occupying some time. As a consequence, for shorter delays, animals
would produce slower RTs and the longer the delay, the quicker we might expect them
to respond, as they would have had more time to switch away from their default
plan. To evaluate this, we fit, for each animal, two robust linear regressions, one for
rewarded and the other for non-rewarded RT. We use as predictor the go cue delay

37



duration divided into quintiles and compare the resulting distribution of slopes and
intercepts. We show the scatter plots of go cue delay duration and reaction times,
colored by target values, and the resulting regression line for one example animal
(Fig. 2.3 B). When comparing the distribution of the fitted predictor values for each
regression line (Fig. 2.3 C), a Mann-Whitney test shows that non-rewarded trials
have smaller slopes (mean = −14.41ms/ms, SD = 11.87ms/ms) than rewarded trials
(mean = −2.16ms/ms, SD = 3.06ms/ms), U = 28, p = .001. This verifies that the
slopes for rewarded trials are centered in 0, whilst the slopes for non-rewarded are
mostly negative. These observations are consistent with our hypothesis: animals need
additional time to update their original plan and settle in a new one, given the current
trial requirements.

2.2.3 Behavioral signatures of inference as indicators of a task model

Our task comprises two possible contexts and context-driven behavioral responses
also have another relevant implication: if animals were to learn that there are two
discrete context, once they receive an unexpected outcome from a cue-response con-
tingency, they could update the context in which they believe they are in. This
would allow them to modify their responses globally, including responses for the non-
experienced target. To evaluate whether this was the case, for each animal, we split
transitions depending on the value of the first and second trials in the post-transition
block, this gives 6 possible trial type groups. We split RTs for the groups into deciles
and calculate the median value per decile, excluding the lower and higher ends, the
range of deciles in (0.1, 0.9). We present the resulting data as a box and whiskers
visualization in figure 2.4, where we separate trials by trial order after transition, the
second trial in relation to the first, and value of the movement. In the figure, the two
leftmost boxes are the data from the first trials after transition; the next two are the
data for second trials when animals were sent to the non-experienced location; and the
last two bars includes data for second trials towards the same location. We compare
the distribution of RT deciles between groups, considering the animals as blocking
variable. An omnibus test, Friedman rank sum test, indicates that the groups are dif-
ferent between themselves, χ2(5) = 60.16, p = 1.12∗10−11. To evaluate the differences
between group, we perform pairwise comparisons using a Conover post-hoc test, using
as blocking variable the animal identities, comparing between the groups. We use the
Bonferroni correction to adjust p values for multiple comparisons. The result of this
comparison is presented as the lines connecting bars in figure 2.4.
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Box and whiskers plots of reaction times for the first two trials per block by target value,
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The first difference is within the first trials, where RTs to both trial types are
significantly different between each other, p = 2.9 ∗ 10−4. As this are the first trials
after the transition, animals are unaware of the change in contingencies, and initiate
movements to non rewarded location quickly (mean = 124.06ms, SD = 68, 22), and
slower for rewarded (mean = 349.75ms, SD = 284.85). For the second trials, there is a
significant difference between trial that followed a rewarding outcome (p = 1.9∗10−2),
second non rewarded different (mean = 273.73ms, SD = 253.61) and second rewarded
same (mean = 130.03ms, SD = 79.78). For trials after a surprising non rewarded
outcome, there are no significant differences between the groups (p = 4.9 ∗ 10−1) of
trials in second rewarded different (mean = 203.60ms, SD = 159.14) and second
trial non rewarded same (mean = 165.25ms, SD = 119.86). These comparisons are
indicative of an update after a surprising reward for the non-experienced outcome,
but that this is not the case when the surprising outcome is non-rewarding. This is
also noticeable in the differences between first trials rewarded and second trials to
the same location (p = 4.4 ∗ 10−4), and first non-rewarded and second non-rewarded
different (p = 1.4 ∗ 10−2). As both comparisons imply that animals changed their
responses after experiencing a surprising reward as a first result after a transition.
Interestingly, even though after a non-rewarding first trial animals do update their
responses toward the non-experienced side, if sent a second time towards the same
non-rewarded target, they have still not fully updated their RTs, we interpret this as
if they were being optimistic in their outcome expectations.

In summary, these observations imply that after surprising outcomes, the animals
are updating their behavior to both experienced and non-experienced targets. This
represents an inference-like mechanism, as they have made a change in their responses
not only to the experienced target, but also to the non-experienced one. But, they
are not fully updating their responses in the case of surprising non-rewarded outcome,
animals maintain fast RTs to the previously rewarded target after two consecutive
non-rewarded outcomes. This over-optimism could appear, because it takes longer
for them to update their responses when learning from non-positive outcomes where
novel information is weighed differently depending on the difference in obtained value
with respect to the expected (Sharot, 2011).

2.2.4 Embodied signatures of context-dependent default motor plan

One way in which animals could be preparing movements to a particular side,
depending on their knowledge of the context, is to orient themselves in a way that could
facilitate this movement. To check if animals are in fact embodying their preference,
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we consider their pose at trial initiation. In case they were to have a default motor
plan, they could enter trials orienting themselves to facilitate reaching the target
where they expect to receive reward. In a single session from two animals (Fig. 2.5
A), we can see that their body position at trial initiation are more similar depending
on reward location, as can be seen by the contrasts presented. The almost specular
appearance of the images, implies that animals are orienting their bodies differently
when they expect the reward to be on the left or right. This orientation difference
is made clearer if we look at the average medial axis from all frames with respect to
context (thick colored lines on the panels in Fig. 2.5 A). When looking at all individual
animal across sessions (Fig. 2.5 AB), we observe the same general pattern. Animals
initiate trials with a particular body orientation depending on the reward location for
the current context.

difference of mean trial initiation frame and medial central axis by trial context 
(left - right)

reward on left reward on right

A trial initiation by reward location
all session by all animal

B

Figure 2.5: Animals initiate trials in with particular body orientations depending
on context. A. Each panel shows the difference between mean first frame at trial initiation
by context for a whole session for two single animals. Given the contrast, left — right, in
black are the trials where reward would be given on the left, and in white when reward would
have been given on the right. Overlaid to the contrast, we draw the central axis for each
trial mean central axis of each individual frame colored by context, mustard reward on left,
purple reward on right. Thinner lines are the individual frame medial axis, thicker lines their
mean. B. Median central axis for first frame at trial initiation for all six animals, with video
recordings separated by context. The background is the reference frame used in analyzes,
ovelayed are the individual session for all animals, thin lines, and in white the median by
context for each animal across sessions. Each animal is labeled by the marker in the white
lines. The colors for the lines are the same as in panel A.

2.3 Discussion

The presented results imply that in the presented delayed movement task, animals
learn the presence of two discrete contexts. This is noticeable in the observations that
animals prefer rewarded over non-rewarded trials and that they initiate movements
towards the targets with different RT distributions for rewarded and non-rewarded
trials. On the one hand, if animals waited for the movement cue, they are more
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likely to break fixation for non-rewarded trials during almost all possible go cue delay
durations. Supporting the idea that animals have a preference for the rewarded trials,
and are willing to take a time out to avoid going to the non-rewarded side. On the
other, the RT distribution for non-rewarded trials appear to be scaled with respect to
the distribution associated to rewarded trials, implying an active procedural cost in
the production of these movements. Consequently, we pose that this effect is not only
driven by motivational value, or vigor, but also by the presence of a default motor
plan. A loaded program to go towards the rewarded location that has to be modified
if the animal is cued to do the non-preferred action. We derive this interpretation
from the behavioral patterns of broken fixations before movement cue, the distinctive
evolution of RT over go cue delay duration by cued target value, and the differences in
postures at trial initiation given contexts. For animal choices in broken fixation before
movement cue presentation, animals are more likely to select the port where reward
would have been given for that block, implying a bias for that location. The differential
effects by target value over delay duration is noticeable in the manner in which go cue
delay duration affects RT for trials that will be or not rewarded. A default motor plan
to go to the rewarded side, implies that there should be negligible effect in the RT
for the rewarded trials, whereas for non-rewarded trials it should take longer for the
animal to initiate the movement. Because of this, for non-rewarded movement, short
go cue delays have longer RT, and the longer the go cue delay, having more time to
update their original plan, the quicker they are. The last evidence about the default
motor plan is that this preference for rewarded location is embodied in the manners
in which animals position themselves in the nose port at trial initiation, before being
told where they will be sent. We also showed that knowledge about the context allows
animals to build an internal model of the task, allowing them to update their responses
to both experienced and non-experienced contingencies after a surprising outcome. As
we showed that a surprising outcome in one of the targets, is followed by a change in
how they respond to the other. There seems to be a difference in the effect of this
update when the surprise is positive or negative: positive surprising outcomes drive a
faster update of the behavior. Importantly, we are able to notice this default motor
plan given our manipulation on the delays and the freely moving nature of our task,
as they give the behavior of the rats more space to express their intentions.

In conclusion, we provide evidence that animals build an understanding of the
different context in the task; that they are not only responding with a difference
driven by vigor, but also by preparing a movement towards a preferred location in
each context; that they are updating this plan, depending on trial contingencies; that
they embody this knowledge about context in how they initiate trial; and finally, that
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they are using knowledge about context to update their responses globally after expe-
riencing a surprising outcome. The similarity of our results with previous studies in
primates support the presence of a conserved mechanism between mammalians, which
allows the preparation and update of motor plans depending on expected outcomes.
These observations highlight the degree of flexibility of the cognitive mapping of the
animal model organism, that allows them to map contexts and state of the environ-
ment into generalizations yielding inference-like behaviors. These forms of biasing
action selection, by means of learning and updating mappings from previous experi-
ence, is a hallmark of the reinforcement-learning framework. This operationalization
of agent-environment relations, allows modeling and exploring how an agent learns
about how his actions drive environmental changes, from which the agent receives
different rewards. These contingencies, allows the agent to learn mappings of states,
actions and outcomes, and to select better policies given the expected outcomes of the
current state and future ones.

The cortico-basal ganglia-thalamo-cortical circuit has the relevant architecture
and connections to implement motor controlling and behavior biasing processes given
actions-outcomes expectations, to prepare a default motor plan, and update the action
plan once the task demands it. Taking into account the connectivity of the circuit,
we expect that output regions of basal ganglia (BG), such as substantia nigra pars
reticulata, should send relevant signals to motor regions of the thalamus, ventral
anterior and lateral nuclei of the thalamus. As the nigrothalamic pathway is the
shortest path that BG reinforcement-learning like algorithms can use to inform or
bias cortical activity towards the selection of preferred responses and update these
programs to changes in environmental demands. In the next chapter, we present the
results from recordings of neurons in the output of the BG and motor thalamus, and
propose how they relate to the observed results.

2.4 Methods

2.4.1 Animals

A total of 14 adult male Long-Evans rats between ages 5–16 months were used
in this study, all acquired either from the Champalimaud Foundation Vivarium or
Charles Rivers Laboratories. All animals were housed in groups of two to four animals
per cage, under a regular 12 h dark/light cycle, with lights ON cycle starting at 8:00
am. After the first day of behavioral training, they were weighted and maintained
under water-deprivation for the rest of the experiments with ad-libitum access to

43



food. Their weight and general well-being was assessed daily before experiments, and
their participation in experiments was stopped if weight decreased more than 80% of
their original baseline. In which case, they were single housed and given a week of
ad-libitum access to water, their weight after this period was considered their new
baseline and experiments resumed.

2.4.2 Behavioral apparatus

All experiments were conducted in a behavioral plastic box (TROFAST, IKEA),
with dimensions 36 cm tall, 22.5 cm wide and 35 cm long. The box interior had three
equidistantly distributed nose ports at floor level in one wall, one speaker, and was
lighted from a custom-made lid that allowed video recordings. The nose ports were
3d printed and housed a white LED. An infrared emitter-sensor pair that allowed the
detection of port entries and exits, and their outside facing layer allowed the accom-
modation of a printed circuit board (Champalimaud Foundation Scientific Hardware
Platform). The two lateral ports were also equipped with a metallic spout connected
to a 20 mL syringe via a solenoid valve (LHDA1231215H, Lee Company). A micro-
controller board (Arduino Mega 2560, Arduino) was used to monitor and control all
the sensors, peripherals, and actuators through a finite state machine. The produced
and detected port events and other task related data were timestamped and serially
communicated to a computer desktop with a Windows 10 operating system and stored
in a text file using a python script.

2.4.3 Behavioral assay

2.4.3.1 Pre-training procedure

Animals were gently situated inside the box 5 days a week for sessions that lasted
2 hours. Before the experimental task was introduced, they were trained to relate
the box elements and their responses to task variables. The procedure started by
acclimatizing them to the box and to learn the reward delivery condition, for one
session both lateral ports LEDs are lit and any entry in them results in the delivery of
25 µL of plain water and an auditory tone (1750 Hz, 150 ms). The next day, we start
training them to learn the trial based task structure and the contingencies between
cues, ports interactions, and reward availability. Every trial after the first, starts 9 s
after the previous, this is the inter trial onset interval (ITOI). Before starting a new
trial, one of the lateral ports is randomly selected, and trial availability is signaled
when the center port LED is lit, and it starts with center port entry. This leads to a
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brief white noise (1 ms), the put out of the center LED, and the selected lateral port
LED is lit, this is followed by an auditory go cue (7000 Hz, 125 ms). Entry in the lit
port results in reward delivery, and entries to the unlit one are inconsequential. From
this session onwards, animals are trained to withhold movements while maintaining
their snouts inside (fixating) in the center port for longer periods of time. To this end,
in every trial after selecting the lateral port, we randomly sample a duration from
a Gaussian distribution that increases in steps of 10 ms in mean as animals perform
correctly, and decreases 2 ms if they make a mistake. The sampled duration is used as
the delay between the center poke entry, and the auditory go cue. Every trial where
animals sustained the center port fixation for the required time, a lit side port entry is
rewarded, but entries in the other ports are inconsequential. Leaving the center port
prematurely for more than 30 ms, breaking fixation, leads to the side port LED to be
unlit, a burst of white noise (150 ms) and a time-out. That implies that the next trial
will take 10 more seconds to start. We repeat this training procedure until animals
are capable of performing correctly for more than 100 trials with durations sampled
from a distribution centered at 4 seconds for 2 consecutive days. All tested animals
took at most 3 weeks to reach this stage.

