UC Berkeley

UC Berkeley Electronic Theses and Dissertations

Title
Revisiting The Actor-Critic System in Striatum during Decision Making

Permalink

bttgs:ggescholarshiQ.orgéucgitemg3zt0x69d

ISBN
9798297601062

Author
Qu, Albert Jiaxu

Publication Date
2025-08-01

Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Diqital Library

University of California


https://escholarship.org/uc/item/3zt0x69h
https://escholarship.org
http://www.cdlib.org/

Revisiting The Actor-Critic System in Striatum during Decision Making

By

Albert Jiaxu Qu

A dissertation submitted in partial satisfaction of the
requirements for the degree of
Doctor of Philosophy
in
Behavioral and Systems Neuroscience, Psychology
and the Designated Emphasis
in
Computational and Genomic Biology
in the
Graduate Division
of the

University of California, Berkeley

Committee in charge:

Professor Linda Wilbrecht, Chair
Professor Giles Hooker
Professor Anne Collins

Professor Michael Yartsev

Summer 2025



Revisiting The Actor-Critic System in Striatum during Decision Making

Copyright 2025
By
Albert Jiaxu Qu



Abstract
Revisiting The Actor-Critic System in Striatum during Decision Making
By
Albert Jiaxu Qu
Doctor of Philosophy in Behavioral and Systems Neuroscience, Psychology
and the Designated Emphasis in
Computational and Genomic Biology
University of California, Berkeley

Professor Linda Wilbrecht, Chair

The actor-critic framework has provided a foundational model of reinforcement learning in
biological systems. In one of the most popular version of the model, the dorsal striatum is
thought to function as the “actor” implementing action selection, while the ventral stria-
tum functions as the “critic” for credit assignment. While this model is highly successful,
experimental evidence increasingly suggests that the computational and neural mechanisms
underlying decision making may contain additional nuance or even extend beyond this clas-
sic framework. In this thesis, I present experimental and computational work that serves to
refine our understanding of both the critic and the actor, based on recordings made in the
striatal circuits of mice during decision making.

In the first study, I focused on the critic. Here, I investigated whether dopamine release
in the nucleus accumbens reflects Bayesian inference computations beyond simple temporal
difference learning. Using fiber photometry to measure dopamine signals during a probabilis-
tic switching task, I compared predictions from Bayesian inference models against standard
reinforcement learning models. Model comparison revealed that both mouse behavior and
nucleus accumbens dopamine signals were better explained by models incorporating Bayesian
inference for hidden state estimation, suggesting that the “critic” system performs sophisti-
cated probabilistic computations rather than simple iterative value updates.

In the second study, I focused on the actor. Here, I examined how the dorsal striatum
implements active choice rejection, a process that challenges traditional models of action
selection. Using bilateral recordings from direct and indirect pathway neurons during a
serial decision-making task (Restaurant Row), I discovered that active rejection decisions
involve distinct opponency patterns compared to active accepting decisions. Remarkably,



rejection choices showed significant ipsilateral suppression, while acceptance choices showed
classic contralateral activation. Optogenetic manipulations confirmed the causal role of this
asymmetric activity pattern, with unilateral suppression of ipsilateral direct pathway neurons
specifically enhancing rejection of marginally valuable offers.

To conclude, I will discuss how these findings might be used to revise and update the actor-
critic framework. I propose that the neural model of the “critic” component be readily
expanded to include the possibility of Bayesian inference mechanisms that enable rapid
adaptation to environmental volatility through belief state representations. Then, I suggest
that the neural model of the “actor” system can also be improved by including hemispheric
opponency, while also accounting for hemispheric specialization in cost and benefit process-
ing, when lateralized choice is being implemented. Together, these results demonstrate that
biological decision making involves computational sophistication and circuit complexity that
extends well beyond traditional reinforcement learning models, providing new insights into
the neural basis of adaptive behavior and offering refined frameworks for understanding
decision-making disorders.
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Chapter 1

Introduction

Reinforcement Learning (RL) has long served as an influential framework for understanding
decision making in biological systems [1,2]. RL can be instantiated in a number of ways,
but one particularly influential and biologically plausible RL framework is the Actor-Critic
model [3]. In the classic Actor-Critic model, the brain forms a summary representation
of the environment, or state. Upon receiving feedback from the environment, the critic
computes state value associations and evaluates reward prediction errors (RPE) to update
the internal model, whereas the actor model uses the feedback signals from the environment
to adjust policies, through mechanisms like RPE-scaled weight updates or policy gradient (a
computational algorithm that updates policy towards the direction of increasing value) [3].

In the 1990s, neurophysiologists made the seminal discovery that midbrain dopamine
neurons (DANSs) increase their firing rate when outcome exceeds expectation and decrease
their activities when expected rewards are omitted, essentially mimicking temporal differ-
ence errors [4]. This provided critical evidence supporting RL as a candidate mechanism
for decision making in the living brain. The dopaminergic RPE signals are thought to up-
date synaptic weights in their target release sites, including the striatum and frontal cortex,
thereby reinforcing actions instrumental for obtaining the reward. Moreover, neurophysio-
logical, anatomical and behavioral work over the years have consistently established striatal
subregions in the basal ganglia as likely candidate hubs for the actor and critic systems |1}56],
where ventral striatum serves as a critic component evaluating RPE, and dorsal striatum
serves as an actor component responsible for action selection. This basic actor-critic of the
basal ganglia elegantly explains how organisms learn from trial and error and aligns well
with a wide range of experimental observation in reward learning across rodents, primates
and human data [5,[7,/8].

Although successful, the classic actor-critic framework may still benefit from updates.
Classic models for the critic systems like temporal difference (TD) learning assume that the
organism reliably captures the state information of the environment. However, natural envi-
ronments are rarely fully observable or static. Animals must deal with partial observability
of “true” or underlying state of their environment and must infer them from ambiguous
cues and exploration [9]. Also, real-world learning involves not only maximizing reward but
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also avoiding cost, which requires integrating positive and negative value signals (possibly
at the level of the striatum). Moreover, actor-critic RL models provide an algorithm layer
description, but to fully capture the biological implementation level complexity we need to
extend this framework to account for complexity of real neural circuits.

Here in this PhD thesis, I will discuss work that helps update and extend the critic
framework in Chapter 2, the actor framework in Chapter 3, and a selection of statistical
methods that made these discoveries possible in Chapter 4. But first, [ will more thoroughly
define the formal implementation of the actor-critic model and what is known about the
neural architecture of the basal ganglia and its role in decision making.

1.1 The Actor-Critic Model

The actor-critic architecture represents one of the most influential reinforcement learning
frameworks in both machine learning and computational neuroscience, providing a powerful
model for understanding how biological systems learn to make optimal decisions through
experience. First formalized by [10], this framework decomposes the reinforcement learning
problem into two interacting components: an “actor” that selects actions and a “critic” that
evaluates those actions.

Intuitively, the critic estimates the value function V,(s) or action value function ¢.(s, a),
which represents the expected future reward from a given state (with given action in context
of action value). It can potentially use temporal difference learning to compute a prediction
error—the difference between actual and expected rewards—which serves as a teaching signal
to update these value functions. The actor maintains a policy function that maps states to
actions, and updates this policy based on the critic’s evaluation using the policy gradient.
This separation of policy and value estimation offers significant advantages, allowing for
more stable learning in continuous action spaces and facilitating the learning of stochastic
policies [3,/11].

In its computational formulation, the actor-critic model stems from the rich literature of
Markov Decision Process (MDP) and Reinforcement Learning (RL) [3]. In a classic MDP
framework, we assume that the environment surrounding an agent at any given time point
can be summarized by a mathematical abstraction, or the “state” variable (s). At each state,
an agent could take a list of possible of actions a € A, where A denotes this action set. After
taking an action, the agent may receive a reward r, as well as transitioning to a new state s'.
One example that illustrates this well is the time when I was learning to drive as a teenager.
At each time point, I observed the road conditions (other vehicles, pedestrians, obstacles,
etc.), my location, traffic signs, and many other vehicle variables like speed and steering
wheel positions. All these sources of information can be encapsulated into a state variable s.
The action set A may include pressing the gas pedal, pressing the brake, using turn signals,
or steering the wheel leftwards or rightwards. At one point, when I accelerated and turned to
change lanes, my state changed-my speed increased, lane position changed, and the relative
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position of other vehicles may change as a result as well. During this transition, my coach
told me “good job”, which was rewarding to me as a student driver.

Another important aspect that can be seen from the above example is that the state
transitions can be stochastic, or non-deterministic. For instance, as I drive towards an in-
tersection, the green light could suddenly turn yellow, or a vehicle could be merging lanes
in front of me. Each of these individual state variable changes may have their own statis-
tical distribution. In the MDP framework, we make one convenient assumption that these
transitions only depend on the current state we are in as well as the actions taken. This
is largely suitable for a lot of applications, given enough variables are captured in the state
representation. In the driving example, my vehicle position and speed, as well as other state
variables, largely transition smoothly in an autoregressive fashion from the previous state.
To incorporate this into the MDP framework, we use P(s'|s,a) to represent the transition
probability from state s to s’ after taking action a. Reinforcement Learning models then
naturally describe how an agent learns the optimal action policy (a mapping from each state
to actions taken) by maximizing the reward r received from the system.

In this framework, canonically, we assume that each state has value V,(s) under an
agent’s action policy m(a|s), where

Vi(s) =Y _m(als) Y _[P(s'|s,a)(r +7Va(s")]

/

“ . (1.1)
= 3" 7(als)Q(s,a)

We can interpret the state value as a weighted value under the action policy 7 by considering
the action probabilities and the value of each action Q(s,a), Since Q(s,a) can be viewed as
an approximated value of taking action a at state s, in practice, we could estimate it using
the random samples collected during iterations of navigating the learning environment via
reward prediction errors §; = r — Qy(s, a):

Qir1(s,a) = Qi(s,a) + a(r — Q4(s, a)) (1.2)

Here a denotes the learning rate for the agent’s learning process. Q-learning can be viewed
as the simplest form of the critic learning, whereas the brain could adopt a more complex
form of learning to approximate this Q-value function through environmental feedback.
Action selection under the Q-learning framework usually involves a simple transformation
from Q values to choice probabilities via a softmax function (which reduces to the sigmoid
function for binary decisions): 7(a; = a|s) = %, where 3 is a hyperparameter
controlling the exploitation-exploration tradeoff. The actor framework then expands on this
to model arbitrary functional form in an action policy, and directly optimizes its policy
function parameters to maximize rewards and perform action selection. Its computational
framework naturally comes from policy gradient calculation. Assume that an agent operates
using policy m(a|s), we can readily compute value of a state S; as V;(S;) = >, m(a|s)gx(s,a)
as above, where now we use ¢,(s,a) to distinctly denote action value under policy m. Now
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if we take the gradient of the value function at the initial state Sy, assuming that the policy
function is parameterized by 6, we get the policy gradient J(§) = V'V, (S;). After some
derivation, we can find that for a stochastic sample:

VJ(0) o< > ()Y gn(s,a)Vr(als, )
= E:[>_ a:(S,,a)Vr(alS,, 0)]

= Eﬂ[z m(alS, 0)q.(Si, a)V log(m(alSt, 0))] (1.3)

a

Given: pu(s) = , Ns = Pr(sp — s 1.4
(8) = g = Po(so 9 (1.9
Taking stochastic sample we have

J(0) ~ q- (S, A) V(A S, 0) (1.5)

Note that here ¢.(S;, A;) refers to the action value Q-value function learned by the critic
component. This allows the actor to utilize the critic information effectively to update its
policy.

The biological plausibility of actor-critic models has made them particularly influential
in neuroscience. The architecture maps naturally onto the organization of cortico-basal
ganglia circuits, with the ventral striatum (particularly the nucleus accumbens) functioning
as the critic and the dorsal striatum as the actor [1,/12]. This mapping is supported by a
wealth of evidence: midbrain dopamine neurons signal reward prediction errors consistent
with temporal difference (TD) learning [4,/13]; ventral striatal neurons evaluate outcomes
and perform credit assignment integrating information from dopaminergic neurons |14}/15];
and dorsal striatal neurons implement action selection based on learned values [16-1§].

Moreover, the actor-critic framework, or reinforcement learning framework in general,
has made tremendous contribution to the machine learning field, from robotics to natural
language processing. For instance, methods derived from classic actor-critic methods, like
Advantage Actor-Critic (A2C) and Proximal Policy Optimization (PPO) [19,20] has fueled
advancement in Deep RL research and led to successful applications in Atari games, and
robotic control. Moreover, in recent years, advanced Large Language Model (LLM) agents
like GPTs greatly benefited from actor-critic models like PPO and Group Relative Pol-
icy Optimization (GRPO) in generating responses aligned with human preferences |21}22].
Specifically, these models computed “advantages”, which are generalized forms of value func-
tions that measures how certain actions or trajectories provide significant improvement in
rewards. And then they optimize the policy network subjected to constraints that limit
significant perturbations from existing policy trajectories.

Through continuous refinement and integration with experimental findings, the actor-
critic framework has evolved from a computational algorithm to a powerful conceptual model
that bridges artificial intelligence and neuroscience. It greatly facilitates advancement in
machine learning networks and provides a unifying perspective on how diverse neural circuits
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coordinate to enable adaptive decision making in complex, dynamic environments, cementing
its position as a cornerstone of computational approaches to understanding the biological
basis of learning and decision making. Based on its current utility, improvements in the
actor-critic framework could be valuable to both neurobiology and machine learning.

1.2 Neural Architecture of the Basal Ganglia and Its
Role in Decision Making

Organization of the Basal Ganglia Circuitry

The basal ganglia form a group of subcortical nuclei that coordinate with cortical, thalamic
and midbrain regions to support a variety of functions including action selection, motor
control, reinforcement learning, and habit formation (Fig 1.1) [23/24]. This network is
organized into parallel circuits that connect cortex, basal ganglia, thalamus and midbrain
output regions like deep superior colliculus (SC) and mesencephalic locomotor area (MLR),
creating a circuit architecture that supports the integration of cognitive, motor, and limbic
information for adaptive decision-making [25-27].

The canonical structure of each cortico-basal ganglia circuit begins with excitatory gluta-
matergic projections from cortical regions to the striatum, the primary input nucleus of the
basal ganglia. The striatum can be divided into functional territories: the dorsolateral stria-
tum (DLS) primarily receives input from sensorimotor cortices, the dorsomedial striatum
(DMS) from associative cortices, and the ventral striatum (including nucleus accumbens)
from limbic regions [28,29].

From the striatum, information flows through the basal ganglia via two major output
nuclei: the internal segment of the globus pallidus (GPi) and the substantia nigra pars
reticulata (SNr) (Fig 1.1). These structures provide tonic inhibitory input to the thalamus,
deep colliculus, and mesencephalic locomotor region (MLR) effectively gating basal ganglia
outputs [27,30-32]. The thalamus, in turn, sends excitatory projections back to the cor-
tex, completing the loop. This arrangement creates a system where basal ganglia output
can either facilitate or suppress output through disinhibition or maintenance of inhibition,
respectively [30].

As mentioned above, this architecture is repeated in multiple parallel circuits that help
to maintain partial segregation of computations while also possibly allowing for integration
across functional domains. Tracing studies have identified at least five major functional
circuits in primates defined by their cortical input origin: motor, oculomotor, dorsolateral
prefrontal, lateral orbitofrontal, and anterior cingulate loops [33))34]. These loops process dis-
tinct information but as they converge at specific points, they may allowing for coordination
across cognitive, motivational, and motor aspects of behavior [26].