2.4.3.2 Task training procedure

After animals have learned the relevant contingencies between their actions, box
events, cues, and the reward location, we introduce the possibility of making errors
and a new delay. The procedure is split in two stages, the first stage consists in one
session where each trial start by sampling two delays from a truncated exponential
distribution centered at 1500 ms, with a minimum of 250 ms and maximum of 3000 ms.
If a sample were to fall outside this range, we sample another until both values lie
within these boundaries. The values are assigned to a movement cue delay and a go
cue delay. Afterward, a side port is randomly chosen and the center port LED is
lit. Following center port fixation, this LED is put out, and if the animal maintains
the fixation for at least the movement cue delay, the selected side port LED is lit.
If the animal sustains their snout in the center port for the go cue delay duration,
the auditory go cue is given and a lit side port entry is rewarded. If the animal were
to enter the unlit lateral port, a white noise burst (120 ms) will be played, and a
time-out of 10 s would be added to the ITOI. Breaking center port fixation before the
go cue is given is also discouraged by a time-out. In the next stage, we introduce
the animals to the case where not all side port entries will deliver reward. During
this stage, all contingencies and trial structure are maintained, but every session, a
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reward-delivery probability is chosen. During this session, after delays and side port
selection, a random value is sampled uniformly in the range [0, 1], if the value is above
the fixed reward-delivery probability. In case the animal were to maintain fixation
in the center port for the duration of the sum of the two delays, entry in the lit side
port will not result in reward delivery. Animals stay in these stage until they are
capable of obtaining more than 7 mL of water during two consecutive sessions, with a
reward-delivery probability of 0.75. Animals fulfilled this training requirements in a
week, and no animal took more than 2 weeks to achieve this performance.

2.4.3.3 Task procedure

After animals had learned all the aforementioned cue and behavior contingencies,
they are introduced to the delayed movement task. At the beginning of each 2 h
session, one of the side ports is randomly chosen as the rewarded side, and a block
duration value is sampled uniformly within the range [30, 40]. Before each trial, we
sample a ‘movement cue‘ and a ‘go cue‘ delay from a truncated exponential distribution
in the range [250, 3000]ms, with mean 1500 ms, also a target side port is pseudo
randomly selected. Trials after the first one are available with an ITOI of 9 seconds,
that is, each trial starts after at least this time has elapsed since the initiation of the
last. Trial availability is signaled by the LED in the center port being lit. Once the
animal fixates his snout inside the port, the LED is put out, a brief 1ms white noise
tone is played, and a stopwatch starts running for the duration of the movement cue
delay. If the animal maintains the center fixation for this period, the target side port
LED is lit to signal the target direction, and a second stopwatch start running for the
duration of the go cue delay. In case the animal were to keep the fixation in the center
port for this delay, a brief auditory tone is played (7000 Hz, 150 ms) as a go cue signal,
and he can leave the center port. Once the animal leaves the center port, marking
the reaction time. If he reaches the lit lateral port, the LED is unlit, another brief
tone is played (1750 Hz, 150 ms) to signal the correct choice, and the trial would count
as valid and correct. If rewarded side and target side were to be the same, 0.25 µL
water reward is given, in other case, there is no reward would given. In the event
the animal were to leave the center port before the go cue tone plays, a brief white
noise would be played (120 ms). The trial, would be counted as a broken fixation,
and a time-out would be given to the animal (adding 10 s to the ITOI). Similarly,
if the animal were to fixate up to the go cue, but entered the unlit port, the same
error white noise tone would be played and a time-out given, but this would count as a
valid error trial. After the block-duration number of trials, the rewarded side is flipped
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without any signals about this given to the animal, another block duration is sampled
and the session continues. The first four trials after a transition, target directions
are sampled uniformly random. After these, all target directions are subject to a
pseudo-random selection procedure. To this end, we keep track of the left and right
report probabilities, regardless of being correct or error, and sampling a random value
for selecting a left direction trial. We also estimate the probabilities of responding to
the rewarded or non-rewarded trial, and draw a random value of selecting a rewarded
trial. We then pick the maximum between probabilities for laterality and value and
consider them the respective biases. If the laterality bias is higher, we compare the
probability of selecting a left direction trial with the leftward reports probability, if the
random value is higher, we choose the left target direction, else we choose the right.
If the value bias were higher, we compare the probability of selecting a rewarded trial
with the probability of making a rewarded choice, if the first is higher we sample a
rewarded trial, else we sample a non-rewarded. In case of a tie between the laterality
and value biases, we use the sampled choice left and choice rewarded direction values
as the biases. This procedure enforced that animals had to make the same number of
valid trials for both rewarded condition and target locations, controlling for possible
value or laterality biases. We also use a correction-loop procedure during the task, if
the animal were to make 3 incorrect responses for the same trial type, we would only
give them those types of trials until the number of errors dropped below 3. Correction-
loop trials are not counted as valid, and their responses have no effect on the counter
of trials in the block.

Behavioral analyses

For all animals, we removed from all analyses the first 20 sessions after being
introduced to the task, as during this period their behavior is still crystallizing. We
also remove from each animal sessions where their performance for valid trials was
below 80%; session with more than 30% broken fixations of the total number of trials;
sessions in which they did not respond for more than 5% of the valid trials; for each
session we calculate a directional bias as the total number of trials to the left over
the total number of trials for valid and correct, and for broken fixation. We further
removed session with a directional bias outside the [30%, 70%] range in any condition.
Finally, except when noted, we also removed the 5 trials after a transition and the first
block of each session. To estimate the linear regressions in figure 2.3 C, we use the
Theil-Sen estimator, implemented in SciPy (scipy.org). For the multiple comparison
analyses, we used the scikit-posthocs library (scikit-posthocs.readthedocs.io/).
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To estimate the hazard rate H of breaking center fixation in the discretized time
interval T̂ = {k1, . . . , kn}, with T = t + ∆t, where t ∈ R+, we use the following
equation:

H(ki) = B(ki)∑n
j=ki+1 B(j) + C(j)

Where B(ki) and C(ki) are the counts of broken fixations and completed trials
at the ith interval, respectively. Thus,

∑n
j=ki+1 B(j) + C(j) is the number of broken

fixations and completed trials occurring after the interval up to the longest cue delay
in T̂—3 s.

2.4.4 Video acquisition and analysis

A digital camera (Flea3 FL3-U3-13S2, Point Grey Research Inc.) was mounted
outside and over the behavioral box. It acquired and recorded the video in the same
desktop computer that was used to save the behavioral data. The stream was ac-
quired using a custom Bonsai workflow (Lopes et al., 2015) and saved them at 30 FPS
in 1280x960 pixels in 8-bit grayscale resolution. The camera received a TTL pulse
at every trial start from the microcontroller to ensure alignment of task events with
the video frames. To get the location of the animals in each video, we trained an
artificial neural network model to do image segmentation, for this we used the seg-
mentation models python library (Iakubovskii, 2019)(https://github.com/qubvel/

segmentation_models.pytorch. Briefly, we sampled 210 frames from different ses-
sions, manually labeled the images with masks to mark the locations of the rat and
the 3 nose ports. Then we sample 147 of the frames (70%) to be used as training
set, 48 to use as validation, and the remaining 15 are used as test. We instantiated a
UNet++ architecture (Zhou et al., 2018) with an EfficientNet encoder with 17 M pa-
rameter pre-trained in the 2012 ILSVRC ImageNet dataset, and trained it to segment
the animals. The F1-score was used as a loss function, and we tracked the Jaccard
index as an accuracy metric in the validation set. For training, we augmented our
data using PyTorch albumentations library (albumentations.ai), we used the hori-
zontal or vertical flip with probability of 0.5; shifted, rotated and or scaled the images;
cropped a 320x320 pixel square and added Gaussian noise to the sample, we varied
the image perspective with probability of 0.5; applied one of two possible transforms,
either Contrast Limited Adaptive Histogram Equalization (CLAHE) or randomized
the image gamma; choose one of the following transformations sharpen, blur or add
motion blur to the image; changed randomly the brightness and contrast, or random-
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ize the HSV values of the image; and finally, we did one of three possible non-rigid
transformations, either an elastic transform, a grid distortion or an optical distortion.
These augmentation procedures were applied to both the cropped image and mask.
This scheme allowed us to make efficient use of our relative small dataset. The network
is trained for 300 iterations, and the resulting model was capable of segment images
from the validation dataset with high accuracy (Jaccard index of 0.95 in the test
dataset) as shown in figure 2.6 panel A. We trained another similar model to segment
the nose ports from the dataset (after training Jaccard index 0.9 in the test dataset,
example result in figure 2.6 panel B). We use this second model to align videos from
different sessions, we took a still image of one of the boxes to be the general reference
frame, and for each session we randomly sample 200 frames and take their median.
From these general and session reference frames, we segmented the location of the
nose ports, and then calculated a rigid affine transform that would put the ports in
the single session in the location of the general reference. This procedure allows us to
put all recorded session in similar a coordinates frame, thus making distances between
them comparable, an example of this procedure is depicted in figure 2.7. To analyse
single trials, we find the central axis of the mask in the frame. For this, we take the
mask of warped single frames, remove any masked areas with less than 10K pixel2

and find the central axis of the region by means of a skeletonization operation. To
transform the pixels into a line, we find the location of the pixels in the medial axis,
find the two edge points, and sort them by their Euclidean distance starting from the
point closer to the central port. After sorting, we interpolate this medial axis line
to 100 points and keep 5 equally spaced points, starting from the one closer to the
central port and ending in the last end point.
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rat masked frameoriginal frame

ports masked frameoriginal frame

A

B

Figure 2.6: Segmentation of the rat and nose ports in video frames. A. The image
shows an example frame from the test set after training the segmentation model to mask the
animal. In the top row are the original frame and mask, on the bottom the predicted mask
and the overlay between the mask and frame. B. We also trained a segmentation model to
mark the pokes in the boxes. Top row shows an example frame from the test set and the
mask for the poke associated to it, bottom row show the predicted mask and the overlay of
the mask and frame.

original frame reference frame

warped frame overlay

Figure 2.7: Warping of video frames with respect to the poke locations. Using the
port locations from a reference frame, we compute a rigid affine transform to warp a frame into
the same orientation and general spatial distribution. The top row depicts the original and
reference frame, the bottom shows the warped original frame and the overlay of the warped
and reference frames.
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Chapter 3
Basal ganglia output and thalamic correlates of context

dependent preparation

And now, for something completely
different.

Monty Python

3.1 Introduction

Recognizing the underlying setting or circumstances that give meaning to an event
—what in general language we would call a context— gives animals the advantage of
being able to prepare the actions they expect to be more beneficial. The ability of
grouping states of the world and being able to understand that similar actions might
imply different outcomes, allows animals to anticipate how to face changing situations,
once they understand how they relate to previously experienced ones. In the previous
chapter, we observed how, through their behavior, animals understand that our task
has two distinctive contexts and initiate trials with a plan to go towards the rewarded
port. This default motor plan is updated when the target location is different to the
desired, and implies a cost in the time it takes them to initiate the movements towards
the non preferred target. From a modelling perspective, animals can be considered
agents confronted with an environment over which they have to act, and from which
they receive observations and rewards. This is an operational definition that frames
the problems from a reinforcement-learning perspective. From this view, the animal
needs to learn in which way the available actions that the environment can receive
will lead to better cumulative outcomes. To allow this, the agent needs to perceive
environmental cues, relate the actions taken and their outcomes to the underlying
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states of the environment, and learn through experience what policies would better
serve for the long term goal. Current interpretations of the cortico-basal ganglia-
thalamo-cortical (CBGTC) circuit indicate that this circuits contains all the relevant
and necessary elements to perform these computations. Cortical activity, representing
the environment, actions, and contexts, is transmitted to the basal ganglia nuclei
(BG). Here, dopaminergic (DA) signals modulate synaptic weights at cortical and
thalamic target regions in the striatum, allowing for selection of actions that have
resulted in better outcomes from the presented possibilities. These mappings learned
over experiences, will drive the activity of the two synergetic pathways internal to the
BG, that will communicate to output regions which actions to enforce or suppress
depending on the expected outcomes.