Detailed anatomical studies have revealed additional complexity in this circuitry [35],
including “hyper-direct” projections from the cortex to the subthalamic nucleus (STN) [36],
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thalamostriatal projections that provide feedback within the loop [37], and arkypallidal in-
puts that project up from the to GP influences the striatum [38]. These findings have
expanded our understanding of how information flows through the basal ganglia beyond the
classical model.

The functional significance of this architecture lies in its ability to perform action selection
through competitive dynamics. As proposed by [39], the basal ganglia can be viewed as a
central selection mechanism that resolves conflicts between competing behavioral options. By
integrating diverse inputs and controlling multi-targeted outputs, this circuit can effectively
“decide” which actions to facilitate and which to suppress based on current goals and context
[39-41].

Direct and Indirect Pathways: Parallel Streams for Action
Selection

Within the cortico-basal ganglia circuitry, information processing is further organized into
at least two major pathways distinguished by their connectivity, receptor expression, and
functional roles: the direct (or “Go”) pathway and the indirect (or “No-Go”) pathway [32]
42,143].

The direct pathway originates from striatal spiny projection neurons (SPNs) that pre-
dominantly express D1-type dopamine receptors (D1-SPNs). These neurons project directly
to the basal ganglia output nuclei (GPi/SNr) and form inhibitory GABAergic synapses.
Activation of the direct pathway thus inhibits the tonically active GPi/SNr neurons, result-
ing in disinhibition of thalamic targets and outputs through the MLR or colliculus, or via
facilitation of cortical activity [27,30,44]. Consistent with this circuit arrangement, selec-
tive activation of D1-SPNs facilitates movement initiation and reinforces recently performed
actions ( |17,127,/42]).

The indirect pathway, in contrast, arises from striatal SPNs that predominantly express
D2-type dopamine receptors (D2-SPNs). These neurons project to the external segment
of the globus pallidus (GPe), which in turn inhibits the subthalamic nucleus (STN) (Fig
1.1). The STN provides excitatory input to the GPi/SNr, completing the indirect pathway.
Activation of D2-SPNs thus inhibits GPe, which disinhibits STN, leading to increased exci-
tation of GPi/SNr blocking disinhibition at basal ganglia output targets [3045]. Selective
activation of D2-SPNs suppresses movement [42,46] and can drive avoidance behaviors [47].

Dopamine differentially modulates these pathways through distinct effects on D1 and D2
receptors. D1 receptor activation is thought to facilitate direct pathway activity through
increased excitability and synaptic potentiation downstream of PKA activation, while D2
receptor activation is thought to suppress indirect pathway activity through supression of
PKA activation [30,48.|49]. This arrangement creates a system where dopamine release can

modulate the balance between the two pathways to facilitate or suppress specific actions
[50,51].
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Basal ganglia circuits
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Figure 1.1: This schematic showcases the biological architecture of the direct and indirect pathways
in the cortico-basal ganglia-thalamic loop, with illustrations of dopamine connections. (Adapted
from Gerfen and Surmier 2011 )

While this classical model of direct and indirect pathways has provided a valuable
framework, recent research has revealed additional complexity. Single-cell recording studies
have shown that both D1-SPNs and D2-SPNs can be co-activated during movement initia-
tion [52,53], challenging the simple “Go/No-Go” dichotomy. Furthermore, anatomical and
functional studies have identified substantial collateralization in D1-SPN projections and
D2-SPNs , as well as a more intergrated architecture in ventral striatum ,.

Beyond their role in movement control, the direct and indirect pathways contribute to
reinforcement learning and decision making. The direct pathway promotes actions asso-
ciated with positive outcomes, while the indirect pathway suppresses actions associated
with negative outcomes, creating a dual-operator system for value-based selection ,.
This functional organization is supported by the differential effects of dopamine on synap-
tic plasticity in each pathway: dopamine facilitates long-term potentiation in D1-SPNs and
long-term depression in D2-SPNs , likely through intracellular signaling downstream
of PKA [48,49].

Longstanding and recent work have also identified hemispheric specialization in pathway
function. Bilateral recordings during decision tasks show that both pathways are activated
in the hemisphere contralateral to movement, but with different temporal profiles . The
traditional model of competition between direct and indirect pathways is often only discussed
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within a hemisphere, but given contralateral/ipsilateral opponency between hemispheres
during orienting behaviors [39,46,/57], it must also be expanded to incorporate bihemispheric
coordination [58,59]. My thesis work to be discussed in detail below will expand opponency
further by revealing that active accept and reject choices involve differential patterns of
hemispheric opponency (see Chapter 3).

The direct and indirect pathways are found to be intermixed through all of the dorsal
striatum but the larger dorsal striatal region itself can be subdivided into medial and lateral
subregions with different function. In the dorsomedial striatum (DMS), the two pathways
are known to regulate goal-directed actions [60,/61], while in the dorsolateral striatum (DLS),
the two pathways are thought to control habitual motor responses. In the ventral striatum,
the D1-SPNs and D2-SPNs are not called the direct and indirect pathway because they
are not as well segregated in terms of gene expression and projection target [56,/62], Here
the two cell types are thought to contribute to appetitive and aversive learning, with the D1
expressing SPNs supporting approach behaviors and/or reinforcement and the D2 expressing
SPNs contributing to avoidance [47] but also under some contexts positive reinforcement as
well [63].

This organizational complexity enables the direct and indirect pathways (and ventral
striatal D1-SPNs and D2-SPNs) to support a range of functions beyond simple action fa-
cilitation and suppression. Their coordinated activity, modulated by dopamine and shaped
by experience-dependent plasticity, allows for adaptive selection among competing options
based on expected value, contextual factors, and internal goals. Understanding how these
pathways interact across hemispheres and functional territories is essential for developing
comprehensive models of basal ganglia function in decision making.

1.3 Bayesian Inference As a Mechanism in Credit
Assignment

One critical problem in decision making for human and animals is to integrate noisy sensory
and past outcome information, infer the underlying rules of the environment, and generate
actions to achieve their desired outcome. Simple perceptual decision making paradigms are
informative in how sensory information is processed to generate decisions, but do not provide
us with insights into how animals use past outcome experience in volatile environments where
reward structures are constantly changing despite similar sensory evidence. For instance,
when customers walk into their favorite restaurant, they often see a similar set of dish names
and pictures. Occasionally there may be personnel changes in the chef team or changes in
produce supplies that may change the food quality. These underlying changes in the kitchen
team are unbeknownst to the customers, and are described here formally as the hidden or
latent state of the data generating process, with the data being the food quality of the
dishes. After a few observations, the brain needs to integrate these sources of information to
determine whether the bad food quality was simply an unlucky occurrence or a fundamental
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change in food quality due to personnel or management change. In general, from animals
surviving in nature, to humans making life decisions, the ability to perform latent state
inference and generate decisions that adapt to these hidden state changes are critical. A
natural question arises: does the brain indeed carry out latent state inference computations?
And what are the brain areas and mechanisms involved that integrate information from past
outcomes and utilize them to generate decisions?

Bayesian statistics provides a powerful framework for latent state inference by integrating
new observations into calculating a posterior belief distribution of latent states following
Bayes’ rule [64,65]. Previous work has shown the feasibility for neurons to generate a
probabilistic code for Bayesian inference [66]. Moreover, signatures of neural activity during
perceptual decision making in areas like lateral intraparietal cortex (LIP) are found to be
consistent with models using Bayesian inference computations [67,68]. Behavioral modeling
for human performing tasks that involve changing underlying reward structures suggested the
plausibility of the brain using Bayesian inference to integrate outcome history information
for future decision making [8].

Recent modeling work has suggested that Recurrent Neural Networks trained with a TD
learning framework can iteratively integrate choice outcomes to produce belief-like represen-
tations [69]. A growing set of studies have begun to describe how cortical population codes
could carry out Bayesian inference computations [66,/67,/70] and that hippocampus neurons
could represent the contextual cognitive map and belief during decision making [71-73]. Con-
sequently, it is possible to envision a theoretical neural model where integrations of distinct
neural clusters could carry out the Bayes’ rule propagation and update neural population
codes encoding beliefs. After each outcome revelation, Bayesian inference and belief codes
calculated and updated in the hippocampal-prefrontal circuits [73,[74] could be propagated
via projections to the striatum and ventral tegmental area (VTA). Dopamine error feed-
back can then either act via striatal pathways or directly through limbic and mesocortical
dopaminergic pathways to cause changes in cortical or hippocampal dynamics, leading to fur-
ther belief updating. Interestingly, recent experimental observations on dopaminergic circuit
functions during decision making have found evidence to support this model. [75] demon-
strated in an inference task that substantia nigra pars compacta (SNc¢) dopamine neuron
activities qualitatively reflect their ability to encode both experienced target values, as well
as inferred values on unseen targets. [76] showed that manipulation of dopamine neurons in
monkeys altered reversal behaviors that require inferences. [9|77] carefully designed distinct
Pavlovian paradigms and showed that VTA dopamine activity in mice is consistent with
RPE predictions from a Bayesian inference based reinforcement learning model (BRL). Our
work in Chapter 2 [78] then elucidated how dopamine release in mouse nucleus accumbens
during instrumental tasks closely matched the RPE prediction of a hybrid model combin-
ing Bayesian inference and reinforcement learning, rather than other complex iterative RL
processes alone. Moreover, recent work have also shown that the hidden state inference
requires coordination between basal ganglia and other brain areas like hippocampus and
frontal cortex to enable flexible adaptive behaviors [71},79]. Future work could further dis-
tinguish between the dorsal and ventral striatal computations by comparing BRL latent and
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RPE predictions with regional SPN activity and dopamine responses.

Understanding if the brain performs hidden state inference can provide answers about
feasible neural mechanisms the brain may use to solve credit assignment problems. In Chap-
ter 2, I will discuss this problem in further detail in a study where we recorded dopamine
in nucleus accumbens and investigated if Bayesian inference models can effectively explain
the behavioral and neural variance in mice as they make decisions. Specifically, we investi-
gated how mice adapt to changes in the hidden reward structure in an instrumental task.
We found evidence that models using Bayesian inference provided a better account of both
behavioral data and dopamine signals in the nucleus accumbens (NAc) for mice compared to
standard Reinforcement Learning (RL) models, even RL models that included sophisticated
features such as counterfactuals, forgetting, and dynamic learning rate update. Moreover,
we discovered that it is biologically plausible that mice employed a hybrid computational
process that combined RL and Bayesian inference. Under this hypothesis, Bayesian infer-
ence is used to compute beliefs across hidden states, each of which contains its own action
value map. Dopamine signals reward prediction errors that update these action values con-
ditioned on these belief states. This work establishes a role for Bayesian inference in neural
computation and behavior in a value-based decision making task, and helps to confirm a
new understanding of the role of dopamine in learning.

1.4 Distinct Circuit Mechanisms in Action Selection

As described in section 1.2, the elegant anatomical structure of dorsal striatum featuring
opposing pathways with distinct cell types, as well as rich connections to broad sensory,
motor, and high-order regions, allows itself to play a critical role in decision making, espe-
cially value-based decision making [31]. The traditional actor-critic model characterizes the
dorsal striatum as implementing action selection through the direct (facilitating actions) and
indirect (suppressing actions) pathways [46,47./62]. This anatomical organization supports
the “actor” role by translating value representations into appropriate behavioral responses.

However, when we consider continuous ongoing activity and the competition between two
hemispheres, we realize this simple model may require more nuances. First, it has been ob-
served that direct pathway and indirect pathway neurons are often co-activated during action
initiation [52,80]. This implies that the two pathways must operate in a multi-dimensional
fashion instead of simply regulating single actions, since they otherwise would cancel each
other out. It has been suggested that one action is selected while other competing actions are
suppressed. In a study of the dorsolateral striatum (DLS), [46] found that when animals were
covertly inhibiting themselves from making leftward and then rightward actions over time,
iSPN activity was higher in the hemisphere contralateral to the currently latent /salient, but
inhibited action. This cleverly revealed hemispheric opponency in the suppressive control
of leftward or rightward orienting behaviors. Despite a clear role for iSPNs in action sup-
pression in [46] we cannot assume that iISPNs also play a role when suppression of a choice
involves generating an alternative action rather than simply withholding motor action. [81]
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found that chemogenetic inhibition of DMS iSPNs did not disrupt learned suppression of a
salient foraging choice, but DMS dSPN inhibition and DMS iSPN excitation did disrupt this
learning [81]. This result led us to question the mapping of the Go/No Go-direct/indirect
heuristic in striatal action models. One might automatically expect that if animals are learn-
ing to generate actions to avoid costs it should be controlled positive activity in the iSPNs
due to their opponent role in the circuit and expression of dopamine D2 receptors (D2Rs).
However, it also makes sense that in situations where costs should lead to active rejection
actions like running and turning, not holding still, that these computations should instead
require dSPN activation which can generate the necessary running or left/right orienting
actions [17,27).

To understand how the dorsal striatum actor contributes to active rejection, in Chapter 3,
we investigated the role of dSPNs and iSPNs in the dorsomedial striatum in a serial decision-
making task (“Restaurant Row”). This paradigm allowed us to isolate rejection behavior
from action selection confounds present in traditional Go/No-go and two-alternative forced-
choice tasks.

Thus, in the following chapters, I will explain updates to the critic model in Chapter 2 and
updates to the actor model in Chapter 3. In Chapter 4, I will discuss the key computational
methodologies that I used in my experimental analyses, which can be leveraged in a general
way for studying decision making in the brain. The final chapter will then conclude this
thesis and connect the chapters more broadly to the fast growing field of computational
neuroscience.
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Chapter 2

Dopamine Release in Nucleus
Accumbens Signals Reward
Prediction Errors Consistent with
Bayesian Inference Value
Computations

MDopamine release in the nucleus accumbens has been hypothesized to signal the difference
between observed and predicted reward, known as reward prediction error, suggesting a
biological implementation for reinforcement learning. Rigorous tests of this hypothesis re-
quire assumptions about how the brain maps sensory signals to reward predictions, yet this
mapping is still poorly understood. In particular, the mapping is non-trivial when sensory
signals provide ambiguous information about the hidden state of the environment. Previous
work using classical conditioning tasks has suggested that reward predictions are generated
conditional on probabilistic beliefs about the hidden state, such that dopamine implicitly
reflects these beliefs. Here we test this hypothesis in the context of an instrumental task
(a two-armed bandit), where the hidden state switches stochastically. We measured choice
behavior and recorded dLight signals that reflect dopamine release in the nucleus accumbens
core. Model comparison among a wide set of cognitive models based on the behavioral data
favored models that used Bayesian updating of probabilistic beliefs. These same models also
quantitatively matched mesolimbic dLight measurements better than non-Bayesian alterna-
tives. We conclude that probabilistic belief computation contributes to instrumental task
performance in mice and is reflected in mesolimbic dopamine signaling.

!This work is published at PLoS computational biology as [78]
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2.1 Background

Reinforcement learning (RL) algorithms hypothesize that, in value-based decision making
tasks, animals maintain an action value map and update it using reward prediction errors
(RPE), the difference between the observed and predicted reward associated with the chosen
action [3]. The growing family of RL models proved to be remarkably successful in explaining
trial-by-trial changes in behavior [82-84] and the responses of midbrain dopamine neurons
in rodents and primates [|4,[85,186]. However, these standard RL (SRL) models may not
adequately account for behavioral and neural data when immediate sensory observations
alone are insufficient to guide optimal behavior, for example, when the underlying reward
distribution changes over time due to the existence of a hidden state [75,87,88]. To solve
such tasks, evidence suggests that the brain may represent a “belief state” (a probability
distribution over hidden states), updated by Bayesian inference [9/68,76|,77,88.89], or possibly
learned implicitly in an end-to-end fashion [69]. Additionally, updates to these belief state-
dependent action values may be encoded by dopamine neurons [9,68,(76.77,89].

The significance of Bayesian inference becomes apparent when studying behavior in a
two-armed bandit task (2ABT, Fig 2.1]A), a serial reversal learning task where rewards
for correct choices are delivered on a probabilistic schedule, and the correct port switches
between two available options across blocks of trials within a single session. The fact that
rewards are delivered on a probabilistic schedule generates ambiguity as to which port is
currently the rewarded port following an unrewarded trial. Both mice and human subjects
trained in this task are capable of maintaining stable behavior within a block, and then
rapidly adapting to reward contingency changes following a block switch [8},17,90].

The simplest versions of standard RL models do not capture choice stability within a
block and rapid switching when the rewarded port changes [8,90]. Bayesian inference may
offer better models of behavior and neural computation in tasks like the 2ABT due to their
ability to capture stable within-block choice and rapid between-block switching [76]. A series
of studies suggested that dopamine signaling may be better explained by models accounting
for belief states [9,/68,(75,/77,89]. However, the additional explanatory power of Bayesian
models with respect to RL models is currently ambiguous, given that a growing family
of complex RL models, geared with more parameters and nuanced functions, are capable
of generating adaptive behaviors [90,91]. A 2022 study of human behavior in the 2ABT
found that a Bayesian model and an RL model variant equipped with counterfactual value
updates both provided complementary explanations of behavior, but neither was decisively
superior [8]. A 2022 study of mouse behavior in the 2ABT suggested a purely Bayesian
account of reversal learning can overestimate mouse switch probability and fail to account
for choice stickiness [90].

In 2024 two further studies were published in mice that compared Bayesian and RL
models ability to explain both behavioral and dLight dopamine release data from the nu-
cleus accumbens [71,[88]. Both found that behavior and imaging data were consistent with
Bayesian inference. However, in both studies actions and outcomes were spread out over
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multiple task steps or multiple seconds, time spans that engage areas such as hippocampus
and PFC [71,88,92].

There is evidence that when actions and reinforcements follow each other in more fast
paced tasks, that the role of striatum is enhanced [17,93]. So, we cannot assume that
computation in a fast paced 2ABT is comparable to a slower paced 2ABT even when both
have latent block structure [71]. Therefore, this study provides an additional test of the
robustness of Bayesian models in a faster-paced (therefore possibly more striatal based)
assay of decision making.

Another limitation of the existing literature is that many studies compared only a few
model variants in isolation, without including a larger growing set of models. Recently,
Blanco-pozo et al. compared Bayesian models against model-free, model-based, and hybrid
RL models in a two-step task [88]. Here we included a broader set of complex RL models
commonly used in cognitive modeling to further elucidate how specific mechanisms, like
asymmetric learning rate, counterfactual learning, dynamic learning rate, forgetting, and
Bayesian inference, each differentially contribute to explaining mouse behavior and dopamine
release dynamics in the nucleus accumbens in a simpler operant 2ABT task. In addition
to comparing “pure” Bayesian and RL models, we can also examine hybrid models where
Bayesian and RL processes are combined [9,94,/95]. In these belief state RL hybrid models
(BRL), Bayesian inference can be used to compute belief states, over which RL processes
operate to learn policies appropriate for the current belief state.

Given these ambiguities in the past literature, our goal was to examine if Bayesian models
or Bayesian-RL hybrid models could outperform sophisticated variants of RL models to
explain behavior and outcome-related dopamine signals in our simple fast-paced 2ABT task
with a hidden state. Mesolimbic dopamine neurons have been widely associated with RPE
predictions. As one of their major projection destinations, the nucleus accumbens (NAc) is
thought to play a critical role in credit assignment [7,96-98]. Therefore, dopamine release in
NAc is of particular scientific interest. To this end, we trained mice in a value-based 2ABT
task while recording dLight signals in the NAc using fiber photometry to measure dopamine
transients [99]. These data allowed us to test the hypotheses regarding the cognitive process
that mice employ in the 2ABT at the behavioral level and to test whether these computations
are reflected by mesolimbic dopamine dynamics in the NAc.

2.2 Results

Mice rapidly adapt to block switches in the 2ABT

To study the flexible updating of goal-directed behaviors under probabilistic conditions, we
trained mice on a 2ABT task with block switches. Two weeks prior to training, mice were
injected bilaterally with AAV dLight in the NAc core and implanted with an optic fiber and
ferrule above the injection site.
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In the 2ABT, mice encountered three ports equipped with infrared sensors. Animals
were water restricted and trained to nose-poke into the central port to initiate a trial and
then move to a left or a right port to obtain a water reward. Water rewards were available
on either the left or right side, depending on the block. The correct choice was rewarded
with water 75% of the time whereas no rewards were available at the other port. After they
received a random number of rewards (uniformly sampled from 7 to 23 for the “Full Task”
condition, Fig —B), the correct port switched without any discriminative cue. In order
to achieve consistent water rewards across the whole session, mice needed to readily update
their choice using outcome feedback.

As soon as the full task started (see Methods for details), we recorded unilaterally from
the NAc in mice performing the 2ABT for a total of 14 daily sessions, alternating the
hemisphere and allowing one non-recording session every third day (Fig ) Just after
pre-training, mice chose the high reward probability port 72.9% (95% CI: [0.669, 0.767]) of
the time on average. Over the course of 14 training sessions, performance steadily increased
(Fig R.IF, linear regression slope coefficient 0.0026, t statistic: 2.743, p=0.008, CI: [0.001,
0.005]). In the first 7 sessions, mice took 2.49 trials on average (95% CI: [2.39, 2.59]) to
switch to the correct port after a block switch. In the 8-14th session this reduced to 2.36
trials on average (95% CI: [2.28, 2.45]). Mice switched and committed to the correct port for
3 or more trials (average 3.12 trials, 95% CI: [3.00, 3.26]) following the first 7 sessions. These
data were comparable to mice performing the task without a fiber implant or cable [17].

To identify what task features the mice might consider before switching ports, we analyzed
the stay/switch behaviors after two trials of outcome history. To simplify the comparison, we
specifically chose the trials after the mice consecutively stayed in the same port for two trials
or more. We encoded the outcome history at t-2, t-1 as RR, RU, UR, RU, (23607, 5719,
9428, 8520 trials each) with R representing rewarded trials and U representing unrewarded
trials. For instance, a trial with “RU” stay history means that a mouse encountered a reward
at trial t-2 and then was unrewarded at trial t-1, all at the same port. We found a significant
reduction in the probability of repeating the previous choice after one unrewarded outcome
(RR vs. RU, Fisher’s exact test: 6.47, p < le-4, Cohen’s d: 0.6242, 95% CI: [0.6, 0.65]).
Moreover, mice reduced their stay rate at the chosen port after two consecutive unrewarded
outcomes compared to one unrewarded outcome (RU vs. UU, Fisher’s exact test: 3.98, p <
le-4, Cohen’s d: 0.6715, 95% CI: [0.64, 0.7]; Fig 2.1E).

More formally, we conducted comprehensive logistic regression analyses to describe how
outcome histories influenced behaviors across individual mice, with a particular focus on
capturing the decaying impact of historical reward and choice information. By implementing
two distinct regression approaches (Fig [£.1] [90,[101]), we were able to examine how mice
integrate recent (1 trial back) and more distant trial histories into their decision-making
process. The first model explored the general decay of choice outcome weights across trial
histories, revealing consistent patterns of how past experiences progressively influence current
choices. The second model specifically evaluated whether recent rewards can “block” or
reduce the effect of more distant outcome histories. This nuanced analysis allows us to parse
the complex cognitive mechanisms underlying mouse behavioral decision-making, providing
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insight into how mice integrate sequential information to guide their choices. By fitting
these models to individual animal data, we can characterize the subtle variations in decision-
making strategies across different subjects with higher precision, thus offering a more robust
and mechanistic understanding of the experimental results.

Cognitive model fitting confirms that mouse behavior data favors
Bayesian models or complex RL models compared to simple RL
models

To investigate the nature of computations that mice use to rapidly adapt their choices fol-
lowing block switches, we compared a purely Bayesian model (Blfp, see methods) adopted
from [§], a hybrid BRL model (BRLfwr, see methods) inspired by [9], and several RL mod-
els (Fig ): a model with asymmetric learning rates for positive and negative RPEs
(RL4p, dubbed the simple standard RL model), a model that additionally used counterfac-
tual updates for unchosen option values (RLCF), the recursively formulated logistic regres-
sion (RFLR) model developed by [90], an RL model that simulates forgetting via decaying
the Q value of unchosen options (RLFQ3p), a foundational dynamic learning model de-
veloped by Pearce and Hall that adapts learning rate with outcome uncertainties [102], and
another recent dynamic learning variant that adjusts negative learning rate adaptively based
on expected and unexpected uncertainty (RL_meta) [91]. The model space under selection
consists of a rich set of cognitive mechanisms that have been shown in previous work to
perform well in explaining mouse and human behaviors in the 2ABT [8,90,/102], including
Bayesian inference, dynamic learning, forgetting, counterfactual, stickiness, and asymmet-
rical learning (Table . We carefully chose this model space in order to identify which
cognitive mechanism alone can best explain mouse behavior and dopamine release in NAc.
Due to the intricate connection between these cognitive models, as well as their mathemati-
cal equivalence under certain restricted conditions [90], a definitive classification or grouping
can be rather difficult. However, for the convenience and scope of this paper, we focused on
evaluating the effectiveness of Bayesian inference in explaining empirical data against other
more complex RL models, and opted to illustrate this with the conceptual diagram in Fig
2.2]A. For instance, though one can show its connection to Hidden Markov Models (HMM)
under restricted conditions, the RFLR model was grouped with other RL models due to its
mathematical equivalence to the forgetting Q-learning model [90}|103]. Modeling details can
be found in the Methods and descriptions shown in Table 2.1]

All models listed compute choice values (or implicit values via reward probabilities in the
case of BIfp), map these to choice probabilities, and then update their values (and beliefs in
the case of the Bayesian models) after receiving reward feedback. For models that do not
explicitly utilize RPE for model updating, like Blfp, we can calculate “pseudo-RPEs” by
taking the difference between the observed and expected reward. Critically, the BRL and
RL models differ in how they perform value computation. The RL models update choice
values stored in a look-up table, while the BRL models computed values as a sum of choice
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Table 2.1: Overview of different cognitive models.

1 . . .
mode description parameters distinct mechanisms
name

+ — . .
RLAp Q learning a’, o, B, ¢ asymmetric learning,
(stickiness) perseverance
Q learning with counterfactual, asymmetric
RLCF counterfactual at,a”, B, ¢ . » 95
learning, perseverance
updates [§]
Recursive
RFLR Formulation o, 6, 7 (decay rate) perseverance, forgetting,
Logistic T Y connections to HMM [90]
Regression [90]
Belief state RL
model with reward | 3, ¢, ¢ (latent switch perseverance, Bayesian
BRLfwr . .
weight updates and rate), « inference
fixed initial weight
Bayesian Inference perseverance, Bayesian
BIf; . ’
P Model [104] B ¢ a inference
Reinforcement
Learning with B, at, a” asymmetric learning,
RLFQ3p Forgetting ¢ (3 ((=1- ‘ﬁ%) forgetting
parameter)
. dynamic learning,
RL_meta RL Wl.th meta at,a, B, 0, C, ay, Y asymmetric learning,
learning [91] :
forgetting, perseverance
Pearce-Hall perseverance, asymmetric
PearceHall | dynamic learning L, a, ), qp, ¢ learning, forgetting,
model [102] perseverance

values in each belief state weighted by posterior belief probabilities. The updating process
is schematized in Fig 2.2D-E.

The RL4p model and its variants have been extensively used in previous studies (e.g.,
[105-109]), which have provided evidence that asymmetric learning rates and choice per-
severation (“stickiness”) are often helpful in capturing animal behaviors. RL4p serves as
a baseline against which all more complex models should be compared. Despite its past
empirical success, a critical limitation of the RL4p model is that it fails to capture the
observation that animals appear to update values for unchosen options (counterfactual up-
dating; [8,110-112]). For example, in reversal learning tasks like the 2ABT, observing an
unexpected reward omission dramatically increases the likelihood of a switch, accompanied
by neural responses that anticipate the new reward contingencies [75,/113]. Counterfactual
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updating is usually formalized by updating values for unchosen actions in the opposite direc-
tion from the values of chosen actions. This qualitatively mimics the behavior of Bayesian
models [104].

We fitted all models to the choice data of all 14 sessions for 5 mice (Fig[2.1F) in the 2ABT
using maximum likelihood estimation. To qualitatively analyze similarities among this rich
set of cognitive models, we simulated behaviors using parameter ranges fit to the mouse
behavioral data. Then we fit each of the 8 main model variants to each of the simulated
behavioral data sets and tested for model identifiability based on the frequency with which
the ground-truth model was chosen by the model selection criterion, the Akaike Information
Criterion (AIC). This revealed relatively poor identifiability between the Bayesian model and
the hybrid BRL, as well as poor identifiability between the complex RL models (RL_meta,
RLFQ3p, RFLR). These results indicate that the 2ABT cannot be used to discriminate
within each family of model on the basis of behavioral data, but can discriminate across
families. Furthermore, the 2ABT is adequate for rejecting the standard RL model (RL4p,
Fig[2.2B,C).

With RL4p as a baseline, we found that both BRLfwr and Blfp significantly improved
the AIC measure compared to the RL4p model (Blfp: AAIC = —536.57 4+ 59.48, BRLfwr:
AAIC = —530.59 + 61.86). The RLCF also explained the mouse behavior better than the
RL4p model (RLCF: AAIC = —361.92 + 70.52), with a higher relative AIC on average
than the Blfp model (AAIC = 174.64 + 47.83) (Fig 2.2IC). Additionally, other complex
RL models also outperformed the RL4p model (AAIC = —652.53 £+ 49.26, —677.84 + 65.69,
—656.44+62.16, —646.45+53.62 for RFLR, RL_meta, PearceHall, and RLFQ3p respectively,
Fig[2.2[C). When we evaluated the qualitative difference for model fitting across subjects, we
noted that due to the limitation of sample size, the lowest attainable uncorrected p-value
against a one-sided alternative using non-parametric pairwise tests (like permutation test) is
0.03125, which can readily lose power when multiple test corrections are used. Furthermore,
it is reasonable to assume that relative AIC values across subjects follow a symmetric and
normal-adjacent distribution. Therefore, we used parametric t-test and controlled family-
wise error rate (FWER) via Holm’s method with Bonferroni adjustment. We found that
both Bayesian models like BRLfwr (p corrected: 0.018) and Blfp (p corrected: 0.015), and
complex RL models (p corrected for relative AIC for RFLR: 0.004, RLFQ3p: 0.006, for
RL_meta: 0.009, PearceHall: 0.009) provided better accounts of mouse behavior in the
2ABT than the standard RL model. However, there was not sufficient discriminative power
to identify whether Bayesian models or any member of the complex RL models was superior
based on the simple quantitative account of all behavioral data as a whole (corrected p
value for BRLfwr vs RL_meta: 0.39, BRLfwr vs PearceHall: 0.679, BRLfwr vs RFLR: 0.679,
BRLfwr vs RLFQ3p: 0.679, though BRLfwr performs significantly better than RLCF: p
corrected: 0.020).
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Bayesian models and complex RL models qualitatively recover
mouse behaviors around trials feature volatile outcome changes

To further understand the mechanism by which the Bayesian model, hybrid BRL, or the
complex RL models explained mouse behavior, we compared qualitative signatures of the
Blfp, BRLfwr, and RL models with those of mouse data. One hallmark behavioral signature
of mouse adaptation to block switches is improved choice accuracy as the number of trials
after a block switch increases (Fig[2.1D). Due to the model similarities found in the previous
model identification analysis, (Fig[2.2B,C), we focused on a restricted subset of model space:
BRLfwr, RLCF, RL4p, RFLR and PearceHall. We omitted Blfp, RLFQ3p, and RL_meta
from the analysis due to their qualitative similarity to BRLfwr, RFLR, and PearceHall
respectively. Accordingly, we first compared the rate at which choice accuracy improved
after block switches for simulated model behaviors against mouse data. Consistent with
our hypothesis, we observed that BRLfwr and RLCF predicted faster adaptation to block
switches compared to RL4p, resembling the adaptation rate of mouse switching behavior
(Fig ) When we focused on single-trial choice-outcome trajectories, we qualitatively
observed that the Bayesian model and complex RL models updated their switch probability
differently (or faster in most cases) from the RL4p model after unrewarded observations
or near block switches (Fig ) From this, one further hypothesis naturally arises: the
Bayesian models and complex RL models outperform the RL4p model because of their
ability to detect choice-outcome sequences that are suggestive of a block switch or volatile
choice-outcome contingencies.