A large portion of the cortical mantle receives sensory stimuli from the internal and
external environment, and organizes it in hierarchically and structured components
(Bennett and Hacker, 2012; Kandel, 2013). This organization allows the development
of maps, e.g., body or retinal (Welker, 1971; Tootell et al., 1988) that can facilitate
the organization of what is available and possible to be done (Cisek, 2007). As an
illustration, primary and premotor cortices have been shown to produce signals related
to deliberation and commitment during decision-making (Thura and Cisek, 2014); and
signals in the frontal-eye-field in primates and frontal-orienting-field in rodents show
motor selection signatures before saccades or orienting movements (Hauser et al.,
2018; Erlich et al., 2011; Boyd-Meredith et al., 2022). These cortical contents can
be considered a state representation, that can interact with motor and expectations
signals to facilitate responses to environmental calls for action. Higher in the cortical
hierarchy, the frontal lobe, known as a higher order associative region (Nauta, 1972),
has been shown to encode for these expectation signals (Schweimer and Hauber, 2005;
Oswal et al., 2007) and being relevant in reward-guided learning and decision-making
(Rushworth et al., 2011). Below the cortical mantle, the basal ganglia (BG) input
area, striatum, receives organized projections from the many cortical and thalamic
regions (Hunnicutt et al., 2016; Hintiryan et al., 2016), and sends modulatory signals
that will excite or inhibit motor plans via BG output regions (Mink, 1996). The
cortical mappings are also maintained in striatum, and seems to be a relevant feature
present along the different nodes of the BG (Romanelli et al., 2005; Nambu, 2011).
Dopaminergic (DA) nuclei intrinsic to the BG, the ventral tegmental area (VTA) and
the substantia nigra pars compacta (SNc), shape the synaptic weights at corticostriatal
and thalmostriatal projections (Centonze et al., 2001; Shen et al., 2008; Gerfen and
Surmeier, 2011) facilitating the maintenance of a policy-like mapping of states and
valuable actions. The interplay of striatum and DA signals will also affect other
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two intrinsic regions of the BG, the subthalamic (STN) and the external segment
of the globus pallidus (GPe). All share the structured connectivity present in both
cortex and striatum van Dijk et al. (2016); Iwamuro et al. (2017), and selectively
modify the activity of the output regions of the BG, namely substantia nigra pars
reticulata (SNr) and the internal segment of the globus pallidus (GPi), the homologous
in rodents being the entopeduncular nucleus (EP). Striatal inhibitory projections, and
the interactions of GPe and STN inhibitory and excitatory projections, respectively,
shape the direct and indirect pathways that increase or decrease the inhibitory outputs
regions (Gerfen and Bolam, 2010). The interplay between excitatory and inhibitory
projections seems to be at the base of precise motor control (Chen et al., 2021), and
the production of goal-oriented behaviors, by suppressing competing actions (Cruz
et al., 2022). BG output nuclei, GPi and SNr, have shown relevant motor signals, as
can be expected (Benhamou and Cohen, 2014), and also convey value signals (Yasuda
and Hikosaka, 2015) to their downstream targets. These output structures project to
motor controlling regions in the brainstem and cerebellum, but also send projections
to motor related nuclei in the thalamus (Sakai et al., 1998; Nishimura et al., 1997;
Kuramoto et al., 2011). These motor thalamic (MTh) nuclei also send projections to
cortex and striatum, showing a closed loop architecture (Parent and Hazrati, 1995a;
Kuramoto et al., 2009; Foster et al., 2021). As already mentioned, along the processing
pipeline, there seems to be a parallel and hierarchical structure maintained, where
cortical territories and hierarchies are conserved in the receiving structures (Kim and
Hikosaka, 2015; Hooks et al., 2018; Foster et al., 2021; Maurin et al., 1999). This has
lead to the notion that the CBGTC circuitry could be sustaining multiple parallel
representations that access only partial observations of the environment at hand (Lau
et al., 2017). The original oculomotor 1DR-ADR task (Kawagoe et al., 1998) and
subsequent modification, have greatly informed about the roles of BG in shaping
the reward orienting responses of animals (Hikosaka et al., 2000, 2006, 2014). And,
the interplay between the CBGTC network are good candidates to be the source
of changes in corticospinal excitability associated to expected rewards in effectors
before action execution (Klein et al., 2012; Bundt et al., 2016), which could be driving
behavioral effects such as the ones we previously demonstrated in the previous chapter
(see chapter 2).

Taking into account our task relevant manipulations on value based movement
preparation and reward expectation (Fig. 3.1 A) the roles of CBGTC nodes in the
learning and computations of these relevant features, and the architectural constraints
of the circuit. We decide to focus on the BG output and MTh (Fig. 3.1 B), as this
link is the shortest path that BG computations can take to reach cortex (Gerfen and
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Bolam, 2010). From the outputs of BG we focus on SNr as it has the largest cell
population (Oorschot, 1996), receives denser inputs than GPi (Foster et al., 2021),
and has been shown to carry reward expectation signals (Bryden et al., 2011). From
the MTh, we focus on the ventral anterior and lateral (VA/VL) nuclei, as it has been
shown to receive from SNr and mainly project to motor cortices and striatum (Sakai
et al., 1998; Kuramoto et al., 2009; McFarland and Haber, 2000, 2002). We focus on
the activity around trial initiation, movement cue presentation and port-out event as
this are key moments within the task, where the animal has access to different levels of
information. During trial initiation, the animal is only aware about the context of the
current trial; at movement cue presentation, the animal is informed about the target
direction and, with this information, can also be aware of the value of the upcoming
movement; finally, before port-out, the animal already is committed or has updated a
motor plan that is going to be initiated. During these events and in regions of interest,
we expect that relevant task features should be detectable in BG output regions and in
motor thalamus. Given our task features or dimensions, we expect to find signatures
of: context of the current trial, direction of the upcoming movement, expected value
of the movement or interactions between them (Fig 3.1 C). Given the structure of task
contingencies, and these circuit nodes relevancy for the communication of actions and
assigned value expectations to them, we expect both regions to have signatures of
the aforementioned features. Importantly, value signatures should be observable after
context and direction are acknowledged, as this feature depends on the interactions of
the other two. Finally, by taking into account the modulatory roles of the main cell
populations in both regions over their downstream targets, we expect differences in
the stability of the signals during the period after go cue and movement initiation. In
this sense, as BG output is mainly inhibitory of downstream areas, it should maintain
the inhibition of a selected plan, regardless of value; whereas, given MTh excitatory
role on cortical and striatal populations, it should mainly facilitate the updating of a
new plan given task contingencies. In particular, during shorter delays, the stability
should change quickly to facilitate the update of the default motor plan. We first show
that animals in these experiments have similar behavioral results to non-implanted
ones, then we focus on single neuron correlates of task events, and finally we move
to population analyses by means of linear decoders. We use linear decoders in two
different manners: First, we use them to show how decodable information about
context, direction, and value evolves over time. Secondly, we use them to evaluate the
stability of the information in the population activity between the initiation of the
selected movement and once the target has been reached.
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Figure 3.1: Task description, implant location and hypothetical signatures. A.
Task description, we used the same procedures as in chapter 2. Briefly, animals are required
to initiate trials in a center port, and wait for two delays whilst maintaining the fixation. After
the first delay, one of the lateral ports LED is lit, and after the second delay an auditory cue
is given to inform them that they can leave the center to go to the cued location. Importantly,
in blocks of trials the animal will only receive rewards in one of the lateral ports, and this
contingency will change without informing the animal. If they were to leave the center port
before the auditory cue or go to the non cued location, a time-out would be given, for an in dept
explanation the reader is invited to look at section 2.4.3.3. B. Location and arrangements
of the electrodes in the target regions, we target motor nuclei of the thalamus (VA/VL),
and substantia nigra pars reticulata (SNr), surgery procedure and implant coordinates are
described in section 3.4.3. Location od target region are highlighted in pink. Image adapted
from Paxinos and Watson (1998). C. Color coding to be used when depicting single cell
activity, and hypothetical task dimension signatures that could be present in single cells. Non
rewarded trials have dotted lines, and rewarded continuous; to mark target direction we use
cyan for left targets and blue for right, ipsiversive and contraversive, respectively. For task
dimensions, a pairing of different colors and line styles implies contextual information; pairing
of line colors implies direction; pairing of line style value; and, isolation of one line style and
color indicates an interaction between direction and value.
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3.2 Results

To ensure that the procedure did not affect negatively the performance or relevant
behavioral signatures, we evaluate whether implanted animal show context dependent
action mapping, and a default motor plan that updates by task demands. We analyze
behavioral responses using the same procedures described in Chap. 2. We first eval-
uate if rats display context dependent mapping of responses. In the stable trials, we
observe that RTs are affected target value; implanted rats are slower for non rewarded
trials in comparison to rewarded (Fig. 3.2 A). In consonance with non-implanted
animals, RTs for non rewarded targets are scaled with respect to the rewarded (Fig.
3.2 C). In sum, these observations indicate that implanted animals are aware of the
context of the block in which they are in, and that they initiate their responses driven
by the expected outcomes.
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Figure 3.2: Implanted animals display all relevant behavioral correlates of context
understanding and motor plan preparation. A. Marginal distribution for all valid
trials with respect to target value. The colors used are green for rewarded, and orange for
non-rewarded. B. Median reaction times for all sessions by animal divided in quantiles,
marginalized by target value. We use as abscissa the value for non-rewarded and ordinate
the rewarded, In black is the mean over animals, and gray each individual animal. C. Hazard
rates for broken fixations after movement cue presentation over go cue delay duration by target
values. We calculate the individual hazard rates by animal and present the mean and SEM,
orange for upcoming non-rewarded movements and green for rewarded. D. Distribution of
robust linear regression coefficients for the 5 recorded animal, the model was fitted to predict
RT from the go cue delay duration. In orange coefficients for non rewarded, green rewarded.

When evaluating if the implanted animals also display the behavioral signatures
associated with a default motor plan that they update by task demands (Fig. 3.2
C & D). We observe that, on one hand, for broken fixations after the movement cue
presentation, they are more likely to abort trials for non rewarded targets (Fig. 3.2
C). When we fit robust linear regressions to predict the reaction time using the go cue
delay duration as predictor, and compare the distribution of coefficients. We notice
that coefficients for non rewarded movements are in general negative, whilst those of
rewarded are all centered at 0 (Fig. 3.2 D). These results imply that implanted rats
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are willing to wait longer for rewarded movements, but for non rewarded they prefer
not to. And, that they initiate the trial with a plan to towards the rewarded location,
but that they update this original plan with a cost in reaction times.

In sum, these observations are indicative that implanted rats are expressing the
same behavioral signatures as the non-implanted. This allows us to start looking for
the relevant correlates of these behavioral patterns in our electrophysiological record-
ings.

3.2.1 Single neuron in both BG and MTh show multiplexed corre-
lates of task dimensions and behavior

The first step to relate the activity of the recorded population to our task is
to observe single cells responses around the task events in different trial types. After
organizing trials by context, movement direction and value, we can average the number
of spikes of the recorded units in time bins around relevant task events, to build their
peri-stimulus time histograms (PETH). We show one representative units from each
recorded region, to highlight how the information carried by the single units varies
over time and task events, indicating a kind of multiplexing of information. Where,
a single neuron, or channel of information, carries different signals at different time
points.

In one representative single unit SU recorded in SNr (Fig. 3.3), we observe a
higher density of activity shortly after trial initiation for trials when the reward would
be given on the left, as noticeable in the raster plot and PETH. After movement cue
presentation, the number of spikes increases for trials where the animal will be sent
to the right and receive a reward. And finally, around the initiation of the response,
port-out, there is a higher firing rate in general for movements to the right. Thus, we
can say that this single neuron response is changing during trial events; first informing
about the block type, or context, that the trial is in; after movement cue the response
shows an interaction between direction and value, and finally when the animal is
going to initiate the movement towards the target, it informs about the direction of
the movement.

The example neuron recorded in MTh (Fig. 3.4) also shows the context signal at
trial initiation. But, after movement cue presentation, the main increase in activity
seems to be related to the value of the upcoming movements, and this is sustained
until after the animal initiates his movement. We also notice that these unit varies
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Figure 3.3: SNr unit shows different activity at behavioral events. Single cell raster
plots (top row) and PETHs (bottom row) for the behavioral event, ordered in the three first
columns. On top of each column, we add the descriptive signature that is observed from the
analysis. Colors at the edges of the raster plots help to group trial types: orange for non
rewarded trials and green rewarded; mustard and purple mark trials in blocks where reward
would be available on the left or right, respectively; Cyan and blue group trial where target
movement was to the left or right, respectively. PETHs color and line styles reflect trial
type, continuous lines are trials that will be rewarded, dotted trials without reward. Lines in
cyan are averages for trials with target direction to the left, and blue to the right. In both
raster and PETH, we include a vertical red dashed line to mark the onset of the event. For
raster plots, we add a white dot to mark the occurrence of the following task event. The
panels in the rightmost column show the average waveform and its 50% and 95% CI, top; the
autocorrelogram, middle; and inter-spike-intervals distribution (ISI), bottom.
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his response over the trial events, carrying different information to downstream pop-
ulations.
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Figure 3.4: MTh unit shows different activity at behavioral events. Raster plots
and PETHs from a single neuron in MTh during the task. The structure, color coding, line
style and marks are similar to those in figure 3.3.

As we are interested in the reliability of the information that these neurons carry
over time, we calculate the area under the receiver operating characteristic AUC-
ROC curve. This is a single value that quantifies the ability of a binary classifier
to discriminate between classes when the threshold is varied. In the single neuron
case, the classes are defined by the trial class, and the classifier values are the spike
counts of the neuron for each class. Briefly, this metric is calculated by integrating
over the ratios between true positives and false positives when varying a threshold
applied to the classifier responses. In this case, the threshold is the number of spikes
per time bin for each trial type. The perfect score of 1 implies that the classifier would
never err to predict the target class, and a score of 0.5 means that the classifier can
not differentiate between the two classes. It is important to make note that a score
below 0.5 means that the classifier is better at predicting the non-target class. To
evaluate the performance of the AUC-ROC metric, we perform a permutation test.
In the figures, we color values significantly different from the distribution of values
with randomized labels (for a more complete description of the data processing and
statistics, the reader is invited to look at this chapter methods in section 3.4.4).