To test this hypothesis, it is imperative to obtain a more granular understanding of how
different trial outcome histories drive a mouse to switch ports, and to determine if BRLfwr
can successfully predict switch probabilities under different outcome histories, especially
around block switches. Following [90], we categorized all trials based on their three past
trial outcome histories, using capital A/B to denote rewarded outcomes and lower-case a/b
for unrewarded outcomes. Due to the symmetrical task structure, we denoted the trial at
t-3 as A/a regardless of its spatial location, and trials at t-2 or t-1 as A/a if the mouse
chose the same port, or B/b if the mouse chose a different port, in reference to trial t-3 (Fig
). For instance, if a mouse was unrewarded at port 1 at t-3, rewarded at port 2 at t-2,
unrewarded again at port 2 at t-1, we would describe the trial outcome history as aBb. We
then calculated the switch probability as the probability to choose a different port at trial t
compared to trial t-1.

We then compared the average mouse switch probability after each outcome history
against the mean predictions of the three different cognitive models (Fig[2.3B; sum of squared
errors (SSE): BRLfwr: 0.1796, RL4p: 0.8270, RLCF: 0.2748, RFLR: 0.1537, RL_meta:
0.0787, PearceHall: 0.1084). Notably, we observed that the RL4p model overestimated
the switch probability for outcome history contexts where mice encountered rewards in both
ports within the past 3 trials (e.g., ABb, AaB, etc., Fig ) Since these outcome con-
texts occurred only around block switches, mice usually stayed at the newly rewarded ports
(mean switch rate: 0.2143). BRLfwr showed a similarly low switch rate after these contexts
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(0.1801), whereas RL4p model predicted a high average switch rate of 0.4328 (RLCF: 0.2248,
RFLR: 0.2778).

For instance, after the outcome context of ABb, the RL4p model overestimated the
probability of the mice switching back to port A (Fig ), because it was only able to
increment the action value for port B, instead of capturing the underlying reward distribution
change. A mouse using a learning mechanism like RL4p would mistakenly think that selecting
port A was still as valuable as it was prior to this outcome sequence, given that no reward
omissions were recently experienced at that port, leading to regressive errors back to port A.
Interestingly, the RL_meta model was able to explain adaptive behaviors with even higher
accuracy than BRLfwr due to its adaptive power via learning rate tuning when reward
context changes rapidly. We furthered our model comparison using AIC (AAIC) relative
to the RL4p standard RL model to examine mouse behaviors around block switch (defined
as the first 5 trials after block switch). We found similar AAIC results for BRLfwr and
dynamic RL models (BRLfwr: -163.6763, RL_meta: -163.9207, PearceHall: -158.9066) (Fig
2.3C). However, RL_meta was also the most complex model with 7 parameters, with poor
parameter identifiability. One might therefore argue that that the Bayesian model BRLfwr
was better because it exhibited good parameter recovery and was more parsimonious.

Predictions from BRLfwr and BIfp capture nucleus accumbens
core dLight dynamics better than RL models

Next, we investigated whether Bayesian models or RL models provide qualitatively and
quantitatively accurate predictions of dopamine release in the NAc triggered by action out-
come feedback. Importantly, as noted above, BIfp does not inherently calculate an RPE
term, since it uses Bayesian inference for model updates. Therefore, to allow the comparison
between model predictions of Blfp and the dopamine signals, we calculated a pseudo-RPE
for Blfp, the difference between observed and expected reward.

Our experimental mice were implanted with optical fibers bilaterally in NAc core to enable
recording of dLight signals. Histology images were visually inspected after the experiment to
verify the implant tip location and viral expression (Fig ) We analyzed the dopamine
responses in NAc by aligning dopamine signals to the “outcome” event, the time point when
water rewards were either delivered to the mice or were omitted. After mice received a
water reward, we observed a dLight dopamine signal (Z(DA)) increase on average (estimate:
1.6345, CI: [1.613, 1.656], p<le-5) in ports both contralateral and ipsilateral to the recording
hemisphere, consistent with previous literature [86,114,/115]. When reward was omitted at
the peripheral port, we observed a reduction (OLS estimate: -1.5840, CI: [-1.604, -1.564],
p<le-5) in the dLight signal in NAc (Fig 2.4B-C).

To test the effect of animal choice switching, choice laterality (with respect to dopamine
recording hemisphere), and reward or reward omissions on dopamine responses at outcome
phase, we fitted a simple OLS model with all four factors. We observed a significant Z(DA)
difference (OLS coefficient estimate for switch: 0.5030, CI: [0.454, 0.552], p < le-5) in trial-



CHAPTER 2. BAYESIAN INFERENCE IN THE CRITIC SYSTEM 21

averaged dLight responses to the “outcome” event between switch trials and stay trials.
Signals triggered by reward were larger on average on trials where mice switched to a new
port, compared to when they stayed with their past choice (Fig C). Negative signals
observed after reward omissions in trials where mice stayed were larger when compared to
when they had just switched (Fig[2.4BC). Our data were consistent with expectations that
rewards are followed by increases in dopamine release in NAc (estimate: -1.6345, CI: [1.613,
1.656], p < le-5) and unrewarded outcomes with a decrease (estimate: -1.5840, CI: [-1.604,
-1.564], p < le-5). There was no significant effect of hemisphere (laterality, contra or ipsi
relative to reward port) on NAc dopamine release (p =0.523) (Fig [2.4BC).

When we visualized single trial dopamine traces around “outcome” events, we found that
the temporal span of the dopamine response qualitatively aligned with the amount of time
mice stayed at the peripheral reward port (Fig ) Similarly, after unrewarded outcomes,
we found that the duration of the decrease in dLight response qualitatively aligned with the
time mice stayed in the peripheral reward port, reaching signal trough typically just after
mice left the port. These results together suggest that when modeling dopamine responses,
the time duration that mice stayed in the peripheral reward port after an “outcome” event
(dubbed “port duration”) needs to be taken into consideration (Fig[2.4D-E). For this reason,
we included port duration as a covariate in our regression analyses.

We reasoned that if the internal reward prediction updates of the mice are represented
by dopamine in the NAc and resemble that of BRLfwr or Blfp, then BRLfwr or Blfp RPE
calculations should explain a larger amount of variance in the dopamine responses in NAc at
the time of “outcome” events than RL models. To simplify the testing procedure, we obtained
dopamine summary statistics by taking the peak (as the maximum value) of dopamine
transients for rewarded trials and troughs (as the minimum value) for unrewarded trials
(dubbed DA-PT) during the one second window after the outcome, marked in gray in Fig
[2.4B. To control for behavioral confounding variables, we included session number, port
duration, egocentric action, movement time, and center port poke duration as covariates
in addition to predicted RPE values from Blfp, BRLfwr, RL4p, and RLCF (note that we
omitted RFLR model since it does not have a straightforward RPE formulation), each in
a disjoint regression covariate set. Using maximum likelihood estimation with featurized
covariates (see Methods) on the five different RPE covariate sets, we found that both Blfp
and BRLfwr models yielded larger relative log-likelihood (Allk CV) than the RL4p baseline,
evaluated on cross validation sets (70-30) for each animal (Fig 2.4F, Allk CV: BRLfwr:
80.58, 95% CI: [60.84, 102.79], Blfp: 118.64, 95% CI: [65.71, 217.50]). Both Bayesian models
also outperformed other complex RL models on this measure (Allk CV: RLCF: -19.23, 95%
CIL: [-47.03, 4.64], RLFQ3p: 18.85, 95% CI: [4.98, 33.31], RL_meta: 22.54, 95% CI: [7.96,
33.90], PearceHall: 19.50, 95% CI: [6.04, 32.83]).

To illustrate the quantitative differences between model predictions, and to identify the
aspects of the data that the BRL and Blfp models captured but the RL models did not,
we investigated conditions where different models gave qualitatively different predictions.
First, we looked at the changes in dLight responses to rewards as mice experienced a series
of outcomes in consecutive stay trials from aaa to AAA (lowercase “a” indicates unrewarded
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and uppercase “A” indicates rewarded). As mice encountered more rewards in their recent
history, dLight dopamine responses to reward gradually decreased (consistent with decreased
RPE) but did not completely flatten to no response (Fig [2.4G), partially explaining the
quantitatively worse fit (Fig[2.4F). This pattern observed in our dLight data from the NAc
core (’data’ indicated by a black line) was not well captured by the RL models in later
trials but was captured by the Bayesian model and the hybrid BRL model. To quantify, we
trained a separate OLS model for each cognitive model to predict dopamine response using
only simulated RPEs. We compared the model fitness across different cognitive models with
cross validated log-likelihood (BRLfwr: -985.89, RL4p: -991.80, RLCF: -992.87, PearceHall:
-993.81, RLFQ3p: -994.74, RL_meta: -995.02) (Fig[2.4H). Indeed, BRLfwr RPE predictions
achieved the highest model fitness to dopamine data. The RL models updated action values
on each trial as mice encountered consecutive rewards, estimating a recent average of choice
outcomes. This feature may make RL models overly sensitive to recent outcome histories and
liable to overestimating the action values, particularly around block switches. In our dataset,
the best fitting RL4p model had an average o™ of 0.85 (95% CI: [0.77, 0.94]), and average
a~ of 0.73 (95% CI: [0.71, 0.75]). The large o (learning rate) values likely enabled RL4p
to maintain the flexibility to adapt to block switches, but they also posed issues regarding
biological feasibility. RL_meta and PearceHall model were able to mitigate this issue with
a dynamic learning rate that adapts to outcome uncertainty. However, due to its iterative
nature, as the amount of reward in the recent outcome history increased, it steadily decreased
the RPE towards zero, which did not match what we observed in the dopamine signal.

Both Blfp and BRLfwr were able to explain the adaptation of dopamine transients after
increasing consecutive rewards better than the RL models. These models accounted for
possible block switches and maintained values of both a high reward context and a low
reward context that are not associated with any given port (Fig ) Instead, these values
were assigned to specific ports in proportion to the model’s belief state on any given trial.
We speculate that this information about task structure provided robustness in response to
probabilistic reward omissions after selecting the more rewarding port. This also allowed
the best fitting BRLfwr and Blfp model to predict a small but non-negative RPE response
on rewarded stay trials (Fig ), suggesting a degree of uncertainty as to whether the
block had switched and capturing a pattern observed in the NAc dLight signals in later
consecutive trials (right side of Fig ) Furthermore, we observed that among trials after
an immediate past trial reward, the dopamine response was highly consistent, independent
of more distant outcome histories. Only BRLfwr captured this phenomenon qualitatively, in
striking contrast to other complex RL models.

The Bayesian model and the hybrid BRL model were able to modulate expectations about
both choices using inference based on one single choice outcome. This leads to the prediction
that at the outcome phase of each choice, an increasing number of rewards gathered at the
opposing port in past trials will reduce the RPE signal reflected in dopamine, especially trials
where animals switched to a different port from the previous trial (animal switch trial). To
investigate if this prediction was upheld in the dopamine data, we fitted both the mouse
data and the model simulated data with linear mixed effects models (LMER, see Methods).
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Specifically, we modeled the dopamine values, or the predicted RPEs for simulated data, as
a linear weighted sum of current reward (Reward), rewards observed at the currently chosen
port (trial t) over the past 4 trials (R_chosen) and past rewards observed at the opposite
port over the past 4 trials (R_unchosen), conditioned on whether animal switched trials or
animal stayed with their prior choice t-1 on the current trial t. On animal switch trials, both
Blfp, BRLfwr, and RLCF predicted a positive effect of R_unchosen, but other RL models
predicted little to no effect due to a forgetting effect or asymmetrical value updates. LMER
fitting revealed a significantly negative effect of R_chosen on dopamine at outcome phase
during animal switch trials (slope estimate: -0.128, 95% CI [-0.195, -0.062], p=0.02), and
a significantly positive effect of R_unchosen on dopamine during animal switch trials (slope
estimate: 0.126, 95% CI [0.035, 0.217], p=0.03, Fig [2.4[). On animal stay trials, the result
was more complicated. All models predicted a negative relationship between R_chosen and
RPE signal, matching the dopamine observation (slope estimate: -0.09, 95% CI: [-0.11, -
0.07], p=0.01). However, low sample size of high R_unchosen value trials a noisy negative
estimate of effect of R_unchosen, which none of the models generated consistent predictions
(Fig [2.4)). This elevated level estimation errors for R_unchosen makes it a bad target for
model arbitration, while the other three measures may be a more credible source of evidence.
To sum up, the relationship between past reward history and dopamine values qualitatively
match the prediction of the BRLfwr model for switch trials and the predictions of Blfp
or RLCF model for stay trials. Taken together with the functional similarity of Blfp and
BRLfwr (Fig [2.2B), we conclude that the dopamine data matched the RPE predictions
of Bayesian models quantitatively and qualitatively, but we could not further discriminate
between Blfp or BRLfwr.

2.3 Methods

Animal protocol

Mice (all C57 Bl/6 male, bred in-house aged 104-167 days) were housed on a 12 h reversed
light-dark cycle (lights on at 22:00) with nesting material. Prior to surgery they were group
housed with access to food and water ad libitum. We conducted all animal procedures, which
follow the principles outlined by the NIH Guide for the Care and Use of Laboratory Animals,
according to the protocol (AUP-2015-11-8145-3) approved by the University of California,
Berkeley Institutional Animal Care and Use Committee (IACUC) and Office of Laboratory
Animal Care (OLAC).

Surgery protocol

Mice were anesthetized with isoflurane gas for stereotaxic surgery. Meloxicam was given on
the day of surgery and daily for 48h after. Coordinates for the Nucleus Accumbens Core were
bregma coordinate: 1.20mm anterior, + 1.2mm medial-lateral, -4.1mm ventral. AAV-CAG-
dLight1.3b or AAV9-syn-dLight1.2b were injected using a Nanojet IT (Drummond scientific).
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Neurophotometrics NA 0.37 or 0.48 400um optic fibers were placed approximately 100um
above the injection site. Dental cement was used to secure the implant to the skull. During
a recovery period of 7-14 days, mice were singly-housed and fed ad libitum.

Histology and Imaging

Following behavior, animals were transcardially perfused with 4% paraformaldehyde (PFA)
in an 0.1M phosphate buffer (PB) solution (pH = 7.4). Brains were collected and fixed
overnight, followed by a transfer to 0.1M PB. To visualize striatal photometry fibers, per-
fused brains were sliced coronally at 50um using a vibratome (VT1000S Leica Biosystems;
Buffalo Grove, IL). Immunohistochemistry was performed to amplify the GFP signal (1:1000
chicken anti-GFP, Aves Labs, Inc.; GFP-1020 followed by 1:1000 goat anti-chicken Alex-
aFluor 488, Invitrogen by Thermo Fisher Scientific; A11039). Slides were mounted on slides
with Fluoromount-G (Southern Biotech). Slices anterior and posterior to the fiber tract were
imaged at 10X on an AxioScan Z.1 fluorescent microscope (CRL Molecular Imaging Center,
UC Berkeley) to confirm targeting. Detailed resources are fully described in Table 2.

Probabilistic Switching 2ABT Task

We trained 5 male mice on a 2ABT behavioral task in which the location of the water
reward was periodically switched between the two potential rewarded ports at random in-
tervals. Trials were initiated by a nose poke in the center port and concluded after the
mouse subsequently chose one of two reward ports, located on either side of the center port.
Nose pokes were detected by a infrared photodiode. Once the initiating poke was sensed,
lights that encompass the reward ports were triggered to cue the animals to the viability of
a potential water reward. The mouse receives a 2 ul water reward or no reward depending
on their correct or incorrect, respectively, port choice for each trial.

Only one peripheral port was rewarded at a time. The setting for the number and
frequency of water rewards was altered during each phase of the task. Teaching animals
the task, we started them in the “operant” phase, where water rewards were offered in the
peripheral ports, and then moved to the “pokeseq” phase, where mice learned to poke the
middle port before going to retrieve a peripheral port water reward. Successful learning
during this phase was measured as the mouse getting more than 700 rewards in less than
five hours. Some food pellets were placed into the arena while the mice were learning the task
to motivate them. We omitted mice from the experiment if they didn’t perform successfully
on “pokeseq” after five days.

Once the mice learned to poke the center port to initiate the peripheral port water
rewards, we no longer put food into the arenas and advance the mice onto the “learning
switch” phase. During the three subphases of the learning switch, we teach the mice that
only one port is rewarded at a frequency of 90%, 80%, and 78% for each subphase respectively.
Additionally, we taught the mice that the rewarded port switches after obtaining a random
number of cumulative rewards set within the ranges of 27-43, 17-33, and 12-28 for each
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subphase respectively. Water rewards became less predictable and more variable with each
subsequent phase.

Successful learning for the three learning switch phases were set at a score higher than
69.5% on both the left and right port within four, three, and two hours for each subphase
respectively. If the mice seemed unmotivated, we placed some food into the arena. Once
they completed the task with food, we removed the food and had them reach criterion for
their appropriate subphase.

Fibers were first introduced to the mice after they complete the last learning switch sub-
phase and are utilized for neural recording only after the mice successfully reach the learning
switch criteria once again. During the “full task”, used for fiber photometry recording, mice
received a water reward with a 75% chance if they picked the correct port, but received
nothing if they picked the wrong port for each trial. Once mice obtained a random num-
ber of cumulative rewards, sampled from 7 to 23 uniformly, from one port, the reward was
switched to the other port. This structure minimized the possibility for the mice to predict
the timing of the switch.

When participating in this task, the mice were water restricted but maintained ad libitum
access to food. They were supplemented with additional water if they earned less than 500
ul water from the task. Mice were weighed daily, before and after the task, and were given
additional water if needed, at least 30 minutes after training sessions, to ensure that they
maintained around 85% of their original weight.

Fiber Photometry (FP)

We recorded from all 5 mice with fiber implants in nucleus accumbens core (NAc) using
Neurophotometrics FP3001 system at 20Hz. dLight signals are measured in 470nm channel,
while isosbestic control signal is measured in 415nm channel for artifact removal. During
the learning switch phase, we start plugging in fiber implants without recording to get
mice accustomed to moving and behaving with fibers. Starting from the first “full task”
session, we alternate between a left hemisphere recording, right hemisphere recording, and
no recording schedule. The no recording day was implemented to avoid signal bleaching. All
FP recordings are synchronized to behavioral and video data via custom TTL systems and
bonsai programs and saved for further processing. Recorded signals are preprocessed using
custom python program to control for motion artifacts using 415nm reference channels [116].
Specifically, we first subtracted the channel-specific trends by approximating a smooth fit
using airPLS algorithm across both channels. Then we perform a robust linear regression
from reference channel to signal channel, and subtract the fitted 415nm artifact signal from
470nm channel recordings and obtain the processed dLight signals. All dLight signals are
subsequently z-scored to account for extraneous variations between sessions.
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Task Behavior Analysis

All final behavioral analysis was conducted with custom implemented python packages. Be-
havioral data were first collected using a custom implemented 2ABT control module in
matlab, and then preprocessed into behavioral data frames with each row representing a
separate trial with various columns containing information regarding task meta data, mice
choice data, and task relevant variables. For trials that mice failed to initiate and make a
choice, we included the data but noted the relevant variables as NaNs/null. For most be-
havioral analysis, outcome histories as well as covariates with null entries were dropped. All
model plotting are generated via seaborn packages, and test statistics and various measures
are generated using statsmodels, pingouin and sklearn

We divided the tasks into initiation phase, execution phase, outcome phase and inter trial
interval (ITI) phase. The initiation phase includes both “center in” and “center out” events
when mice poke their nose into and out of the center port to initiate a trial. To execute
a choice, mice leave the center port and then enter one of two peripheral ports to make a
selection. When the outcome of their choice is revealed to the mice, they linger at the port
for water reward or time-out until they leave the port during the “side out event”.

We defined the following critical events:

e Center in (CI): when mice first poke into the center port to start a new trial.
e Center out (CO): when mice leave the center port to select ports.
e Side in (SI): when mice poke peripheral port.

e Outcome (O): when outcome is revealed, typically immediately after side in (latency
on the order of system latency).

e Zeroth side out (SOO0): first time when mice move the nose poke out of the port trigger
IR beam break.

e First side out (SO1): last time of a consecutive set of beam breaks at the same side
peripheral port. Zeroth side out and first side out can often be the same when the
animal leaves the port only after drinking all the water.

e Last side out (SOf): last side out beam breaks before next center port poke to initiate
a new trial.

We define the following critical timing measures:

e Movement time (MVMTCI - SOf (t-1), interval between final side port departure and
new trial initiation.

e Inter-trial interval (ITT): CI- SO1(t-1), interval between the initial side port departure
and new trial initiation. This quantity is often the same as MVMT above, as mice
typically do not reenter side port before a new trial after leaving side port.
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e Center duration (center dur ): CO-CI, duration that mice lingered at center port after
their trial initiation.

e Port duration (port dur ): SO1-O, intervals between outcome and side port departure.

e Side out bout latency (SO lat ): SO1-SO0, which represents the gap between two nose
poke bouts at side ports. They are typically close to 0, as mice generally proceeded to
the next trial after finishing drinking at the side port. Since tnose pokes are measured
with infrared beam breaks, critically this is also used to control for atypical trials with
excessive beam breaks.

Neural Data Analysis

All analysis was carried out with a custom Python module for aligning, visualization, and
data modeling. After baseline correction, we visually inspected both 415nm channel record-
ing and 470nm channel recording, as well as the AUC-ROC scores between the rescaled
baseline values against signal channel recordings. We picked sessions that meets the follow-
ing conditions: AUC-ROC higher than 0.9, longer tail in distributions in 470nm recording
compared to rescaled 415nm recordings suggesting clear fluorescence increases, and no sharp
discontinuity in both channels’ recordings. We use baseline-corrected and z-scored dLight
signals for in-depth analysis, called Z(DA). For neural data alignment, we interpolated Z(DA)
around event times and appended them to the trial level dataframe.

Aligned neural signals are appended to the trial level data frames as additional columns.
Aligned Z(DA) is baselined by subtracting out its value at “outcome” time (we denote
this procedure as de-base for simplicity). For trial average dopamine visualization, we first
identified a list of relevant columns as grouping variables of interest, we then dropped any
row with one or more NaN entries in the relevant columns. These contain trials that ei-
ther missed neural data or behavioral data, happening mostly at the beginning or the
end of the session, accounting for ~ 0.5% of the trials. The trial averaged plots are
then plotted using seaborn with the error bar being bootstrapped confidence intervals.
When reporting summary statistics, we used bootstrapped confidence intervals to charac-
terize mean estimates. For difference comparisons, we used suitable paired or unpaired
tests and reported both the testing statistics as well as effect size, and the confidence in-
tervals associated with it. For model RPE prediction fitting to RPE, we fitted the fol-
lowing regression: outcome DA PT ™ rpe:rpe pos + rpe:rpe neg + port dur:rpe pos
+ port dur:irpe neg + ego action + session num + log MVMT + log center dur

In the above formulation, rpe:rpe pos  and rpe:rpe neg respectively encoded positive
and negative RPE responses in dopamine. ego action describes the effect of movement
laterality on dLight signal. We included port dur, MVMT, center dur to control any po-
tential movement-related components of dLight signals. To minimize the effects of intertrial
events on neural signals, we selected sessions with center dur = 0.8  (mice lingering less
than 0.8 seconds at center port), port dur = 6 (intervals shorter than 6s between outcome
and side port departure), MVMT = (3ntervals shorter than 3s between the final side port
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departure and next trial initiation). We also filtered out trials with SO lat01 1 , where
the trials had gaps longer than 6s between two nose poke bouts at side ports. These trials
typically consist of trials where mice revisited the port multiple times, or simply mistrig-
gered the infrared sensors used to measure nose pokes, biasing the task structure. After this
cleaning, we were left with 20952 trials (~ 68% of the dataset) across 34 sessions with valid
dopamine recordings. With the processed data, we fit the above model to dopamine data,
and observed consistent results across model metrics.

Linear Mixed Effects Modeling

Linear Mixed Effect Modeling was used to capture the effect of past rewards on the current
chosen port, or the opposing port. We modeled using rpy2 with the lme4 package with the

follopiRgahawdrislt:SwitShbjSitbjecR +nthoSeh ety + SRbyjeatd:Stay—Subject

FoPdodeRemiatat Sy REEs, Subitein gedR lshosepdtwidelablS ubjsetR PEDrédietionishistead
and ran regular regressions without subject level effects due to the uniform sample size in
each simulated session.

To determine the optimal lags, we did cross validation and compared multiple models
with distinct feature space to arrive at R+Sw model at lag 4 (Fig 2.5), which was enough
to capture similar levels of variance compared to LO:R. We used 4 lags because it allows
us to capture a relatively high amount of past outcome levels, with only the expense of 1%
variance explained. Additionally, we fit the models to individual animals, and compared
them to neural data and found varied but qualitatively consistent res across animals.

Quantification and statistical analysis

Statistical analysis was performed using Python with standard packages: scipy, statsmodels,
pingouin. We included n=5 subjects with 14 sessions each. Statistical details of each analysis
can be found in each figure legend, result section or correspondent method section. Error
bars are 95% bootstrapped confidence intervals, and Holm-Bonferroni correction was applied
when appropriate.

2.4 Discussion

Our results showed that mice were capable of rapidly adapting to block switches in an instru-
mental task with probabilistic and volatile contingencies, without sacrificing the robustness of
their choice policy when encountering stochastic unrewarded outcomes after correct choices.



CHAPTER 2. BAYESIAN INFERENCE IN THE CRITIC SYSTEM 29

Both the pure Bayesian inference model and the belief state RL model were able to cap-
ture this balance and outperformed standard RL models in explaining mouse behavior (Fig
2.2C, Fig 2.3C). While behavioral data alone was not sufficient for us to arbitrate among
Bayesian models, hybrid BRL, and complex RL models, models using Bayesian inferences
(both BIfp and BRLfwr) for state estimation were able to provide a more accurate account
of the dopamine release events in the NAc core following choice outcomes (Fig[2.4G-J). Crit-
ically, both Bayesian and hybrid model had explicit belief state representations of different
block identities (Fig E), which provided a mechanism for encoding the rapidly changing
reward contingencies in the 2ABT task. This mechanism successfully explained the ability to
efficiently switch after consecutive unrewarded outcomes while also disregarding occasional
reward omissions within a block. The RL component in the BRL models allowed the model
to use RPEs to update its mapping from choices to values conditioned on belief states. How-
ever, we did not find decisive evidence that BRL models explained the mouse data better
than pure Bayesian models. The principal conceptual advantage of BRL models is that they
make direct use of RPE signals, whereas pure Bayesian models do not. This highlights the
importance of neural data in adjudicating between these models.

Building on the behavioral modeling, we showed that the Bayesian and hybrid models do
a good job predicting NAc dopamine activity at the time of outcomes (reward or reward omis-
sion). In particular, RPEs generated by the BRL model and pseudo-RPEs derived from the
BI models qualitatively and quantitatively match the history-dependent pattern of dopamine
activity (Fig[2.4F-J). This finding supports a growing literature showing that dopamine sig-
naling of RPEs depends on a belief state (or some approximation of a belief state; see [69]) in
partially observable tasks [9,68,76,77,89]. Furthermore, our results show that in the context
of a probabilistic instrumental task, dopamine release in NAc compute RPE-like signals not
just based on observable input, but also internally generated state information. This con-
firms an expanding literature showing that “model-free” RL computations in the midbrain
and striatum take in higher-level inputs such as beliefs about latent state [9,71}(75,95], as
well as information about reward outcomes and reward expectations |[117-120].

The BRL model is closely related to structure learning models that learn multiple context-
dependent policies. Such models often assume some form of Bayesian inference at the more
abstract level, with RL supporting learning of specific policies [94,/121,/122]. Theoretical
work, supported by experimental findings, has also shown that dynamic adaptation at the
more abstract level of belief states/latent contexts/rules may also be supported by RL-like
computations [104}/123,124]. The current work cannot dissociate these possibilities.

There are several limitations to our work that can be addressed in future investigations.
Here we adopted a 75-0 reward probability design from the legacy of prior lab literature.
In this design, in any given block, an inferior port always yields no reward. Consequently,
mice rarely switch to a new port and get rewarded after observing rewards in the previously
chosen port. Previous work has noted that inference-based cognitive models are capable of
decreasing the expectations about alternative options after observing a reward for a selected
option [71,|75,/113]. Therefore, mice using inference would exhibit a higher RPE following
a reward in a new port after also observing a reward in the old port, a reward-switch-
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reward sequence. Yet in our dataset, there are only 94 trials initiating such sequences out
of 30,707 trials in total, across multiple animal sessions, giving us limited power to address
this prediction.

In our task design, mice can initiate new trials at their discretion after the outcome,
with no instructed delays. Especially after unrewarded outcomes, mice leave the peripheral
port shortly after, approaching the center port for a new trial. As a result, in trials when
mice leave the peripheral port too soon, dopamine responses coincided temporally with the
dopamine ramp associated with approaching center ports [125,(126]. To mitigate this, we
only analyzed trials with specific port durations (see Methods), which limited our statistical
power. More generally, the scaling effect of port duration on dopamine could reflect a
multiplexed role of dopamine in vigor, action initiation, or other functional diversity of
dopamine neurons [127-135]. Also, our work does not directly address the possibility of other
alternative computational hypotheses about dopamine, like directly setting the adaptive
learning rate [136] or signaling retrospective inferences about causal targets [137].

Another caveat of our experimental design was that it incorporated a multi-stage pre-
training protocol before we started recording dopamine data in the “full task” condition.
Mice started with blocks with 100% reward probability, which was brought down in stages
to 90%, 80% and then 78%, before the “full task” at 75%. Since this pre-training took
approximately 10 days on average, it may have been enough for mice to develop Bayesian
inference strategies before dopamine recordings started. When we fit models to single session
behavioral data during the “full task” phase, we did not observe any changes consistent with
transitions from one cognitive strategy to another across days in the full task. As a result, our
current dataset cannot address the question of whether, in the earliest days of pretraining,
mice transitioned from initial reinforcement learning to a more sophisticated belief-state
inference approach.