For the well isolated SUs in SNr, we observe that AUC-ROC scores for context
dimension (Fig. 3.5 top) are significantly high before trial initiation, different neurons
carry information about current reward location, for both contexts. This information
is sustained during movement cue presentation and at port-out, there is a higher
number of neurons from whom we could read out in trials where reward would have
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been given in the port contralateral to the recording site, the right. At trial initiation,
there is no clear encoding of trial direction (Fig. 3.5 middle), as expected given that
this information is not available yet to the animals. But, shortly after movement
cue presentation, we find neurons that reliably inform when the animal will be asked
to move to the port ipsi- or contralateral to the recording site, the left, or right
respectively. At port-out, this information is also present and there are more cells
are encoding ipsiversive than contraversive movements. Finally, when evaluating the
target value of the trial (Fig. 3.5 bottom), we also see no decodability at trial initiation.
After movement cue presentation, a large fraction of the cells are informative about
rewarded trials. And, this information and relative presence is maintained around
port-out. There is a broad literature on the effects of expected outcomes in the activity
of SNr (Bryden et al., 2011; Sato and Hikosaka, 2002) and even during consummatory
behavior by means of upstream D1/D2 MSN in striatum (Chen et al., 2021).

For the population of well isolated putative neurons in MTh, we start by looking
at the information about the context (Fig. 3.6 A) and observe that it is possible to
predict context at trial initiation. Around movement cue, the number of neurons from
whom this dimension labels are decodable is reduced, and by port-out the decodability
is still present but with lower values. For the direction of the upcoming movement
(Fig. 3.6 B), we see no clear patterns around trial initiation, after movement cue
presentation there are cells from whom one could decode ipsi- and contra-versive
movements with respect to the recorded hemisphere. At port-out, there are also cells
encoding also both directions. Finally, when predicting the trial upcoming value (Fig.
3.6 C), at trial initiation we do not observe neurons reliably encoding these classes.
But, after movement cue presentation, from the large majority of cells we could be
informed about rewarded targets movements, which is sustained at port-out.

To gain further insights about the kind of information reliably readable from well
isolated single units independently in both regions. For each unit of time, we calculate
the percentages of cells with AUC-ROC value significantly different from a shuffled
distribution (Fig. 3.71). We first focus on the SNr at trial initiation (Fig. 3.7 top
row left panel), here notice that almost 15% of the population is reliably encoding
context. Before movement cue presentation (Fig. 3.7 top center), the proportion of
cells that encode context increases to about 25% in SNr and after presentation goes
back to similar levels as before. Still after movement cue presentation, around 200
ms post cue, the proportion of independent cells reliable encoding movement and
direction rise in tandem to about 15%. These percentages are maintained during port
out for SNr (Fig. 3.7 top right). With respect to the number of cells encoding the
different dimension, or combinations of them, reliably across time in SNr (Fig. 3.7
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Figure 3.5: Single cell AUC-ROC scores indicate encoding of multiple task di-
mension by cells in SNr. All analysis were performed using only correct and stable trials
during the task. We only color in the AUC-ROC p-values that were significantly different
after a permutation test (for an in depth description of the method the reader is invited to
look at the methods, section 3.4.4). Top Values for AUC-ROC in dimension context, we color
with mustard significant decoding of left rewarded and purple significant right reward context.
Middle AUC-ROC values predicting target direction, we color cyan significant decoding of
leftward, and in blue significant rightward movements. Bottom AUC-ROC for target value,
we use orange to color significant decoding of non rewarded target movement and green sig-
nificant rewarded. Black triangles by the sides of the panels denote the location of the neuron
presented as an example in Fig. 3.3. Neurons are sorted across events, by the norm of the
vector of the maximum values of the AUC-ROC for each event. We mark with a white line
the onset of the event in each panel. Color bars on the rightmost location indicate the label
assigned to the values and color codes in the graphics.
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Figure 3.6: Single cell AUC-ROC scores indicate encoding of multiple task di-
mension by cells in MTh. Analyses follow the same structure and conventions as in fig.
3.5. Top AUC-ROC values when prediction of the trial context from SU. Middle AUC-ROC
values predicting target direction. Bottom AUC-ROC for target value. Black triangles de-
note the location of the neuron presented as an example in Fig. 3.4.
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insets in top row). We notice that at movement cue presentation, there are multiple
cells encoding more than one dimension simultaneously. This latter observation is
also present at port out, even though the majority of cells with high proportion of
reliably decodable time steps per dimension are encoding value. We also find similar
numbers of cells encoding context and value. In addition, at port out, we find that
many cells are encoding more than one dimension. With respect to VA/VL or MTh
at trial initiation (Fig. 3.7 bottom row left panel), we also observe nearly 12% of
cells encoding context. After movement cue presentation (Fig. 3.7 bottom center), we
observe an increase in the proportion of cells encoding upcoming movement before 200
ms have passed. The proportion of cells increasing in decodability for this dimension
is in contrast with the decrease in proportion of cells encoding context around the
same time event. The increase in proportion of direction encoding cells is followed
by an increase in the proportion of neurons encoding value. Around the port out
event (Fig. 3.7 bottom right), value encoding cells are the most prominent before
movement initiation, and once the movement is about to start, the proportion of cells
encoding direction and value increase. When looking at the number of cells in the
MTh that encode the dimensions reliably for large portions of the event (Fig. 3.7
insets in bottom row), we also observe cells encoding more than one dimension. We
see that at port out, the majority of cells that consistently encode task features are
encoding value.

Our single-cell analyses give supporting evidence that individual cells within SNr
and MTh are encoding the relevant task dimension during the task, and that in both
populations there are neurons encoding multiple signal at different times. We observe
that at trial initiation, both regions include a proportion of cells coding for context.
We also notice that at movement cue presentation, neurons in SNr are consistently
encoding information, whereas in MTh, the changes are more transient. Another
difference in the activity of the single cells between regions is that SNr changes seem
to evolve collectively, changes in one dimension are generally followed by changes in
another. At port out, this collective behavior of SNr is maintained, and at this event,
MTh also seems to follow the same pattern. As the proportion of cells encoding
value increases, so does the number of cells encoding direction, even though there is
still a difference in the relative proportion of cells encoding each dimension. If we
focus on the number of units encoding reliably the different dimensions over time, we
notice that both regions maintain relative similar proportions of cells encoding the

1The RGB values of the mean of the colors assigned to each of the two classes per dimension were
transformed into hexadecimal, and the name of the most similar one in icolorpalette.com was used.
Hex values are #AA6753, #0098D0, and #84932C; for context, direction, and value respectively.
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Figure 3.7: The independent cells in each region show dynamical encoding of the
task dimensions. In the figure, we present the percentage of cells in each population that
had AUC-ROC scores significantly different to the shuffled data at each time point. For the
analyses, we included 88 SU from SNr and 42 SU from VA/VL thalamus. Each column of
panels indicates one behavioral event, and each column is one population. In columns the
events are trial initiation, movement cue presentation, and port out. In the rows, the recorded
regions, on top SNr, on the bottom VA/VL nuclei of the thalamus. Each panel includes as
inset the counts of cells that had more than 25% of points significantly different to the shuffled
data during the event duration. The insets are Venn diagrams of cell counts per dimension and
include the intersections between dimensions, if cells encoded more than one dimension during
that period. In each panel, we color context with SoHo red; direction with tomb blue; and,
value with siskin sprout. The colors of the insets use the same scheme as the task dimensions,
and intersections of sets use the sum of the colors associated to each dimension. In the panels,
we mark the moment of the event with a vertical red line, and add a horizontal grey line to
mark the 25% of the population.
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different dimensions and their combinations. This last observation points to a kind of
multiplexing happening in these regions, where the same neurons are sending multiple
signals at different times.

3.2.2 Population activity in both areas show differences in the tem-
poral profile of information

Decoding task dimensions over time allows uncovering the information available
to the population and how this process unravels. To this end, we use a cross-validated
Monte-Carlo sampling method. In particular, we take a linear decoding approach us-
ing response vectors sampled from the whole population of putative neurons recorded.
Briefly, we use support vector machines (SVMs) to find hyperplanes separating popu-
lation responses into two classes. To avoid over-fitting, we train and test the algorithm
in disjoint sets of trials (for a complete description: section 3.4.5). With this method,
we evaluate the accuracy of our population to distinguish between the different task
dimensions over time. This procedure gives us a way to access the information that
downstream regions could decode from our recorded activity (Fig. 3.8).

After training the linear decoders with SNr population activity, our analyses in-
dicate that trial context is decodable with higher than chance accuracy 125 ms before
the trial initiation (Fig. 3.8 A left panel). This accuracy stays at a sustained high
level for all other events. In contrast, as expected given the available information to
the animals, only after movement cue presentation the accuracy for upcoming move-
ment direction and value starts increasing (Fig. 3.8 A, middle panel). The accuracy
for direction starts being decodable significantly better than chance 150 ms after the
cue, decoding of direction starts being reliable at 190 ms after the cue. At port-out,
the SNr population seems to reliably encode all relevant task dimension, nonetheless,
direction reaches the highest accuracy (Fig. 3.8 A, right panel). These signatures of
activity imply that SNr is informing downstream regions about context throughout
trials, and that, after movement cue presentation, populations receiving these mes-
sages could be aware of the upcoming movement direction and value, in that order.
Finally, by the time the animal will unfold the selected motor plan, direction is the
main signal that this region is conveying to receiving populations, nonetheless, all
dimensions are decodable accurately during this event.

When we evaluate the accuracy of the linear decoders over time on the MTh
population, we observe that at trial initiation context is reliably decodable 20 ms
before center port fixation (Fig. 3.8 B, left panel). After movement cue presentation,
the decoding accuracy for context starts at 115 ms, followed by movement direction at
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Figure 3.8: Relevant task features signals are reliably decodable in SNr and MTh.
A. With the activity of SNr we can reliably decode context, and at port-out direction is the best
decodable dimension, for the analyses we included 88 SU and 58 MUA from SNr recordings.
B. From activity in putative neuron in MTh we can decode context at trial initiation, and
at port-out direction and value, for the analyses we included 42 SU and 82 MUA from MTh
recordings. Each column depicts the mean accuracy by dimension, and error bars are the 99%
CI. We use the same line colors as in Fig. 3.7. The colored dots mark the moment when
the accuracy of the decoder starts being significantly different from the shuffled distribution.
If the dot is at the beginning of the line, the dimension is decodable from earlier than the
minimum time; if the dot is absent, the decodability is not significantly accurate.
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145 ms, and finally value at 190 ms (Fig. 3.8 B, middle panel). Still at movement cue
presentation, the decodability accuracy for value stays in high levels, whereas, context
and direction decodability decreases. Around the port-out event, accuracy for value
initiates at a high level and is decodable earlier than 500 before movement initiation
(Fig. 3.8 B, right panel). During the same event, just as the animals are about
to initiate their action, 5 ms before initiation, decodability for direction increases.
At port out, context decodability is never accurately decodable above chance levels.
Taking this activity in consideration, it seems that the populations receiving these
signals, would be informed transiently about the trial context; that the movement cue
drives an increase in the decodability of the value of the upcoming trial; and, that at
port-out, value is the most relevant signal that this region is communicating.

From the decoders over time, we notice a pattern in the time course of the decod-
ability of the signals. On the one hand, at movement cue presentation, both regions
seem to first encode direction and after a short delay value starts to increase in de-
codablility (Fig 3.8 A & B, middle panels). On the other hand, at port-out, SNr leads
in decodability for direction and value in comparison to MTh (Fig 3.8 A & B, right
panels), but value is decodable to a higher degree in MTh population activity.

3.2.3 Stability of decoders performance reveals distinct roles of the
recorded regions

One way to assess the stability of the information available in a population is
to use the so-called “temporal generalization”, or “off-diagonal decoding”, strategies.
Here, multivariate pattern analysis algorithms are fit on one time point, to later be
evaluated in others (King and Dehaene, 2014). As the linear decoder fits coefficients to
optimally classify observed responses in recorded neurons, if the activity is stable, the
classifier accuracy should remain constant over time. Whereas, if the activity changes
into a different state, the decoder would be prone to errors. We are interested in the
evolution of the responses after animals have been informed about the target location,
during the go-cue delay, and how it relates to the activity after the execution of the
motor plan, after the port-out. As we saw in the behavioral results, during the go-cue
delay, animals need to update or commit to their default plan, and non rewarded
trials RTs have a negative correlation with delay duration. Given this, we fit linear
classifiers with the activity of the populations in a window of time after port-out,
but before the animal has reached their target, focusing on the direction and value
dimensions. To later evaluate the accuracy of the trained classifiers in predicting the
label for responses before the go cue is given, splitting the delays in tertiles of the go
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cue durations (for an in depth description, see methods section 3.4.6). In this way,
the accuracy of our decoding scheme informs about the stability in dynamics from our
recorded populations during these periods, and how these dynamics evolves during
the time that animals have for committing-to or updating their motor plan.