A final limitation of our study is the fact that that the RPE that correlates with dopamine
signaling only plays a minimal role in predicting behavior, as evidenced by the fact that
BRL models did not outperform pure Bayesian models with no RL component. We believe
that better discrimination between these models can come from theory-guided experimental
design, possibly using a more complex task that places a greater demand on learning policies
within each belief state [138]/139]. Moreover, in future work, more careful examinations of
distinct cognitive mechanisms may also allow us to develop new models to further illuminate
the questions raised in our study.

2.5 Chapter Summary

In natural environments, animals and humans often experience ambiguous outcome feedback
about the hidden reward structure of the environment. We emulated this in a two-armed
bandit task with switching reward blocks, and showed that mice are capable of adapting
rapidly to changes in hidden reward structures after observing specific outcome feedback
sequences. Computational model fitting to behavioral data suggested that models performing



CHAPTER 2. BAYESIAN INFERENCE IN THE CRITIC SYSTEM 31

Bayesian updating of beliefs better explained mouse behavioral data than standard RL
models. These Bayesian models also quantitatively and qualitatively matched the dopamine
release in the nucleus accumbens core better than the non-Bayesian alternatives. Together,
we conclude that probabilistic belief updates are critical to behavioral adaptation and RPE
signaling in the mesolimbic dopaminergic system during instrumental learning in a partially
observable environment.
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Figure 2.1 (preceding page): Mice adapt rapidly to block switches in a probabilistic reversal task.
(A) Tlustration of the two-armed bandit task, divided into initiation, execution, and outcome
phases, similar to [17,100]. In the illustrated trial, the right port is rewarded with 0.75 probability
and the left port is unrewarded. After 7-23 rewarded trials, the correct port switches. (B) Training
protocol. The recording phase took place in the “Full Task” phase. In the pretraining phases, the
structure of the task was the same as the in the full task phase, except the reward contingencies and
block lengths were different. Each contingency is labeled by numbers indicating the proportion of
correct and incorrect choices that were rewarded. For example, “90-0” in the first pretraining phase
indicates that 90% of correct choices were rewarded. The block length in each phase is indicated by
its mean and range. For example, “sw 35+ 8” in the first pretraining phase indicates that switches
occurred after the animal earned between 27 and 43 rewards. During the 14 sessions of mouse
behavior data collection, we recorded dLight signals using a “left hemisphere (L), right hemisphere
(R), no neural recording pure behavior (NRec)” sequence. (C) Raw behavioral trajectory taken
from the first half of a sample session. Black line indicates correct reward port locations while
dashed gray line indicates actual mouse behavior. Green dots and red dots mark rewarded and
unrewarded trials, respectively. (D) Probability of making a correct choice (i.e., choosing the high
probability port) as a function of the number of trials around a block switch. The vertical dashed
line shows trials at which rewarded block changes. Each colored dashed line plot shows behavioral
performance for individual animals. (E) Probability of staying (repeating the last choice) after
experiencing different outcome histories in the same port. RR: two consecutive rewards; UR:
unrewarded outcome followed by rewarded; RU: rewarded outcome followed by unrewarded; UU:
two consecutive unrewarded outcomes. (F) Performance across 14 sessions. Dashed lines show
individual animal trajectories. Error bars show 95% bootstrapped confidence intervals.
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Figure 2.2 (preceding page): Bayesian and reinforcement learning models. (A) Relationships be-
tween cognitive models (see Methods for more details). (B) Confusion matrix outlines results for
model identification analysis. Each entry i, j represents the percentage of time that the column j
fitting model best explained data generated by row i simulating model. The row orders are sorted
via dendrogram based on model similarity (see Methods). (C) Model comparison using relative
AIC compared to RL4p: AAIC = AIC(model) — AIC(RL4p), with lower values indicating better
fit. (D) Illustration of value computation for BRL model family, which updates beliefs via Bayes’
rule and then uses these beliefs to compute values. (E) Illustration using a four-trial sequence
(similar to ) to show the differences between RL4p and BRL. Top: purple and cyan bars show
the choice values conditioned on the belief state; Bottom: pie charts show the belief state for BRL;
the animal’s policy is selected as a function of the value within their belief states. (F) Behavior of
different models compared to mouse data (black line). Trial 0 is when the program has switched
the rewarded side in a block switch. (G) Example behavioral trajectory (probability of choosing
the rightward port) predicted by different models. Mouse data are marked by a dashed line and
block structure is marked by a solid line. Rewarded trials are marked as green dots and unrewarded
trials are marked as red dots. Error bars show 95% bootstrapped confidence intervals.
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Figure 2.3 (preceding page): BRL and complex RL models outperform standard RL by better ex-
plaining mouse behaviors around block switches. (A) Switch probability by different trial outcome
histories described by action-outcome pairs three trials back. Gray bars showed mouse average
probability of switching for each outcome history, deep blue dots represent individual mice. From
top to bottom: mouse data overlaid with BRLfwr, RL4p, RLCF, RFLR, PearceHall model pre-
dictions of switch rate, respectively. (B) Switch probability predicted by different models scales
with probability of mice switching port selections in different outcome contexts described. Colors
represent different models, sharing the same legend as C (orange: BRLfwr, wine red: Blfp, dark
green: RLCF, brown: RFLR, blue: RL4p, light cyan: PearceHall, dark yellow: RL_meta) (C)
Relative AIC with respect to RL4p (dashed line at AAIC = 0) showing model fit to mouse data
around block switch. Error bars show 95% bootstrapped confidence intervals.
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Figure 2.4 (preceding page): NAc dLight dopamine dynamics consistent with RPE predictions by
models with Bayesian inference. (A) Implant fiber locations indicated on mouse brain atlas with
red crosses, similar to [100]. (B-C) Trial average of NAc dLight signals (z-scored, as described
in Methods) aligned to outcome events. Shaded area indicates the one second where the peak or
trough is taken for neural regression. (B) shows switch trials and (C) shows stay trials. Rewarded
trials are in blue and unrewarded trials are in red. Trials where mice picked the port contralateral
to the recording hemisphere are plotted with solid lines; trials in which mice picked the ipsilateral
port are plotted with dashed lines. (D-E) Example session single trial dLight responses plotted in
heatmaps, trials sorted by the time mice spent in the reward port (see Methods for further details).
(D) shows a heatmap for unrewarded trials, and (E) shows rewarded trials. Increase in dLight signal
is indicated by brighter shades of red and decreases from baseline are indicated by darker shades of
black. Dots are used to mark “center out” (yellow), “outcome” (green), “first side out” (purple),
“center in” (gray) events, respectively. (F) Result of neural regression using model RPE values to
explain dopamine variability. Fit is measured as cross validated log-likelihood (1lk_CV) relative to
the RL4p model, with higher values indicating a better fit. Gray dashed line indicates the baseline
of RL4p RPE fitted to dopamine measurements. (G) Dopamine response on rewarded trials binned
by past history, sorted in increasing order of number and recency of rewards (note in all cases mice
stayed with the same port ‘a/A’ for all three trials). (H) RPE predictions from different models
plotted against dopamine peak values (in black). (I) Left: Relative change in dopamine as R_chosen
(past rewards observed at the selected port) and R_unchosen (past rewards observed at the opposing
port) change, calculated via LMER regression weights for dopamine observed in trials where the
animals switched their port choices (animal switch trials). Right: Relative change in model RPE
as R_chosen and R_unchosen change, calculated via regressions using model RPE predictions. (J)
Similar to I, but for trials where the animal maintained their previous port selections (animal stay
trials). Error bars show 95% bootstrapped confidence intervals.
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Figure 2.5: Selection of LMER models and lags. We compared the cross validated R2 score
using different feature sets, while keeping the use of dopamine as output variable. LO:R: Standard
formulation using N trial back choice and reward interactions. 3R: just R_chosen, R_unchosen,
Reward features. 3R+Sw: in addition to 3R features, we included interactions of whether a trial
is an animal switch trial, or animal stay trials. LO:DA: we used the interactions between past trial
dopamine values and choice selections. Together we found that 3R+Sw was enough to capture
similar levels of variance compared to LO:R. We used 4 lags because it allows us to capture a
relatively high amount of past outcome levels, with only the expense of 1% variance explained.
Error bars show 95% bootstrapped confidence intervals.
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Chapter 3

Distinct Patterns of Bihemispheric
Opponency in Dorsal Striatum Drives
Active Rejections

3.1 Background

The circuit diagram of the dorsal striatum and basal ganglia contains an elegant opponent
design both within and between hemispheres [140]. Within a hemisphere, the direct and
indirect pathway formed by dopamine D1R-expressing direct pathway spiny projection neu-
rons (ASPNs) and D2R/A2A expressing spiny projection neurons (iSPNs) respectively, are
thought to compete to release or inhibit motor outputs via polysynaptic disinhibitory /in-
hibitory pathways [39,[141]. For left vs. right orienting behaviors, it is known that push/pull
competition also occurs between the basal ganglia of the two hemispheres [39]. This hemi-
spheric competition is thought to start at input to the two sides of the dorsal striatum
and then manifest downstream at the level of the colliculus [142]. Here, the hemisphere
with dominant direct pathway activity wins the competition to drive orientation in the con-
tralateral direction, or an ipsilateral hemisphere may be weakened by inhibition (or damage)
allowing the opposing hemisphere to win in the balance [39,(142,/143]. This process can be
charaterized as a “winner take all” competition in which inputs to the striatal dSPNs in the
two hemispheres are competing to initiate outputs to the deep superior Colliculus (SC) via
the substantia nigra reticualta (SNr) [39,/57,/142,/144-146].

So far, much of the basal ganglia data have been well described by opponent process
model. Rewarding actions are thought to drive gains in dorsal striatal dSPN activity and
'Go’ actions, while costs drive iSPN activity and 'No-Go’ action [47,/51]. iSPNs are thought
to preferentially encode costs not just because they inhibit the direct pathway and produce
freezing stopping [42,/47], but also because, on a cellular level, they express dopamine D2
receptors that should facilitate intracellular PKA signaling when dopamine levels dip [49].
In a lateralized context, GO/No-Go dSPN/iSPN dichotomy could be neatly mapped onto re-
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wards driving contralateral action through dSPNs and costs driving ipsilateral action through
iSPNs. This is supported by unilateral stimulation experiments that produce dSPN con-
traversive actions and iSPN driven ipsi-versive actions [17,/42] and insightful studies of action
suppression that reveal ramps in iSPN neurons that track salient lateralized choice actions
mice have been trained to suppress for over specific time intervals [46]. Despite the scientific
significance of this mapping, it may not readily apply to another important class of decisions
which involve active rejection, where subjects actively carry out motor behaviors to reject
choices. As observed in human studies, actions or decisions involving cost encoding and
avoiding costs have different behavioral characteristics, such as slower execution time and
worse performance, compared to reward maximizing approach behavior [147]. For this kind
of decision, it is not yet clear how costs or negative information should be integrated in the
striatum, because in this special case costs should promote active rejection (moving away
from a choice) rather than freezing or stopping (a no-go or suppressive action). There are also
data which reveal in vivo that iISPNs and dSPNs often coactivated within a hemisphere when
animals move contralaterally to the recorded hemisphere [52]. We first noted the potential
importance of active rejection contexts when comparing manipulations of dSPN and iSPN
function in a non-lateralized serial decision making, where we found that bilateral chemo-
genetic inhibition of dorsomedial striatal iSPNs did not impair a mouse’s learned ability to
avoid a non-rewarded choice, whereas bilateral inhibition of DMS dSPNs did disrupt this
ability [81]. This led us to postulate that GABAergic inhibition of dSPNs may be a mech-
anism by which costs are incorporated into active decision making [81]. To further explore
how costs and negative outcomes are encoded in dSPNs and iSPNs when choice rejection is
active, we here used a serial decision making task, “Restaurant Row” [148], to allow mice
to navigate an arena of 4 connected T-mazes and make lateralized accept or reject choices
(Fig[3.1A) . At the start of each hallway, auditory offer tones indicated the probability and
wait time for a reward at the upcoming T-junction right-hand arm. The serial nature of this
task allowed us to isolate rejection of a choice without confounding it with accepting another
choice and it allowed us to study choice rejection without asking the animal to hold still,
wait, or inhibit an action, which may separately engage the indirect pathway. It also enabled
us to benefit from the study of opponency and lateralized differences while matching motor
action, a left turn to reject an offer vs. right turn to accept. This gave us the opportunity
to potentially separate neural activity traces presumably driven by heavier weighing of costs
(defined as trials that led to rejection choices) and compare them to trials where there was
presumable heavier weight of benefits (defined as accept choices). Combined with our serial
choice design, activity seen leading up to left turns but not right turns in Restaurant Row
should therefore help us discriminate activity differences that lead up to active rejection
decisions as well as motor actions.

To study neural activity, we opted to use bilateral fiber photometry in D1-Cre mice
or A2A-Cre mice in this task. This method, facilitated by a commutator, allowed us to
measure the two hemispheres simultaneously to capture the opponency at this bilateral
level, something that is not currently feasible with bulkier mouse miniendoscope recordings.
In each mouse line, we were able to use video analysis to isolate and compare activity in two
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phases of each trial: a decision Phase I that started just after they heard a tone but were
yet to reach the T-junction, and choice Phase II when they were making a turn left to reject
or right to accept an tone offer. Using these methods our goal was to ask if hemispheric
opponency was used in a similar or different fashion leading up to active accept or active
reject decisions. We wanted to know if a dSPN contralateral activation bias, which we would
expect for all accept choices, would also be present in active rejection choices, or if these
rejection choices—based more on cost than benefit—were encoded differently. A sub-goal of
this lateralization and opponency question was to ask if this contralateral bias, or alternate
pattern, would be observed equally in Phase I (tone to T-junction hall way) or only in Phase
IT (then mice make the turn post T junction). By recording DMS activity in both D1-Cre
and A2A-cre mice, we also planned to compare hemispheric opponency in two circuits with
their own intra-hemispheric opponency. This allowed us to ask if iSPNs show mirror patterns
of dSPNs, or show more unique opponency related to putative preferential weighing of costs
by iSPNs. Finally, based on our past chemogenetic results [81], we wanted to test if there
was a role for unilateral inhibition of dSPNs in active choice rejection (now lateralized in this
task). To examine this, we tested if activity in one hemisphere was modulated below baseline
after tone onset or entry in the T-junction, and we used unilateral optogenetic inhibition to
test if reduction of dSPN activity in either the right or left hemisphere could promote active
rejection behavior.

3.2 Results

To start our experiments, adult mice (n=5 D1-Cre) and n=5 A2a-Cre were injected with
CaMKII GCaMPS8f in the DMS and implanted with optic fibers and ferrules bilaterally. After
recovery, they were trained to accept or reject offers for food pellets while running counter
clockwise through four interconnected T mazes (Fig[3.1A) in a serial decision making task
inspired by the previously published Restaurant Row [148]. At each individual T-maze,
upon entering the straight hallway, the mice would hear an auditory tone indicating reward
probabilities and wait time requirements for the upcoming right choice arm. The value of the
offer tones could be clearly ranked worst to best : rank 1 (0% reward probability, 7 second
wait), rank 2 (20% reward probability, 5 second wait), rank 3 (80% reward probability, 3
second wait), and rank 4 (100% reward probability, 1 second wait). Mice heard an offer
tone while they traversed each of the 4 hallways before reaching the T-junction. At the
T-junction, they could either turn right to accept the offer or turn left to reject the offer and
advance to the next offer zone (Fig[3.1B).

When deciding to accept or reject offers, mice used offer tones,
but also were informed by past trial history

Comparison of mouse behavior suggested that mice used the tones to inform their choice
(OLS coef 0.095, CI: [0.088, 0.101], p < 0.001). On average, mice rejected 60% of the worst
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offers and 15% of the best offers (Fig [3.1C).

While mice were running the Restaurant Row (RR) task, we collected video and used
SLEAP offline |149] to extract the keypoint coordinates for mice’s head, neck, torso, and
tail head (see methods). Using the tone onset timing and mouse head location we were able
to define Phase I for each trial as the time in the hallway after tone onset and before T-
junction entry, and Phase II for each trial after the mice crossed the T-junction and entered
the next hallway (left-reject) or reward zone (right-accept). Running speeds in the straight
hallways (Phase I) varied trial by trial, but mice did not travel at a statistically different
speed after hearing tones informing different offer ranks (Kruskal-Wallis test, p=0.062)(Fig
3.1D). Hallway travel time for accept and reject choices did show statistically significant
yet minor (low-effect size) differences (Fig [3.1E, p < 0.001, cohen’s D: 0.06, CI: [0.02, 0.1])
with mean travel times for accept choices mildly slower than reject. The physical movement
trajectories for accept and reject choices also largely overlapped during Phase I and widely
diverged during Phase II (Fig ) Given that self-paced movement may be related to vigor
state, we opted to study neural data for accept and reject choices in fast, medium (mid),
and slow trials separately (see below, Fig [3.1JK).

While we had good evidence that offer tone mattered to mice based on raw behavioral
data (Fig 3.1C), we also considered that other latent factors from past task history may
have contributed to decisions. To quantify these contributions, we fed both current trial
offer rank and movement speed (indicated by log hall time ) and past history variables
that described previous encounters at the same restaurant, such as acceptance rate at past
laps, as well as past interactions with other restaurants, like offer rank bl into a lasso
logistic regression model. After careful feature selection and model comparison Fig [4.2] we
found evidence that mice relied on offer rank on the current trial but also integrated previous
acceptance at the same restaurant, and offer ranks and rewards at other restaurants in the

past (for more details, see methods) (Fig B.1][, Fig [4.2)).

Different patterns of hemispheric opponency are observed in the
dorsomedial striatum during active rejection and accepting
decisions and movements

After considering behavior in the task, we next turned to analysis of bulk calcium activity in
DMS SPNs of the two hemispheres. We limited analyses to imaging data from trials when
mice made a clear accept/right turn (n=1488 trials, each animal has 474 £ 66 trials) or clear
reject/left turn choice (n=1162 trials, each animal has 359 4+ 91) without turning around
or taking more than 1.5 seconds to traverse the hallway. Quit trials were excluded from
analyses for this study.

For our first plot of neural data, we split data into fast, medium (mid), and slow trials
and aligned baselined neural activity to tone onset, including neural activity during both
Phase I hallway time and Phase II turning actions. In the plot (Fig B.1K), the time of T-
junction entry is marked with a green tick mark for each trial on the x-axis (rug plot). With
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this organization we compared responses to high rank offer tones (black) and low rank offer
tones (gray) in the hemisphere contralateral or ipsilateral to the upcoming turn. Here, what
initially stands out is the prominent modulation after the T-junction entry during Phase II
in the contralateral hemisphere in both dSPNs and iSPNs. This modulation occurs later
in longer hallway movement time speeds, presumably due to the turn being made at that
time. The observed increase in DMS activity contralateral to a turn is expected from the
literature. The turn-related modulation did not appear to be significantly affected by high
vs low offer size in contralateral side (contrastive sup-t test, see methods; p = 0.138, 0.249,
0.115 respectively for dSPN fast, mid, slow bins respectively). This offer rank comparison
may have also been confounded by accept and reject choices occurring at both high and low
ranks and the contributions of past trial history (Fig [3.1]).

In the ipsilateral DMS, we observed neural activity in dSPNs was signifcantly lower for
low offer rank trials compared to high offer rank trials in fast and mid movement time bins
(p=0.0125, p < 0.001 for fast and mid respectively, p=0.0788 for slow bin). In iSPNs, a
significant contrast was observed in ipsilateral activity between low and high offer rank trials
for the fast time bin (p < 0.001). The next goal of our study was to compare accept and
reject choices, which were more common for low rank offer tones, but also occurred for higher
offer rank tones. Before making this comparison we also worked to isolate activity in the
hallway prior to the turn (Phase I) from action within the turn (Phase II) and match to the
best of our ability hallway movement/path trajectories.

Isolation of Phase I and Phase 11 signals reveals new insights into
hemispheric opponency during accept and reject decisions and
actions

We next organized all trials by aligning to tone onset and then rank ordering trials by time to
T-junction (Fig —E). Then, to cleanly isolate Phase I hallway and Phase II turn activity,
we used video tracking to identify time of head entry into the T-junction. We also filtered
data so that movements in the hallway were deemed comparable, by using a Quadratic
Discriminant Analysis (QDA) classifier to remove all trials where movement behavior from
video analyses could be used to predict accept or reject choices above chance (see methods).
This allowed comparison of data from similar movement trajectories.

With these isolation and filtering steps in place, we were in a position to analyze contra
and ipsi hemispheric opponency the DMS during Phase I and Phase II separately, while
matching movement trajectory. We found that in dSPNs in Phase I and Phase II, the
opponent patterns observed for accept and reject choices were qualitatively different. In
Phase I, after tone onset, the contra (right) hemi showed gain of dSPN activity when the
upcoming choices was a rejection (sup-t permutation test, p < 0.001), whereas the ipsi
hemi (left) showed gain of dSPN activity when the upcoming choice was to accept (sup-t
permutation test, p < 0.001).

As we mentioned in the introduction, we were particularly interested in exploring a role for
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unilateral downregulation of dSPN activity during active rejection, as we hypothesized that
this might be an overlooked mechanism by which endogenous inhibitory activity encoding
costs could drive lateralized hemispheric opponency. In Phase I during rejection trials, we
found the ipsi hemisphere (left) showed modulation below baseline (sup-t permutation test, p
= 0.0072). In Phase II of rejection trials, there was more dramatic modulation of ipsilateral
dSPN activity below baseline (p < 0.001), while the contralateral hemisphere was only
modestly up-regulated (p = 0.0313). Showing an interesting contrast, during accept trials
in Phase II, the contralateral hemisphere showed significant positive modulation (p < 0.001)
while the ipsilateral hemisphere was modulated downwards (p < 0.001, all tests in this
section was corrected via Holm-Bonferroni). These data support a working model in which
unilateral downregulation of dSPN activity in the ipsi hemisphere may contribute a special
role to active rejection, challenging the notion that activity in contralateral hemisphere
dSPNs would be present in both active accept and active reject decisions hemisphere as long
as they mirror each other in the motor domain.

We next looked at iSPN activity in Phase I and Phase II during accept and reject trials.
In iSPNs during Phase I in accept trials, activity in the ipsilateral hemisphere was mildly up-
regulated above baseline while the contralateral hemisphere was down-regulated on average
(p=0.0015, 0.0078 respectively, supT permutation test). In rejection trials, the pattern was
reversed with contralateral activity upregulated and ipsilateral hemisphere downregulated
(contra greater than 0, p < 0.001, ipsi less than 0, p < 0.001). In Phase II, contralateral
activity was clearly upregulated relative to baseline in accept trials (p < 0.001) and ipsi
downregulated relative to baseline in reject trials (p=0.05, after Holm correction), similar
to activity patterns observed in dSPNs in Phase II. These data do not support a model in
which iSPNs are more sensitive to costs than dSPNs in this context. The data are consistent
with observations that iSPNs are often co-active with dSPNs [52].

Unilateral optogenetic inhibition of left hemi dSPNs selectively
increased ipsiversive choice rejection for low rank offers

While opponency in the two hemispheres has long been understood to be a mechanism
to generate orienting behaviors, the traditional heuristic focus has been on activation of
dSPNs contralateral to an action to drive orientation and activation of iSPNs for freezing
and stopping. We were interested in the possibility of a role of inhibition of dSPNs in driving
choice rejection (also see [81]). Based on our calcium imaging studies we could see a role for
inhibition of dSPNs in the ipsi/left hemisphere in response to low offer tones (Fig or
rejection of choices (Fig[3.2).

The next step to test this idea was to unilaterally inhibit dSPNs to test if we could drive
an increase in rejection choices. As we set up these experiments we slightly modified the
original task and so there were now 5 distinct offer ranks but only one single pellet flavor to
bring out a wider offer rank range (Fig ) We used ArchT to unilaterally inhibit dSPNs
in either the left and right DMS at the time of the offer tone onset and tapered off the laser
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(250ms ramp down) after the mice either rejected and entered the next hall or accepted the
offer by entering the reward zone (Fig ) When we did OLS test to regress reject rate by
Lsilence , Rsilence , offer rank , and interactions Lsilence:offer rank and Rsilence
we found a significant positive effect of left hemisphere unilateral dSPN inhibition on reject
rate (coef 0.4453, CI: [0.288, 0.602], p < 0.001), whereas right hemisphere unilateral dSPN
inhibition did not have a significant beta coefficient. Interestingly, we also found a negative
effect of Lsilence:offer rank on rejection rate, which suggests that the impact of left dASPN
inhibition reduces with higher offer rank trials. Driven by this, we zoomed in our analysis on
pairwise tests, and found that left hemisphere unilateral dSPN inhibition enhanced rejection
of two lowest rank offers (Fig , after Holm correction, offer rank 1: p = 0.0015, Cohen’s
d: 0.177, CI: [0.08, 0.27], offer rank 2: p=0.0040, Cohen’s d: 0.162, CI: [0.07, 0.26], offer rank
3: p=0.110, Cohen’s d: 0.104, CI: [0.01, 0.2]). These data suggest unilateral GABAergic
inhibition onto dSPNs could play a role in choice rejection but should also integrate with
other ongoing activity relaying current offer and also past outcomes.
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3.3 Experimental Methods

Animal protocol

Mice (all C57 Bl/6 male, bred in-house) were housed on a 12 h reversed light-dark cycle
(lights on at 22:00) with nesting material. Prior to surgery they were group housed with
access to food and water ad libitum. We conducted all animal procedures, which follow the
principles outlined by the NIH Guide for the Care and Use of Laboratory Animals, according
to the protocols approved by the University of California, Berkeley Institutional Animal Care
and Use Committee (IACUC) and Office of Laboratory Animal Care (OLAC).

Surgery protocol

Mice (P83-100) were deeply anesthetized with 2.5% isoflurane in oxygen and placed on a
heating pad and into a stereotactic frame (Kopf Instruments; Tujunga, CA). Anesthesia was
maintained at 1%-2% isoflurane during surgery. An incision was made along the midline of
the scalp and small burr holes were drilled over each injection site. Virus was delivered via
microinjection using a NanojectIl injector (Drummond Scientific Company; Broomall, PA).
For fiber photometry experiments, 460 nL. AAV5-syn-FLEX-GCaMP8f-WPRE (Addgene
item #162379; titer 1.9x1013 gc/mL) was delivered bilaterally to the DMS (coordinates
relative to Bregma: A/P: + 0.9 mm, M/L: £ 1.25 mm, D/V: + 3.0 mm) in A2A-Cre or
D1-Cre mice. For optogenetic experiments, 460 nL. AAV5-CAG-FLEX-ArchT-GFP (UNC
Vector Core; titer 2x1012 vg/mL) or AAV5-CAG-ArchT-GFP (UNC Vector Core; titer
4x1012 vg/mL) was delivered bilaterally to the DMS. For all injections, pipets were held
at depth for 3 min before virus was delivered at 0.1 mL/min; pipets remained at depth
for 10 min before being retracted. Immediately following injections, the skull was gently
scored with a scalpel and 3 mm long, 400 pm diameter optic fibers (Neurophotometrics, NA
0.37; Doric, NA 0.5; house made [Thorlabs parts|, 0.48 NA) were lowered ventrally (relative
to Bregma) + 2.9 mm (i.e., 0.1 mm above injection site) and cemented to the skull using
Metabond. Mice were given subcutaneous injections of meloxicam (10 mg/kg) during surgery
and 24 and 48 h after surgery. Mice were single-housed after surgery and allowed 3- 4 weeks
for viral expression during recovery and behavioral training before experiments.

Histology and Imaging

Viral expression and placement of the optic fibers were confirmed histologically. Mice were
anesthetized with 2.5% isoflurane and overdosed with an intraperitoneal injection of ke-
tamine/xylazine before being transcardially perfused with 4% PFA. Extracted brains were
kept in PFA for 16-24 h after perfusion then transferred to PB for 24 h before sectioning.
Brains were coronally cut at 50 pm on a vibratome and stored in PB at 4C. Sections were
stained with 640/660 deep-red nissl (1:200 dilution; Invitrogen) before being mounted and
cover slipped.
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Fiber Photometry (FP)

We recorded from all 5 mice with fiber implants in nucleus accumbens core (NAc) using Neu-
rophotometrics FP3001 system at 20Hz. GCamP8f signals are measured in 470nm channel,
while isosbestic control signal is measured in 410nm channel for artifact removal. During
the learning switch phase, we start plugging in fiber implant without recording to get mice
accustomed to moving and behaving with fibers. Starting from the first “full task” ses-
sion, we alternate between a left hemisphere recording, right hemisphere recording, and no
recording schedule. All FP recordings are synchronized to behavioral and video data via cus-
tom TTL systems and bonsai programs and saved for further processing. Recorded signals
are preprocessed using custom python program to control for motion artifacts using 410nm
reference channels [116]. Specifically, we first subtract the common DC shift by approxi-
mating a smooth trend across both channels. Then we perform a robust linear regression
from reference channel to signal channel, and subtract the fitted 415nm artifact signal from
470nm channel recordings and obtain the processed dLight signals. All GCaMP8f signals
are subsequently z-scored to account for across-session extraneous variations.

Optogenetic Manipulation

To investigate if we could induce rejection behaviors through optogenetically inhibiting
dSPNs in striatum, we injected cre-dependent ArchT vector in D1-Cre animals. During
the RR task, in 25% of trials, 30-40mW 532nm laser was turned on when the animal en-
tered the Hall (before offer sound) and throughout Offer Zone. The laser was tapered off
(250ms ramp down) when the animal enter the reward zone (Accept) or entered the next
hall (Reject) or after 4 seconds.