For SNr activity, when evaluating decoding stability for direction (Fig 3.9 top),
our analyses show higher than chance decodability for ipsilateral movements through-
out the delay duration. Contralateral movements stay below chance levels, although
shorter delays for rewarded trials start higher than chance and drop to chance levels
afterward (Fig 3.9 top leftmost panel). With respect to the value dimension (Fig. 3.9
bottom), we observe a trend to stay at the threshold level of accuracy for all trial types.
In particular, shorter delays for non rewarded movements quickly rise to the threshold
levels (Fig. 3.9 bottom leftmost and center left panels). This patters of stability, imply
that SNr has a stable encoding of ipsiversive movements, and that contraversive ones
are associated with a reorganization of the activity during the preparatory period.
They are also indicative that value information is somewhat stably encoded in SNr,
and that for non rewarded trials it goes through a quick reorganization during the
shortest delays.
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Figure 3.9: SNr presents a high level of stability of decodability for trials with
ipsilateral movements with respect to the recording hemisphere, and overall high
decodability of trial value. For the analyses, we included 88 SU and 58 MUA from SNr
recordings. Top row depicts decodability stability for task dimension direction, bottom row for
value. Vertical dashed gay lines indicate the median duration of the median and shortest go cue
delay durations, 400 and 250 ms, respectively. Horizontal dashed gray lines indicate different
levels of performance. Colored lines represent the mean accuracy per dimension, and their
shadings depict the 99% CI. Horizontal bars represent the median accuracy of significantly
accurate time point for the SVM decoders in figure 3.8 and a 10% margin around as confidence.
Line style separates the different go cue delay durations, shortest for continuous; medium in
dashed; and, pointed the longest. Colors are the same as in Fig. 3.8.
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In the case of MTh, the stability for target direction stays at chance across all
delay durations and trial types (Fig. 3.10 top). Whilst, decodability of value for non
rewarded trials reaches higher than chance values, though higher for contraversive
trials; and, for the shortest cue delay durations there is a ramping in the stability up
to a plateau (Fig. 3.10 bottom). In sum, this pattern implies that MTh population
activity necessary to decode direction is varying during the go cue delay. Whereas,
activity that could be useful to decode the value of the upcoming trial is more stable
for non rewarded trials, disregarding the direction of the movement to be performed.
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Figure 3.10: Stability of MTh is not stable for direction, but for value is higher
for non rewarded trials. For the analyses, we included 42 SU and 82 MUA from MTh
recordings. Panels are ordered, and use the same indications and color scheme as in Fig. 3.9.

3.3 Discussion

From the analyses of single cells, we notice that both SNr and MTh have neurons
encoding the task contexts throughout the trials. This type of context relevant signals
in SNr have been reported in oculomotor tasks in non-human primates (Handel and
Glimcher, 2000). This type of signal have also been show in MTh and discussed
as stable value signals (Yasuda and Hikosaka, 2018) that could drive PFC activity
supportive of decision-making (Yang et al., 2022). We also show that after movement
cue presentation and up to port-out, there is a dominance of neurons encoding for
ipsiversive movements in SNr, whilst both regions seem to have a majority of neurons
informative about rewarded trials. This is in line with previous studies showing motor
and reward related signatures and projection in SNr in both primates and rodents
(Hikosaka et al., 2006; Rizzi and Tan, 2019; Basso et al., 2005; Sato and Hikosaka,
2002; McElvain et al., 2021); the over representation of direction in SNr seems to be in
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line with the area known projections and roles over motor controlling regions (Schultz,
1986; Kha et al., 2001; McElvain et al., 2021), and it has been shown that there are
neurons representing ipsi- and contraversive movements in the region (Basso et al.,
2005; Lintz and Felsen, 2016), and also in MTh (Catanese and Jaeger, 2021; Kuramoto
et al., 2009). Plus the relevant, and well-organized projections that both regions share
(Klockgether et al., 1986; Kha et al., 2001; Antal et al., 2014; Kuramoto et al., 2011;
Gulcebi et al., 2012). The single cell analyses, also indicates than in both regions
individual neurons are encoding not only one task relevant dimension, one neuron can
encode one dimension at one time, and later a different one. As if neurons in these
regions were multiplexing information. This has been proposed as one of the possible
roles of SNr in the context of eye movements (Basso and Sommer, 2011), and also
observed in midline thalamic neurons in Pavlovian conditioning (Li et al., 2016). Here
we show evidence of individual neurons carrying different information which could be
received by downstream populations to guide their local goals, for example to promote
a particular action, or to signal a particular value expectation.

Population analyses over time, show that SNr encodes more consistently context
throughout the trial, and by the time of port-out, direction seems to be the most
relevant dimension. Whereas, MTh encodes context transiently during trial initiation,
but at port-out, both direction and value are reliably encoded. After movement cue,
both regions first encode direction and later value, and also both regions show encoding
of value to a higher level of accuracy before port-out. It is noteworthy that SNr seems
to be ahead of MTh in both direction and value around movement initiation, which
agrees to their locations in the CBGTC. This evidence of contextual signals in SNr
being more prevalent in comparison to the ones present in MTh, could be related to
our recordings targeting VA/VL thalamus, known to project mainly to motor-regions.
Whereas mediodorsal (MD) nucleus shares motor and prefrontal targets (Kuramoto
et al., 2009, 2015; Bosch-Bouju et al., 2013; Çavdar et al., 2014; Xiao et al., 2009),
but we still see above chance accuracy for value in both recorded regions.

The observed patterns of accuracy in the linear decoders over time, support the
notion that BG outputs are leading MTh. This could be understood as if BG output
projections are enforcing the update of the motor plan before the port-out event. Thus,
shifting activity in cortical organization via MTh projections. This interpretation goes
in line with the research that has in depth characterized the projectome of the CBGTC
as parallel loops (Aoki et al., 2018; McElvain et al., 2021; Foster et al., 2021), and
experimental evidence about the role of nigrothalamic projections in value coding,
and behavioral update and control (Yasuda and Hikosaka, 2015, 2018; Hintzen et al.,
2018; Inagaki et al., 2022).
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Finally, in our analyses about the stability of the signals in both regions during
the go cue delay period, with respect to the initiation of the action. We show that for
the movement direction, ipsiversive trials have a higher stability in SNr, whereas con-
traversive ones seem to involve a reorganization of the activity in the region. For the
MTh population, direction does not seem to be stably encoded during these period.
For the value dimension, during the preparation of both rewarded and non rewarded
movements the activity in SNr shows high stability, even for non rewarded trials the
activity stabilizes quickly. The pattern of stability of MTh population indicates that
rewarded movements imply a reorganization of the activity during the delay period,
whereas, non rewarded movements, have a high stability. The patterns of stability for
these regions, at population level during the go cue delay, can be understood in terms
of the roles that these regions have in the CBGTC loop. Where SNr has a role in
controlling the motor command to be released, thus is needed to drive the inhibition
of the ipsilateral movements. But, is also informing downstream regions about the ex-
pected value of the upcoming target, explaining the smaller overall changes in stability
for rewarded movements and the quick change for non rewarded. Whilst, MTh could
facilitate a reorganization of the default plan. Given that non rewarded movements
require an update of a prepared movement, cortical activity must be biased toward a
new state, and this could be the role of the activity of MTh for this trial type.

In summary, the analyses of our recordings show that both regions contain a
relevant context information, and that the interaction of this information with the
movement information allows the rise of the value information on both regions. The
results also show that at the time of action initiation, SNr presents earlier a direction
signal, and that both regions encode expected value during this event. Even though
previous experiments have shown that SNr leads value encoding with respect to MTh
(Yasuda and Hikosaka, 2018), to our knowledge, we present the first evidence of
time differences in the encoded information of activity at the population level in
these regions for movement preparation. Moreover, our analyses of stability of the
population responses over time support the notion that BG output is maintaining
“the finger on the trigger” over the release of the selected action, and informing about
outcome expectations; whereas, MTh seems to be facilitating modifications of cortical
and striatal activity into new states, to update a previously selected plan.
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3.4 Methods

3.4.1 Animals

A total of five adult male Long-Evans rats aged between 9 and 15 months were uti-
lized in this study, procured from either the Champalimaud Foundation Vivarium or
Charles Rivers Laboratories. Following surgery, the animals were individually housed
under a standard 12-hour light-dark cycle, with lights on at 8:00 am. Post-surgery
recovery, they were weighed and subjected to water deprivation for the duration of
the experiments, while having ad-libitum access to food. Daily assessments of their
weight and general well-being were conducted before each experimental session. Ex-
perimentation was halted if an individual’s weight dropped by more than 80% of their
original baseline or if their overall responsiveness was compromised. In such cases,
they were provided with ad-libitum access to water, and their weight was monitored
daily until recovery. Upon recovery, experimental procedures resumed.

3.4.2 Behavioral box, assay & analysis

The behavioral box and assay used for these experiments was similar to the ones
presented in the previous chapter, the reader is directed to their respective section
in the methods (Chap. 2, section 2.4), for behavioral box description see Chap. 2,
section 2.4.2 and for task training and description Chap. 2, section 2.4.3. Importantly,
we remove the correction loop procedure during the electrophysiological recording
sessions. For behavioral analyses we also use the same procedures described in Chap.
2, section 2.4.3.3.

3.4.3 Chronic recording implant and data selection criteria

After achieving stable performance in the delayed movement task, five animals
underwent surgery to receive two sets of electrodes targeted at the ventral ante-
rior/ventral lateral (VA/VL) nuclei of the thalamus and the substantia nigra reticulata
(SNr). The coordinates were centered with respect to Bregma at -1.9 mm medial-
lateral (ML), -2.6 mm anterior-posterior (AP), and -6 mm dorsal-ventral (DV) for
the VA/VL thalamus; and at -2 mm ML, -5.4 mm AP, and -8.6 mm DV for the SNr
(Paxinos and Watson, 2009).Three animals were implanted with two independently
movable silicon probes, each with either 32 or 64 channels and 2 or 4 shanks with
16 electrodes each (Cambridge Neurotech); one animal had two sets of single-wire
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electrode bundles with 16 channels each in two cannulae (Innovative Neurophysiol-
ogy); the last animal was implanted with a single-wire electrode bundle of 16 channels
targeting the SNr and a 32-single-wire stiff electrode bundle implant targeting the
thalamus (Tucker Davis Technologies). During surgery, the electrodes were slowly
positioned 1 mm above their target locations and cemented to the skull with dental
cement. Post-surgery, all animals received one dose of analgesics for 2-3 days (carpro-
fen 5 mg/kg subcutaneously) to minimize discomfort, and they were provided with
one week of ad-libitum access to food and water for recovery. Following this recovery
period, animals were reintroduced to the task for 1-2 weeks, during which they were
connected to the recording setup to acclimatize them to the procedure, but data were
not saved. Post-session, the electrodes were lowered by 100-150 µm to reach their
target locations. After surgery, two animals experienced issues with the implant in
the medial thalamus (MTh), and no signal could be recorded from them.

After each successful recording session, we advanced the electrodes 100 µm to
ensure that independent neural populations were recorded every session. Signals from
the electrodes were amplified and digitized in the implants connected via a headstage
(Intan Technologies). The electrophysiological signals and synchronization events from
the behavior were and acquired at 30 kHz and 1kHz by a OpenEphys acquisition board
and recorded by a custom-made workflow in Bonsai (Lopes, 2015) to a Windows
10 desktop computer. Recorded data was offline processed by means of a custom
python program taking advantage of the Spikeinterface library (https://github.

com/SpikeInterface/spiketoolkit), briefly data was bandpass filtered between 0.3-
7.5 kHz, channels with too high noise removed, and common average referenced. Given
that some animals movements could induce transient large fast changes in the signal,
we removed such artifacts by detecting events with very large peaks (150 SEM) and
setting a window of 10 ms around them to each electrode mean. Data from the single
wire electrodes sorted and curated manually (Plexon offline sorter), and data from
the silicone probes was automatically sorted by Kilosort 2 (github.com/MouseLand/

Kilosort) and manually curated with Phy2 (github.com/cortex-lab/phy). After
the curation procedure, we further label our putative neurons as multi unit activity
(MUA) or single unit (SU). To do so, for each unit we calculate an average firing rate
over the session; a waveform signal-to-noise ratio (Kelly et al., 2007); an inter-spike-
interval contamination ratio (Hill et al., 2011); and, a presence ratio index, counting
the number of minutes where the unit was present and divide by the total minutes for
the session. To assign quality labels to units, we start by labeling all units as noise,
then we evaluate each unit n in the whole dataset N , and update the labels to MUA
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to those that satisfy the following conditions:

(FR(n) > 0.5 Hz) &(WFSNR(n) > 1)& (CR(n) < 0.4) & (PI(n) > 0.7)

Finally, we update the label to SU, to those n that satisfy the following conditions:

(FR(n) > 0.5 Hz) &(WFSNR(n) > 1.5)& (CR(n) < 0.1) & (PI(n) > 0.9)

Where FR(n) is the average firing rate of n during the whole duration of the
session; WFSNR(n) is the waveform signal-to-noise ratio of n; CR(n) is the contami-
nation ratio of m; and, PI(n) is the presence ratio index for unit n.

We only used the responses for correct trials in all analyses. And, given the vari-
able duration of the event, cues, and behavioral responses, unless otherwise noticed,
for all event based electrophysiological analyses that use ranges of time around events,
we remove spikes that would have occurred in a previous or subsequent event to avoid
spurious information.

3.4.4 Quantification of single-cell response selectivity

For single cell response analyses, we use only the SU and remove non-stable trial
from the recorded sessions. To assess response selectivity, we calculate the area under
the receiver operating characteristic AUC-ROC curve for each task dimension inde-
pendently. To achieve this, for each putative neuron, in the time range −1000 ms to
1000 ms centered at the event, we first make windows of 100 ms bins with 95 ms of
overlap between windows. Then, sum the number of spikes in each bin, and use the
result as the value for the last time stamp of the bin, to make this a causal analysis.
We use the python library scikit-learn (scikit-learn.org/) to estimate the AUC-
ROC metric for each time bin, using the trial types as labels. The algorithm takes
the spike counts in each trial and calculate the rate between true positives and false
positives that occur when using different numbers of spike counts as criterion. This
way, one can build a graph that depicts the sensitivity of the performance of an unbi-
ased observer using these criteria. A perfect classifier would never err, for any given
criteria it would always assign the correct label. In such case, the area under the ROC
curve would be 1. In case the classifier were to assign labels randomly, the area would
be 0.5. And, importantly, a classifier that assigns the incorrect label to every target
would have an accuracy of 0, a colloquial way of describing this case would be “it is
so bad, that is good”. We use the convention that for context, direction, and target
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value dimensions, the lower bound of the AUC indicates reward in left, movement to
the left, or non-rewarded; whereas, the upper bound is associated to reward in right,
movement to the right, or rewarded, respectively. To calculate the significance of the
AUC-ROC we applied a permutation test, (Efron and Tibshirani, 1993; Henderson,
2005). This implied that, for each neuron, we shuffled the labels of all trials and run
the same analyses as before, and we repeat this process for 1000 iterations to get a
distribution of possible AUC-ROC values. Afterward, we calculate the proportion of
iterations that had a value equal or greater than the original to estimate an empirical
p-value, using the method described in (North et al., 2002). To evaluate the signif-
icance of the AUC-ROC score, starting from an alpha α = 0.05, we correct for the
multiple comparison using the method from Bonferroni, desired α = α

NC where NC

is the number of comparisons. We considered significant only the values that were
outside the [α/2, 1 − α/2] range, a two-tailed test. In the visualization, we only color
the values that were outside this range.

3.4.5 Population-level decoding analyses

For population analyses, we include SU and MUA, and we use all correct trial for
every recorded session. For the population decoders, we first preprocessed the single
neuron responses and then train a Support Vectors Machine decoder with a linear
kernel, and regularization parameter C = 1 with the help of the (scikit-learn.org/)
python library. Briefly, for all trials and events from each putative neuron, in the time
range −1000 ms to 1000 ms centered at the event, we count the number of spikes in
windows of 100 ms bins with 95 ms of overlap between them. The results are used
as the value for the last time stamp of the bin, making this a causal analysis. We
standardize this matrix of number of trials rows by time steps by events columns by
subtracting to each value the mean and dividing by the standard deviation of all
the samples. For the standardization procedure, we use all trials and events, but for
all further analyses, we only kept the correct trials and the events presented in the
figures. For each trial we also kept the reward location, cue delays durations tertiles,
trial number in the block and other relevant trial labels. Given that the neurons
were recorded from different animals and across many sessions, we made population
‘response vectors‘ by sampling without replacement the activity of the neurons around
the event for the same number of trials for each trial type. We were constrained
by the minimum number of trials over all conditions, we used as trial type labels
the movement and go cue delay tertiles, reward location, movement direction and
movement value. These gave us a minimum of 6 trials per condition. For the training
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dataset, we sampled 6 trials per condition per putative neuron from the longest cue
delay tertiles, that is, for each event, we sample 6 trials from the longest upcoming or
previous cue delay duration. For the evaluation set, we removed one trial per condition
from the training dataset and also sampled 6 trials per condition from the left out
cue delay duration tertiles. By sampling each trial by neuron events from different
trial types, we remove all trial-by-trial correlation that could be present. Because
both train and test samples are taken from different sets of trials quantiles, we are
sure that we are not evaluating the performance of our classifiers in trials from the
training sample, thus avoiding overfitting. With our train and evaluation datasets, we
fit one SVM classifier by task dimension for each time-bin using the values and labels
from our training set, thus generating three classifiers, for task context, direction, and
value. After fitting them, we calculate the accuracy of each classifier in the evaluation
dataset, comparing the predicted labels with the real ones. We repeated this procedure
250 times, to obtain a mean and confidence intervals of the accuracy of the classifiers.
The binary linear SVM is defined as the linear operation: f(x) = W T X + b, where W

is a set of coefficient to apply to the observed spike counts per neuron, and b is a scalar
threshold. After fitting the SVM, when evaluating an observation with this equation,
it will be assigned a label of 1 to the values above the decision boundary, and 0 those
below. The boundary is defined with respect to the set of observations that lie closer
to the nearest edges of the clusters, support vectors. Those are the most difficult to
classify, and the margin is the surface that lays between them. For a more in thorough
description of SVM and their value in neuroscience the reader is invited to look at
Koren (2021). To estimate the significance of the accuracy of the classifiers, we use a
permutation test, (Efron and Tibshirani, 1993; Henderson, 2005). For this, we repeat
the sampling procedures to generate a train and evaluation datasets, but shuffle the
trial labels for each sampled response vector. Then we fit a classifier for each time-
bin with the training dataset and evaluate in the test response vector the accuracy
of our classifier. We repeat this procedure for 1000 iterations to get a distribution
of accuracies of our bootstrapped samples. Finally, we calculate the proportion of
shuffled iterations with accuracies greater or equal than the median accuracy of the
non-shuffled classifiers to get an empirical p-value, using the method described in
(North et al., 2002). To assess the significance of these result, we use α = 0.05, i.e., if
the proportion of values was greater than α, we consider it significantly different, one-
sided test. We update our original α value to correct for pairwise family error using
the Bonferroni method. In the figures, we used the 99% confidence interval from each
classifier by task dimension to express the variability in accuracies over non shuffled
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response vectors. We marked the first time that the decoders accuracies started being
significantly different from the shuffled-labels distribution.

3.4.6 Stability of population information analyses

To estimate the stability of the information representation in the populations,
we used the same data preprocessing and selection as in the previous analysis, but,
we evaluated them using the ideas set by the temporal generalization method (King
and Dehaene, 2014). In our use case, we trained SVM classifiers in the population
response vector after the port-out and evaluated their performance in the response
vectors before the go cue, calculating the accuracies by go cue delay duration and
trial type. Briefly, for the training dataset, we sampled without replacement the pop-
ulation response vectors from the time range 0 ms to 200 ms after port-out, animals
during these period never reached the target side port. And evaluated the accuracy
of the classifiers in the population response vector from activity sampled in the range
−800 ms to 0 ms with respect to the go cue. We repeat this procedure 250 iterations
to derive a mean accuracy and confidence intervals. The classifiers achieved perfect
classification on their respective training dataset, we also evaluated them by shuffling
the training data session label 1000 times and computed their accuracy. In this shuf-
fling procedure, the accuracy for all trial types for dimensions direction and value
never fell below 75%, thus we are sure that they are a good fit for the training data.

To estimate the significance of these results, we calculate the median accuracy of
the classifiers over time that were significantly more accurate than the shuffled (see sec-
tion 3.4.5). We consider that if the decoders across time reach levels of accuracy above
the median plus 5%, the population of decoders was predicting accurately the classes,
and thus the population activity was stable. The “off-diagonal-decoding” procedure
is relatively new, thus there are no clear ways to evaluate their performance. But,
our proposal tries to accommodate for this issue by setting conservative thresholds
that take into account the decodability of the information when using the available
information.

3.4.7 Immunohistochemistry and microscopy

Histological analyses were performed to confirm the correct location of the record-
ing electrodes. Rats were euthanized with a lethal dose of sodium pentobarbital (Eu-
tasil, get dose for rats) and perfused transcardially with a solution of 4% paraformalde-
hyde. After skull extraction, brains were kept for 24 hours in a 4% paraformaldehyde
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solution and later kept in PBS until sectioning. A vibrotome or criostat was used to
section the brains into 40 µm to 50 µm thick coronal slices and stained by with NISSL
to mark cellular nuclei. Later, images were acquired with a confocal microscope (LSM
710, ZEISS) or a slide scanner (Axio Scan.Z1,ZEISS). The location of the electrodes
was validated afterward in the histological slices containing the target locations by
following the lesions left by the electrodes or silicon probes.
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Chapter 4
General Discussion

“You are decided, then, not to
comply with my request–—a request
made according to common usage
and common sense?(. . . ) I would
prefer not to.”

Bartleby, the Scrivener,
Herman Melville

4.1 Overview of main results

Being prepared has tremendous advantages for animals that have to respond
quickly to an ever-changing world. Being able to interpret the environmental cues and
recognizing the context that gives meaning to the available actions, allows animals to
anticipate what actions are more advantageous in particular states of the world. The
main goal from our project was to understand the way in which the BG can modify
cortical activity to guide adaptive actions selection. To achieve this, we first show how
adaptive action selection unfolds when animals are demanded to make similar move-
ments with different outcome expectations that vary after an unpredictable number of
repetitions. Given this, our task allowed animals to prepare a preferred action, which
we called default motor plan (DMP), but they also learned that sometimes they need
to update this plan to get the most of each session. Importantly, in the context of our
task, rats not only needed to update their immediate plan, to make the non-preferred
action, but also the general mapping between actions and outcomes. As the context
switches, the rats had to update their preferred action. In chapter 1, we showed that
mammalian brains have structures and connections between them that facilitate be-
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ing prepared, which allow learning flexible mappings for actions and outcomes. In
this chapter, in section 4.2, we discuss the results from chapter 2. Where we show
that we implemented a rat version of the 1-direction rewarded (1DR) task—delayed
movement task, and characterized relevant behavioral effects of the manipulation in
reward schedules. Next, in section 4.3, we discuss the results from chapter 3. De-
scribing how analyses indicate correlates of the relevant task features at particular
task events, and relate this signals to processes of commitment or update of the motor
plan. On section 4.4 we present two proposals of synthesis of our results. We draft
a sketch for a model that explains the relevant behavioral observations, that requires
the relevant signatures observed in the data. We also include the preliminary results
of an end-to-end model that captures elements of our data, and promises interesting
future developments to put to test new hypothesis about the inner workings of the
cortico-basal ganglia-thalamo-cortical (CBGTC) loop. Furthermore, we later discuss
some limitations of our work and proposals for future steps in section 4.5. Finally,
in section 4.6 we try to give an overarching closing statement of the relevancy of our
work.

4.2 Behavioral signatures of expectation and context

As we described in chapter 2, animals trained in our delayed movement task
recapitulated the results from primates in the 1DR task. By manipulating the delay
of cue presentations, we gained further insights about movement preparation. The
knowledge about the context, and their default motor plan, allowed the rats to present
evidence of inference-like behavior. And finally, we also show that our freely moving
version of the task allowed rats to express their knowledge about the context in the
way they initiated the trails in each block.

In consonance with the results with primates, we first observed that animals are
aware of the two possible outcomes based on the speed in which they initiate their
movements after the go cue. Similarly to primates, rats initiated movements quickly
for rewarded targets, and slower for non-rewarded. A second observation is that they
have difficulty committing to the non preferred movement, as the scrivener in Melville’s
story “they prefer not to” go to the non-rewarded location. This effects can be related
to a motor vigor effect, as rewarding movements would be promptly executed and
non-rewarding are less enforced. Albeit, this can be a consequence of the DMP to go
to the rewarded side. The first approach we took to evaluate if this was the case, was
to look at what happened once animals abort trials. A DMP that is readily available
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for them, implies that when animals are not able to wait fixating for the movement
cue, they should be unable to withhold the execution of it. In line with this, we notice
that animals are more likely to go towards the rewarded target if they abort a trial
before receiving the movement cue. So, when a motor plan is initiated before the cue is
given, they execute their DMP. Another consequence of a DMP to go to the rewarded
side, is that rewarded movements should start quickly but non-rewarded must take
longer to initiate. The longer the fore-period between movement cue and go cue, the
quicker they can be. Having to do something different from what is loaded implies that
animals need to update the action plan. As rewarded movements are already loaded,
they will have short RTs regardless of the go cue delay duration. But, for movements
to non-rewarded targets, when the rats are given a short delay between movement and
go cues, they do not have enough time to release the DMP and select the new one, so
they will be slow. The longer the delay between the cues, the more time the rats have
to update to a new plan, allowing them to be quicker to initiate the movement. We
saw that the large majority of the rats had a negative correlation between the go cue
delay duration and their reaction times (RT) for non-rewarded trials, but no effect for
rewarded movement. A consequence of the two contexts and the DMP, is that their
interaction could allow for quick adaptation, as an unexpected result implies a change
in context. In our setting, with two discrete and deterministic context, observing that
one of the targets has changed in value, implies that the other also did. Thus, after
a surprising observation, if they are aware of this—as they seem to be—they should
change their behavior towards the non observed one. Rats present partial evidence of
inference-like behavior in their responses. After a surprising reward, if later sent to the
other side, previously rewarded, they already know that they are not going to receive
a reward, initiating slowly; but, the in the other case, if they did not receive a reward
where they expected to get one, and are later sent to the other side, they go there
expecting something different, but not fully committed to a reward. We also observe
in the way that animals initiate the trials that they are embodying their knowledge
about the context that they are in. Although animals have different strategies, they
present different orientation for trials in different contexts, a tattletale of a DMP.
Crucially, by our modification in the delay between the cues, we gave the animals a
way to express their behavior in a richer manner, this allowed us to see the default
motor plan and the effects of their update.

We consider that our behavioral results might drive advantageous steps in our
field. To begin, our work presents to the scientific community a new behavioral
paradigm, and characterize some of the behavioral measures that can be used to
understand the way in which different brain regions or neuromodulatory systems re-
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late to them. We show that rats can acquire the underlying structure of the task in the
same way that primates can. Whilst, there are noteworthy differences in the way that
rats update their responses after a transition with respect to primates. Primates have
shown to be capable of inference-like behavior in the 1DR task (Bromberg-Martin
et al., 2010b), and update symmetrically to both experienced and non-experienced
targets regardless of the value of the outcomes. In our case, we notice that rats are
not symmetrical in their updates. For rats, after a surprising rewarding outcome,
both subsequent movements are updated; but, after a surprising non-rewarded re-
sult, responses are partially updated, in a manner that could be represented as if
they were expecting to get something on both sides. The fact that after a surpris-
ing non-rewarded result, the distribution of both subsequent RT, towards rewarded
or non-rewarded targets, are similar between them, implies that they are being over-
optimistic about their environment. We did not foresee this results, as it implies a
different underlying process for context updating in rodents, where rewarding out-
comes guide quicker updates than non-rewarding ones. One possible explanation is
that this can be evolutionary advantageous, if things did not go as good as planned
once, it does not imply that it will stay going that way. So, bad outcomes are weighed
less heavily in the updating process. This strategy has been used in normative models
in reinforcement learning (RL) and has showed to relate to behavioral and neural re-
sponses in “bandit” cases (Cazé and van der Meer, 2013). An alternative explanation
for the different results with the primate literature, animal model cognitive capacities
aside, could be the task structure itself. Generally, in the 1DR tasks the number of
blocks is constant, or sampled from few possible values, so animals could use a count-
ing strategy to help themselves in the inference of the change (Kawagoe et al., 1998;
Sato and Hikosaka, 2002; Lauwereyns et al., 2002; Bromberg-Martin et al., 2010b);
and, in other tasks that have shown evidence of inference-like behavior, animals also
receive information about transitions, that facilitate the update of their behavior (Saez
et al., 2015). As these task properties, could also make the update of responses more
expedite, and can not be disregarded when considering our results.

4.3 Electrophysiological signatures of expectation and
context

In chapter 3 we present evidence of movement direction, value, trial context, and
interaction between these features or task dimensions in the activity of both SNr
and VA/VL. Single cells and population activity analyses of both regions, show that
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signals indicative of the block-structure allows for context signals to be present before
trial initiation; and, that the integration of this signal with the movement cue related
activity, allows the development of the value signal. The population level results of the
neural activity across time, indicates that both regions have different levels of stability
of the information they convey in dependence on the trial types. These patterns of
information stability in the population during the delay before the go cue presentation,
relate to the roles that both regions have in the control of behavior within the CBGTC
loop.

We found relevant signatures of the task dimensions in both regions at the single
cell and population levels. At trial initiation, we found cells informative about the con-
text in both regions, a crucial signature needed to prepare a DMP as this information
would allow biasing activity to prepare a movement towards the rewarded location.
This early signal was also present in the population analyses. After the movement
cue presentation, we encounter in both regions, direction and value related neurons.
Finally, at port out, at the two levels of analyses and in both regions, we found di-
rection and value signals. With respect to the evolution of these signals over time,
at the single cell level, we observed that SNr neurons had more neurons that carried
multiple signals at different moments, multiplexing information. Meaning that the
same cell could carry more one signature during the different trial events. If we now
focus on the evolution of these signals at the population level, we first notice that the
context signal was decodable reliably in SNr before trial initiation, whereas in MTh,
it became accurately readable after initiation. After movement cue presentation, we
notice that in both areas the movement direction was decodable earlier than value,
suggesting the need for an interaction between context and direction that informs the
value of the upcoming movement. At the final step in the preparatory process, the
port out event, we found that SNr had earlier decodability for direction and value,
with respect to MTh, that reliably encoded value. However, MTh had an overall more
accurate decodability for movement direction and value around the time of movement
initiation, whereas SNr reliably encoded the direction. To evaluate the stability of
information over time, we trained linear decoders on activity after movement initi-
ation but before reaching the target, and evaluated those decoders on the activity
before the go cue presentation. We found that the stability of SNr activity to decode
direction was lower for contralateral movements than for ipsilateral movements. How-
ever, stability to decode value was higher for all trial types. In contrast, MTh had
unstable activity during the delay period with respect to the activity at port out when
decoding direction. For non-rewarded trials, MTh activity for both target directions
was more stable. Overall, these signals and their evolution over time are indicative
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of relevant processes needed to commit or update a DMP. The early context signal
observed indicates that the animals are tracking the rewarded direction, and thus
can inform the brain to load a motor plan. The interaction of this contextual signal
and the movement direction, can inform the brain about the congruence between the
loaded plan and current task demands. The changes in activity at port out can relate
to the initiation of the movement. Finally, the changes in decodability across time
during the delay between movement- and go-cue can be understood as the correlates
of the commitment or updating processes. Where SNr would be helping to withhold a
particular movement, and propagating the expected value signal; and MTh, would re-
ceive this information to allow cortical and striatal populations to maintain or update
the loaded plan.

The electrophysiological results complement directly our behavioral observations,
and represent interesting advances in our knowledge about the circuit role in action
selection. Evidence about contextual information, and movement direction in both
regions could have been expected, as both regions are known to carry these type of
signals (Wang et al., 2021; Inagaki et al., 2022). But, our population decoders indicate
that contextual signal interacts with movement direction to inform the animal about
value, indicating evidence of an integration process occurring with similar profiles in
both regions. We propose that the movement direction neurons can inform cortex and
motor circuits about the relation between the original plan and the current contin-
gency, to prepare an update of the original plan if needed. The later value signals,
could inform about the energy expenditure to be used in the movement, i.e., the vigor
to exert (Shadmehr et al., 2019). At single neuron level we observed multiplexing
of information, using one channel to convey more than one signal. This can be a
consequence of the number of neurons in the BG output being two to three orders of
magnitude less than in the striatum, which has been implicated in a dimensionality
reduction (Oorschot, 1996; Bar-Gad et al., 2003). But, this could point to a dynamic
readout in the receiving neurons. If the same neuron can convey different informa-
tion, the receiving population needs to be capable of sorting out what is the relevant
dimension being informed each time, or use the available information differently. Con-
veying different information to different population was already observed in MTh in
Pavlovian conditioning (Li et al., 2016), but to our knowledge only proposed for SNr
(Basso and Sommer, 2011). The presented stability from the population decoders,
support that both regions go through fast adaptations, and can relate to this same
process of multiplexing information, as they could help to quickly engage regions in
more adaptive manners. The difference in time of better than chance decodability
of movement and value signals between SNr and MTh at movement cue presentation
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are relatively small. But they are in consonance with previous studies showing that
neurons in VA nucleus encoding value are also later than SNr (Yasuda and Hikosaka,
2018). Nonetheless, we found larger differences between the regions decodability of
movement direction at the initiation of movement, with SNr being earlier than MTh.
This goes in line with the role of SNr in motor control via inhibitory projections,
but is a novel observation. Finally, our analyses about the stability of the signals
over time allowed us to further support the assignment of complementary roles for
the region during the fixation period when animals need to either commit or update
their plan (Foster et al., 2021; Wang et al., 2021; Inagaki et al., 2022). Finally, we
observe that SNr has a prevalent role in the inhibition of the ipsiversive movements,
and informing about value throughout the period. Whereas, MTh was mainly stable
for non-rewarded movements, a role that is consistent with the thalamocortical and
thalamostriatal projections enforcing downstream regions to engage in new patterns
of activity, facilitating the update of a plan.

4.4 Proposed synthesis of our results

The behavioral and brain correlates of the responses that rats have in the context
of our task are compatible with many implementations. Here, we present two proposals
that we consider fruitful for future explorations of our task, and in a broad sense
to help understand the way that the BG can communicate to the cortex. We first
present a visual depiction of an idealized linear accumulation to threshold model that
should behave in manners compatible with our results. We describe how the internal
components of this model encompass the relevant signals present in our recordings.
After this, we proceed to present a more abstract and general approach, where we
show the results of an end-to-end RL model agent and environment that recapitulates
some relevant features of the behavior and brain signals. Both proposals are still work
in progress and are relevant pieces for our proposals for future work.

4.4.1 A linear accumulation to threshold model

During the task, rats were presented with two different contexts, each with similar
behavioral demands but contrasting outcomes for their responses. In each context,
only one of the two sides was associated with rewards, making it more appealing to
approach. However, due to the penalty for incorrect responses or broken fixations,
rats learned to follow the movement cue and perform the requested action to maximize
their total rewards, even if this meant going towards the non-rewarded location. The
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rats still expressed their intention to go towards the rewarded location in the RTs
they used for rewarded and non-rewarded movements; and, in the trials, they choose
to abort after being informed about the target location. We showed that this effect
can be related to a default motor plan, observable in the side choices that rats made
before being informed about the target movement. But also, in the way that the delay
until the go cue relates to the RTs for rewarded and non-rewarded trials. Given the
observed results, and our discussed interpretation, we consider appropriate to describe
the underlying process controlling the behavioral phenomena as an accumulation to
threshold model. The LATER model family (Noorani and Carpenter, 2016) proposes
that in tasks not dependent on evidence collection or integration (Carpenter and
Reddi, 2001), a linear accumulation to threshold process can model the observed effect
in movement initiation once different cues are presented. The model has been extended
to account for trial to trial variability in behavioral responses that can be related to
both pre- or post-execution processes within an experimental block or trial(Nakahara
et al., 2006). This family of models includes the effects of the accumulation starting
point on RT distribution, and the variance of the accumulation process could relate to
vigor, which are plausible tools to be used to express our results. Taking this general
framework into account, we can summarize our behavioral observation by means of the
diagram presented in panel A from figure 4.1. In the diagram, we express the behavior
of an agent as a linear accumulation to threshold process with two boundaries. If the
process reaches the top, a movement to the right is initiated, if in the bottom, one
to the left. In the example, the agent is in a block where reward would be given for
rightward movements. Consequently, the initial state of this accumulation is biased
towards this location, setting a context bias. Before the go cue delivery, an inhibitory
process must suppress the decision variable from reaching the boundaries, visualized as
the red/yellow underlines during the whole period leading to the go cue presentations,
when the process is allowed to diffuse. In case of failure to inhibit the diffusion and the
process were to reach a bound, there would be a broken fixation, more likely leading
to a movement to the biased direction. After a movement cue is presented, it must
be recognized through a perceptual process. If the cue informs that the movement
direction is to the biased side, the initiation inhibition must be maintained. But, if
the cue informs that the target direction is to the non-preferred location, the system
needs to move away from the contextual bias, to accommodate for the new target. To
this end, the process needs to be disinhibited in a controlled manner, weakening the
suppression of diffusion initiation, which could lead to higher broken fixation rates in
this condition. After go cue delivery, for movements toward the rewarded location,
the decision variable at similar distances of the boundary regardless of delay duration,
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so the diffusion process must take comparable times to reach the bound. In the
complementary case, non-rewarded movement, the process needs to update, hence for
short go cue delays, the diffusion takes longer to reach the boundary, and the longer
the delay, the quicker it can be reached. Given the differences associated to outcome
value, we include different angles of the accumulation once the process is allowed to
drift. For rewarded movements the angle is steeper, α, allowing reaching quickly the
boundary; non-rewarded movements have a shallower angle, β, which leads to slower
reaction times even in case that the process were to reach the level of context-bias
associated to the other context, not shown in the sketch.
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Figure 4.1: Graphical depiction of the proposed a behavioral controller and pre-
dictions. A. Depiction of an accumulation to threshold model to explain our behavioral
observations. A decision variable accumulates until it reaches one of two boundaries, after
this it initiates the action associated to that bound. The explanation of the diagram is given
in the text. B. Predictions derived from the model: Given a contextual bias, the model
predicts effects in reaction times by target value (leftmost panel). The bias also must affect
choices for broken fixation before movement cue (center-left panel). In case of plan update,
the model predicts different rates of broken fixation by target value (center-right panel). The
duration of the go cue delay must influence the progression of reaction times by target value
(rightmost panel). In the sketches we use blue for rightward movements, and light-blue for
left; green lines are rewarded movements, and orange non-rewarded movements; finally, red
and yellow represent strong or weak inhibition of movement initiation.

From this model, we can derive predictions related to RT differences depending
on the movement value, effects over broken fixation before and after movement cue
presentation, and effects over RT related to changes of plans (Fig. 4.1, panel B).
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The first prediction (leftmost panel) is that the context bias implies a difference in
the distribution of RTs for rewarded and non-rewarded movements, as the process
should reach the boundary associated to reward quicker than for non rewarded. The
controlled suppression of the inhibition of diffusion initiation for non-rewarded target
movements implies that these trials should have a higher rate of broken fixations
throughout the delay between the movement and go cue (center-left panel). The
model predicts also that for broken fixations before the movement cue, the process
should be more likely to reach the rewarded boundary, as the context bias has the
process closer to this bound (center-right panel). Finally, the controlled suppression of
diffusion inhibition entails that for rewarded movements, the process should reach the
boundary at similar times; whereas for non-rewarded movements, short go cue delays
require a longer diffusion period, but the longer the delay, the distance between the
initiation and the boundary is shortened (leftmost panel). A consequence of α & β, is
that differences in RT by value will stay present in the limit of the process initiating
from the same context bias, as the angles will drive short RTs for rewarded and longer
for non-rewarded.

The prediction derived from the model are compatible with the observed be-
havioral results. And, we can expect that the underlying dynamics of the model
components could relate to our electrophysiological data. The model requires the
maintenance of a context bias signal throughout the block, whilst also needs to allow
updating the inhibitory process if the task demands a non preferred movement. Our
results indicate that SNr maintains contextual information reliably throughout the
trial, whereas VA/VL does this transiently at trial initiation and early after move-
ment cue presentation. These observations support the notion that the contextual
bias signal can be enforced by SNr and MTh early in the trial, and the persistence in
SNr decodablity could track the context over the block duration. The model includes
a period between movement cue presentation and the use of the information to up-
date the decision variable location. The linear readouts from our recordings show that
both regions include signatures of this information, where there is a delay between
movement cue presentation, and the increase in decodability for direction and value.
From the results of our decoders across time, off-diagonal decoding results, we can
relate SNr activity to the facilitation of the suppression of action initiation. Whilst
VA/VL shows patterns that can advance the update of a plan given non-preferred
demands. The quick rise in decodability across time of SNr in the value dimension for
non-rewarded movements, can relate to the different angles that the model would use
to drift towards the targets depending on expected value. For all conditions, quickly
after cue presentation and before go cue is presented, SNr is capable of organizing his
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activity to inform reliably other regions about the value of the upcoming movement.
This would allow non-rewarding movements to be taken with less vigor, and reward-
ing ones more readily. Similarly, both regions quickly rise in decodability for direction
and value before port out, with SNr being earlier than MTh in direction. This can
indicate that the former region is quickly informing other areas about the upcoming
action to perform, in particular the latter area, whilst both could inform about the
expected outcome.

In summary, our model is capable of describing and predicting parts of the be-
havioral phenotype that rats display, and the dynamics observed in our recordings
are compatible with the internal changes required for it to operate. Even though not
implemented yet, pursuing the deployment of this model could be informative for the
field. As it can be used to make new predictions about behavioral responses to task
manipulations, and relate brain activity to the underlying deliberation processes.

4.4.2 An end-to-end RL agent and environment

In the framework of RL, agents interact with environments by taking actions,
depending on the state of the environment those actions will modify the environment
state. And at each interaction the environment gives an observation and some reward
value. The agents can learn to interact with the environment in different way, by learn-
ing a mapping of states and actions, policy function, or an action-value pairings, value
functions. The actor-critic algorithms are model-free agents, where the actor learns
the optimal action to take, policy function, whilst the critic evaluates how good is
the performance of the current policy, value function (Sutton and Barto, 2018). Both
functions are optimized in parallel by interacting with an environment, comparing
the obtained results with an expected outcome via a temporal discount (TD) error
(Fig. 4.2 A). New implementations of actor-critic algorithms have used deep neural
networks to instantiate function approximators that learn to respond adaptively in un-
trained environments (Botvinick et al., 2020). With the help, support, and patience
of a colleague from the lab, we implemented a version of the asynchronous-advantage-
actor-critic (A3C) architecture proposed by Mnih et al. (2016). This model has been
interpreted as an abstraction of the cortico-basal ganglia-thalamo-cortical (CBGTC)
loop (Wang et al., 2018) (Fig. 4.2 B top left). The state representation learned by
the model is paired with the prefrontal cortex, while the TD error is related to DA
activity. The BG output and MTh represent the action and value estimates, and the
perception of current observation, previous actions, and outcomes are all part of the
cortex and BG. As the model shows interesting features in terms of state represen-
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tations and generalization capabilities. The model internally uses a long-short-term
memory (LSTM) cell, a recurrent neural network architecture capable of learning long
range relation between elements in the input (Fig. 4.2 B top center panel). The LSTM
learns what are elements are relevant to maintain from the received input, and which
to forget. These elements allow the model to learn a general state representation that
is capable of responding to new environments (Wang et al., 2018; Botvinick et al.,
2020). The LSTM input output are graphically depicted as a box diagram (Fig. 4.2,
B top right). The network receives as input from the environment the current obser-
vation, and from itself the previous action and outcome. The input is evaluated by
the RNN and returns a policy by a softmax over the readout, a distribution of action
probabilities, and a value estimate, from a linear readout. From the policy distribu-
tion, one action is selected by sampling the probabilities. Importantly, in Wang et al.
(2018), the researchers share the same weights for both the policy and value functions,
in contrast to Mnih et al. (2016). The objective used to learn takes into account the
sum of the policy gradient, the state-value function loss (using advantage instead of
direct returns), and an entropy regularization term to allow for exploration in action
space (Fig. 4.2, B bottom).

We first developed an environment that behaved in a manner similar to our delay
movement task (Fig. 4.2, C). The environment is a discrete-time finite-state-machine
that emits as observation an array of three integer values, representing the three nose-
ports, and receives one of three possible actions. The observation array elements and
actions are interpretable as left, right, and center port; or the action of going to the
left, center, or right port respectively. After each interaction the time advanced one
time unit and depending on the action taken, the state machine updated his internal
state, emits the values of the updated observation array and an outcome value of the
previous interaction. At the beginning of an epoch, the state machine selects one
of the two edges of the observation array as the reward location, and a number of
trials for the current block. In each trial, the state machine starts at state initiation,
here a movement direction is randomly selected from the two edges of the observation
array. The initiation state emits the observation array with a cue value at the center
position. If the agent uses the center action, the machine transitions into the movement
cue state, else it stays in the same. In the movement cue state, the observation array
displays a cue value on the chosen movement direction, taking the center action would
advance the state machine to the go cue state. In this state, the observation array
also displays the cue value at the movement direction. If the agent takes the center
action in the go cue state, it would continue in the same state, and taking the action
associated to the observation cue would transition to the state feedback. If the agent
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Figure 4.2: An actor-critic in a simplified delayed movement task. A. Graphical
depiction of the actor-critic algorithm, an environment presents a state and a reward to an
agent that takes actions using the policy, actor, that is evaluated by their outcomes with
respect to what was expected, critic. The agent learns by minimizing the TD error a policy that
leads to the higher value estimates. Adapted from Sutton and Barto (1998). B. Visualization
of an implementation of the actor-critic algorithm using a recurrent neural network. The left
panel shows how the model relates to the CBGTC loop. The center panel depicts the LSTM
cell at the core of the network. The right panel makes more explicit the inner workings of the
LSTM architecture. The bottom panel describes the loss function. Abbreviations include a
for action, V for value, O for observation and r for reward, the subscripts indicate current
or previous time Adapted from Wang et al. (2018). C. Our delayed movement task as an
environment to be used by an agent, the example presents a block where rewards would be
given for rightward movements.
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does not take the center action during the movement cue, or takes the incorrect action
at the go cue state, the environment moves to an error state. The error state emits
an empty observation array for 5 time steps, the duration of a trial in discrete time,
regardless of actions taken. If the state feedback has been reached, and the movement
cue and reward location for the current trial were congruent, the environment gives
a large reward. In case they are incongruent, the environment gives a small reward.
Any action taken in the feedback state advances the environment to an inter-trial-
interval state that advances to a trial counter one value, and a new trial initiates,
where the cycle would continue. All non-feedback states give no rewards. After the
number of trials for the block had passed, the reward location flips to the other
location, and a new number of trials for the block is sampled. The epoch ends after
200 trials, or the equivalent number of time steps. Our agent was implemented as an
asynchronous-advantage actor-critic model (Mnih et al., 2016; Wang et al., 2018), for
the internals of the agent, we use a LSTM cell with 64 recurrently connected units.
In our implementation, as in Wang et al. (2018), we use the same internal weights
for the policy and value estimators, which are implemented as a softmax and linear
readouts of the LSTM internal state respectively. As the vigor literature has shown,
there is an inverse relation between expected value and RT (Shadmehr et al., 2016,
2019), taking this into account, we use the inverse of the value times some constant
to translate the agent value estimates into RTs.

In our implementation, a vanilla A3C, the agent learns sensitive value and policy
functions (Fig. 4.3, A). With respect to the policy, we observe that the agent learns
to select the appropriate action depending on trial condition and environment state
(Fig. 4.3, A, top 3 panels). The agent selects consistently the center action for
all trial conditions in all non go cue states, and depending on trial laterality, the
agent selects the correct action. We observe that the agent accurately predicts the
outcomes for each environment state, and the expected value starts increasing for
highly rewarded trials before the reward is given (Fig. 4.3, A bottom panel). The
agent displays distribution of RT compatible with the animals, quick for rewarded and
slow for non rewarded (Fig. 4.3, B). But unlike the rats, the agent achieves perfect
inference, after transitions the agent updates his behavior after one experience, and
does so symmetrically regardless of target value (Fig. 4.3, C). The agent rarely makes
broken fixations or errors (not depicted), thus we can not compare these results.
Even though there are discrepancies observed between the model and the animals,
the general framework looks like a promising approach to further understand the
underlying processes related to adaptive behavioral control. Many of the underlying
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figure 3.1, panel C. B. The agent uses different distribution of RTs for trials depending on
the expected value. C. The agent updates symmetrically for both types of trials after a block
transition. Panels B & C use green for rewarded, and orange for non-rewarded.

properties of the agent and the environment can be manipulated to evaluate and
propose new hypothesis about the ways in which the CBGTC loop works.

4.5 Limitations of our work and future plans

Experimental work is critical for advancing scientific knowledge. But, as any other
human endeavor, our work presents limitations that tamper the possible analyses we
were able to perform on the data, and confine the scope and the interpretation of our
results. Here we are going to focus on some of the limitations that we observed, and
suggest ways to mitigate them in future work.

One problem that we did not realize until late in the data acquisition process
was that our time limits for response, allowed animals to stay idle for too long and
still make a correct response. It may have been possible to gather even more trials
and more transitions if we were to use a shorter maximum response delay. We also
used too large block sizes, and sampled the range available uniformly. Even though
this did not lead to observable prediction of block transitions in rats responses, it also
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lowered the number of transitions that we got per session. Future iterations of the
experimental paradigm should take these issues into account, to maximize the amount
of relevant epochs needed to characterize the contextual update within the task.

Aside from the difficulties in the implementation or parameters used in the task
itself, our results are also incapable of resolving key issues needed to relate the observed
activity of the recorded regions and the BG to cortex communication. None of our
observations are capable of responding if these signals are inherited from BG or cortical
activity, or which signals are sent to any of the downstream regions. Hence, the finer-
grain details of the particular roles of BG computations over cortical activity are
still amiss. Future experiments could record simultaneously more regions with newly
available and developing technologies that allow recordings of hundreds to thousands
of neurons across different brain regions and cerebral axes (Jun et al., 2017; Juavinett
et al., 2018; van Daal et al., 2021). Another possibility is to use optogenetic tools in
tandem with our recording setup to label cells in SNr or MTH that are receiving-from
or projecting-to particular striatal or cortical territories. This would allow to directly
observe the particular information being multiplexed between the areas (Lima et al.,
2009). Moreover, these optogenetic tools could allow manipulating the activity of our
neuronal population, giving us access to manipulations that could inform about the
causal roles of the observed signatures in behavior.

With respect to the models proposed as synthesis of our work, both are still in
the earlier stages of development, and this is why we only present them as appetizing
proposals and not fully developed chapters by themselves. On the one hand, the linear
accumulator model is still missing an appropriate implementation, the development
of this would highly enrich future experimental designs and hypothesis. On the other,
our RL model, even though in better shape, is still missing relevant behavioral and
internal dynamics. These effects can be related to the environment not being rich
enough to allow the agent to express these properties, thus by allowing for different
delays durations between the trial events, we could make the environment closer to our
task. Another possibility is that our agent itself could be missing relevant properties.
To mitigate this issue, and taking a clear position about the relevant features that the
agent would need. We could take into consideration the many worlds hypothesis for
DA (Lau et al., 2017), that proposes that the parallel loops in the CBGTC circuit give
rise to parallel agents that have access to sparse levels of information. The final action
taken and value expected from the organism at large are the result of a pooled voting
between these multiple independent agents. To implement this idea, we could sample
few units from the LSTM and use their representations to guide different policy and
value functions. And use a pooled version of these proposals as the agent policy and
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value estimates. This formulation presents as a very fruitful endeavor, as end-to-end
models allows putting to test broader hypothesis about the mechanisms underlying
behavioral control.

4.6 Conclusion

From our foray into the behavior and brain correlates of the rats responding to
our delayed movement task, we already described many interpretations of the results.
We took a very simple behavioral task, that has very little space for animals to express
in their creative ways how to solve the problems that we propose. Yet, even in this
confined world, we were surprised to find how much we could learn about them by
careful observation of their responses. Besides our behavioral results, the most clear
take-away from our exploration of the neural correlates of our task is that neither
SNr nor MTh have simple context, movement, or value neurons. Both regions show a
very rich and dynamical myriad of patterns that are propagated to their downstream
receiving areas, many of which will quickly give back their own activity into the
CBGTC loop. Either in the form of a movement in execution, a change in expectation,
or some perturbation in the high dimensional space of cortical activity. The fact that
we found this rich dynamics in areas so conserved across species should be read as a
relevant feature of the internal properties of the system. Brains use their dynamics to
encode and manipulate information, we are still in the early days of exploring the rules
that govern the trajectories in the available space of possible configurations. And, for
the future explorers, we give a simple vessel that can help to navigate movement
preparation and anticipation in context driven behavioral control.
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