Restaurant Row Task Training

To examine active rejection, mice were trained on an adapted version of Restaurant Row,
an economic decision making task |148|. Briefly, the task requires mice to traverse a series
of 4 interconnected T-mazes where all left turns are reject choices and right turns are accept
choices. At the entry of each T-maze, one of four offer tones was played to signal both
reward probability and wait time. We combined both reward probability and wait time costs
to encourage sufficient numbers of rejection trials in a session. Before training, mice were
first acclimated to the flavored pellets (banana, plain, grape, chocolate; Precision Pellets, 20
mg) for 1 week. Mice were then food restricted 24 h before the first training session and
maintained above 80% initial body weight throughout the experiment. Training stages were
designed to familiarize mice with, 1 retrieving pellets from the FED automated dispensers,
2) 100 % and 0 % percent offer tones, 3) the 80% offer tone, and 4) the 20 % offer tone.
Additionally, and unlike [148], to encourage more rejections, mice were required to wait
longer before reward availability on low probability trials (5 s for 20% and 7 s for 0 %) than
on high probability trials (3 s for 80% and 1 s for 100 %). Mice were fully trained on the
task in 10-14 days.
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Task Behavior Analysis

All final behavioral analysis is conducted with custom implemented python packages. Be-
havioral data are first collected using a custom implemented Bonsai and Processing mdoule,
and then preprocessed into behavioral data frames with each row representing a separate
trial with various columns containing information regarding task meta data, mice choice
data, and task relevant variables. For trials that mice failed to trigger camera systems,
we included the data but noted the relevant variables as NaNs/null. For most behavioral
analysis, outcome histories as well as covariates with null entries are dropped (which are
boundary trials at the start of the sessions, or trials where animals were unmotivated and
did not make a choice). All data plotting are generated via seaborn packages, and test
statistics and various measures are generated using statsmodels, pingouin and sklearn

Lasso logistic regression

To understand the contributions of past trial outcome histories to mouse decisions, we per-
formed lasso logistic regressions and feature selections of 12 past trial and features involving
previous trial offer rank, accept rate, and high offer rejection rate, etc. By carefully per-
forming feature selection and model comparison (Fig - we identified the following model:
Bds Tamedilaprsev@id rate-+pifar leqskhighferffeaniejdet-£hdg-hall time

Specifically, we iteratively tested the prediction accuracy of decision at trlal t by using
features up to k trials backwards, and remove one feature at a time to identify the changes
in total accuracies. We confirmed feature importance as the differential contribution of
features when we include them versus when we do not. Moreover, we evaluated lag effects
on prediction accuracy and determined 12 lags provided decent information without running
into low sample issues due to combinatorial problems. Then we used lasso or group lasso
coefficient as a guide to remove spurious features and found a clear separation of previous
visits of the same restaurants versus overall experiences with other restaurants. We then
computed the features above through averaging and feature engineering, which allowed us
to achieve similar accuracy than using the full set of lag features.

Neural Data Analysis

All analysis was carried out with a custom Python module for aligning, visualization, and
data modeling. After baseline correction, we visually inspected both 415nm channel record-
ing and 470nm channel recording, as well as the AUC-ROC scores between the rescaled
baseline values against signal channel recordings. We picked sessions that meets the follow-
ing conditions: AUC-ROC higher than 0.9, longer tail in distributions in 470nm recording
compared to rescaled 415nm recordings suggesting clear fluorescence increases, and no sharp
discontinuity in both channels’ recordings. We use baseline-corrected and z-scored dLight
signals for in-depth analysis, called Z(Ca). For neural data alignment, we interpolated Z(Ca)
around event times and appended them to the trial level dataframe.
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Aligned neural signals are appended to the trial level data frames as additional columns.
Aligned Z(Ca®") is baselined by subtracting out its value at “outcome” time (we denote
this procedure as de-base for simplicity). For trial average dopamine visualization, we first
identified a list of relevant columns as grouping variables of interest, we then dropped any
row with one or more NaN entries in the relevant columns. The trial averaged plots are then
plotted using seaborn with the error bar being bootstrapped confidence intervals. When
reporting summary statistics, we used bootstrapped confidence intervals to characterize mean
estimates. For difference comparisons, we used suitable paired or unpaired tests and reported
both the testing statistics as well as effect size, and the confidence intervals associated with
it.

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical analysis was performed using Python with standard packages: scipy, statsmodels,
pingouin. We included n=10 subjects with each around 3-5 high quality sessions. Statistical
details of each analysis can be found in each figure legend, result section or correspondent
method section. Error bars are 95% bootstrapped confidence intervals, and Holm-Bonferroni
correction was applied when appropriate.

QDA filtering methods

To zoom in on trials in which the movement trajectories prior to motor execution Phase 11
were not predictive of future decisions, we used QDA filtering. This method allows us to
compare neural data for trials that have similar motor sequences and rule out any lateral-
ization motor effect in the neural data. We trained a QDA classifier to predict accept and
reject trials from only the equally sampled movement trajectories. For each data point we
can then obtain a prediction likelihood of the future decision. We focused on trials that
“confused” the classifier and received a decision binary decision likelihood between 0.4-0.6.
Then we zoomed in on these trials to perform downstream neural data visualization in Fig

B.2H-1.

Bootstrap timeseries testing

To compare the contrastive differences between two functional curve series, we developed the
following testing procedure based on the sup-T statistics. To measure the maximum distinc-
tion between the two curves, we take the maximum of the time wise t statistics. To construct
a null distribution, we permute across curves, and calculate a sup-T null statistics for each
permutation. Then we compare our observed sup-T statistics with the null distribution to
calculate the empirical p value. Detailed algoritm is given as follows.
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Algorithm 1 Functional Curve Contrast 1-sided (Greater) Sup-T Permutation Test

Require:
fl?l(t), 1€ {1, ey Nx}, t e [O,Ti]
yj(t), j < {1, e ,Ny}, t e [O,Tj]
L>0 > Permutation parameter L
Y(t) < [v1(?) - yn, (t)]
£ Y(H)-X(t)
u(t) \/ Var(Y (t))/Ny+Var(X () /N
w < maxy u(t)
Z(t) « [X(t) : Y(2)]
D« ]
for!=1...L do
X1, Y, < Permute(2)

Vi (t)—Xi(t)
di(t) \/Var<Yl<t>>+var(xl<t>>
B

CZ[ <— max; dl(t)
D« [D:d]
end for
p <+ Pp(u>d) > Empirical Quantile

3.4 Discussion

Here, we set out to study an important but poorly understood aspect of decision making:
active rejection. We opted to focus on the hemispheric opponency in the dorsomedial stria-
tum because this area is thought to be important for action selection and shows contralateral
bias in lateralized orienting movements [18,39,/57,150]. Comparing SPN activity in the left
and right hemispheres (Fig , we found that hemispheric opponency differed qualitatively
between reject and accept choices as mice received offer information while approaching a
T-junction decision point and then turned through the corners of the restaurant row task.

While hemispheric opponency in the dorsal striatum has long been appreciated [39./46,57],
it was unclear how hemispheric opponency would manifest in a serial choice task where
reward is on one side but the other side constitutes rejection of an offer that does not require
freezing or stopping.

Based on past work in two alternative forced choice tasks, we would expect to observe
dorsal striatum dSPNs (and possibly also iSPNs) in one hemisphere increase their activity as
rodent oriented toward a contralateral choice [18,52]. This growth in contralateral activity
prior to a choice has even been tied to the accumulation of evidence for making a left right
orienting decision |18]. However, it so far has been unclear how hemispheric opponency is
used when decisions are motivated to avoid costs, but remain active.

Given a basic assumption of a contralateral movement bias in the striatum, one might
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have predicted a priori that opponent activities in restaurant row during left and right turns
would be symmetric. This symmetric opponency pattern seen in two alternative forced
choice tasks should also emerge in restaurant row if opponent competition between the two
hemispheres was agnostic to costs versus benefits.

An alternative plausible outcome would have been a cell-type/circuit specific outcome.
Optogenetic behavior studies [151] and dopamine receptor pharmacology [49] might lead
us to predict that costs may preferentially activate iSPNs while benefits will preferentially
activate dSPNs. This differential activity onto iSPNs and dSPNs could be used to drive
hemispheric opponency via different channels in reject vs accept trials, respectively.

Interestingly, we did not observe data consistent with what we can call “the symmetric
hypothesis” or the “costs/iSPN specific encoding” hypothesis. Neural signals corresponding
to accept and reject choices did show contra/ipsi asymmetry in Phase I and Phase II, but were
opposite in accept and reject choices in both phases. This lack of matching in hemispheric
opponency suggests the underlying neural circuit activity is very different in the two choice
contexts.

Digging deeper into cell-type and circuit, when we examine iSPNs and dSPNs patterns,
the observed patterns do not suggest a division of labor between iSPNs and dSPNS consistent
with the costs/iSPN specific encoding hypothesis. There is opponency in dSPNs in response
to costs, as well as iISPNs. In iSPNs, this opponency is also very weak in Phase 1. These data
highlight a putative role for dSPNs in encoding costs in an active context. Notably, these
observations do not call into question the well-supported role of iSPNs in suppressing action
when an organism are instructed to hold still to obtain a reward [46]. However, importantly,
they do suggest we should not extrapolate this iSPN suppression function to choices where
rejection involves active movement.

Going forward, our data suggest the field may pay more attention to a role for “push” and
“pull” modulation of dSPN activity in hemispheric opponency, with inhibition of dSPNs in
one hemisphere possibly playing an important role in successful active rejection. Here using
calcium imaging, we found opponency in dSPNs was driven by downregulation of ipsi hemi
dSPNs during active rejection in Phase II turns with only modest contra hemi up-regulation.
In support of this possible role, unilateral optogenetic dSPN inhibition in the left hemisphere
also enhanced choice rejection. This is consistent with our previous work [81], where we found
that inhibiting bilateral dSPN activity disrupted learned choice suppression. One caveat is
that unilateral optogenetic inhibition only enhanced rejection choices for the poorer rank
offer tones. While this result was not across all tones, we consider that there may have been
competing evidence for good offer tones that could not be overcome. Logistic regression
models and log odds calculation from two alternative forced choice tasks [17] reveal why
unilateral stimulation effects on behavior may only be detectable when mice are near 50%
equivalence for the two actions but when mice are nearer ~100% preference for one action
(where high value can continue to infinity and generate an asymptotic accept rate) this
evidence for an action cannot be overcome. This means equivalent shift in internal action
value can occur but still not change behavior in the highest range [17]. Since our lowest offer
tones were only approaching a 50% rejection rate, it may be that behavioral response rates
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at these tones enables greater sensitivity to perturbation not present at higher offer tones
due to the value function.

Interestingly, the contra-ipsi hemispheric opponency changed from the decision phase I to
action phase Il in accept trials. We speculate this may have reflected consideration of past or
alternative outcomes in the decision phase. In contrast, active rejection trials recruited the
same pattern of hemispheric opponency with the ipsi downregulation pattern begining with
tone onset persisting and amplifying during motor execution. This downregualtion is mea-
sured as a bulk signal relative to baseline but could be downstream of cost encoding possibly
represented in GABAergic circuits. These signals,; if critical in context of active rejection,
may have previously been obscured in tasks where both lateralized choices were possibly
rewarded or costs were coupled to freezing and stopping. Based on these data taken from
an auspicious task context, we posit a working model in which distinctive circuits encoding
costs drive ipsi “pull” and encoding benefits drive contra “push” hemispheric opponency
that together can contribute to online simultaneous cost/benefit evidence evaluation. We
anticipate that it will be informative to add two hemispheres and this additional inhibitory
cost encoding mechanism to network models of the basal ganglia.

This leads us to ask where this inhibitory signal might come from. There is growing list of
sources of inhibition to the striatum. Currently this list includes local iSPN collaterals, local
inhibitory interneurons, subcortical projections from arkypallidal neurons or other sources,
and also GABAergic long range cortical inputs [152-154]. Our bulk imaging data are not
consistent with drive from iSPNs, but activity from a few cells could play a role if they had
focal access to local dSPNs. Arkypallidal neurons have already been implicated in a role for
stopping ongoing action [38], but more experimental work will need to be done to test their
role in lateralized action and integrative decision making. In future work, we will explore
the role played by these options in active rejection. If one or more of these sources play a
role in driving active rejection, they may become an attractive target for therapeutics.

3.5 Chapter Summary

This chapter demonstrated the distinct bihemispheric opponency activities in the striatal
systems during accept and reject choices, contrary to conventional wisdom. This implies the
potential for distinct neural circuitry for cost and benefit processing in the brain. These data
point toward new circuit mechanisms for understanding decision making and behavioral con-
trol. They are most valuable if they can be translated to inform research and intervention for
pathologies associated with an inability to control behavior, such as substance use disorders
and obsessive compulsive disorder. In human contexts, there are many situations in which
we actively reject options, driving to a coffee shop instead of a bar, for example, and we
do not freeze or withhold actions to prevent them from occurring. Our observations should
therefore galvanize studies of active rejection in animal models in pursuit of translational
therapies.
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Figure 3.1 (preceding page): Mice learn to use offer tones to accept or reject choices in
Restaurant Row (A) Diagram of the task arena for restaurant row (RR) task, where the mouse
hears a tone as they enter the hallway, and then turns right to accept an offer and turns left to
reject it. (B) Schematic showing task state transition structures from tone onset to reject, accept,
or quit decisions. Note, we excluded complex quit decisions trials in this study. (C) Mice rejected
offers with lower rank values (higher ranks mean better offers with higher reward probability and
lower wait times). (D-E) The distribution for time elapsed as mice ran through the straight hall
way of the T before reaching the T-junction, making a decision action, color coded by offer ranks
(D) or decision categories (E). (F) Mouse head keypoint coordinates during decisions. Green tracks
mark trials ending in accept choices, orange tracks mark trials ending in reject choices. Tracks
ending in quit choice are not shown. Here we focus on 1 event time window: “Phase I”, which
notes the straight running or putative decision period. (G) Reference diagram further illustrates
the color coding scheme for “contra” (red) and “ipsi” (blue) lateralized action, or “accept” (green)
and “reject” (orange) decisions. (H) To record from dSPNs and iSPNs in DMS, we injected DIO-
GCaMPS8f bilaterally, and used fiber photometry to record bulk population activity simultaneously
from both hemispheres during the task. (I) We ran a lasso logistic regression model to explore what
factors beyond the current offer tone also contribute to the accept/reject decision for mice in the
RR task. We found current offer tone was dominant contributor, but features like rate of accepting
any offer in the previous visits at the same restaurant, “past laps ACC rate”, rate of getting high
offer in previous visit at the same restaurant, “past laps high offer” and “offer rank b1”, offer rank
one trial back, also contributed. (J) Neural activity for dSPNs during “Phase I” aligned to tone
onset, split into fast, medium (mid), and slow decisions shown in three columns. Data from the
hemisphere contralateral to the chosen accept/reject action are shown in the top row, while data
from the hemisphere ipsilateral to the accept/reject chosen action are shown in the bottom row.
Black is used to encode high offer rank (“good”) offers, and gray is used to encode low offer rank
(“bad”) offers. Green floor markers were used to indicate the T-junction entry and end of Phase I
start of Phase IT (onset of lateralized decision actions). (K) Same as J but for iSPNs. From these
coarse data we observe that these signals evolve with time, phase and high and low rank offers may
differ in some trials depending on cell-type and speed. These data justified followup investigation in
which we separate activity recorded in the T-junction hallway during Phase I, and activities during
post T-junction turn in Phase II, and analyze reject and accept choices separately (averaging across
effects and variation in tone offer and past history). Error bars show 95% bootstrapped confidence
intervals.
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Figure 3.2 (preceding page): dSPNs across two hemispheres displayed distinct opponency
patterns during accepting and rejections (A-B) Example dSPN activity during accept trials
(top rows), and reject trials (bottom rows), and the left and right hemisphere signals are placed
on the left and right column respectively. Phase I and II are indicated on the graph accordingly
with light blue and light yellow. (C-D) Heatmaps for dSPN (C) and iSPN activity (D) during
accept and reject trials across two hemispheres. Accept trials are in top row and reject trials in
bottom rows. Trials are aligned to tone onset at time 0 and a yellow tick mark indicates T-junction
entry for that trial (E-G) Schematic for movement control analysis to ensure that the trials under
analysis during Phase I have overlapping movement patterns. (E) Movement was mapped with
SLEAP. Phase I and II are indicated on the graph accordingly with light blue and light yellow. (F)
QDA was used as a discriminator for different behavior trials and only trials where pre-T junction
activity were uninformative of upcoming decisions were kept for analysis. (G) The first 2 Principal
components (PCs) of the movement trajectories are plotted and labeled orange for reject and green
for accept. (H) neural activity aligned to tone onset during Phase I, highlighting differences in
opponency for accepting and rejection trials. dSPNs activities were plotted on the left panel and
iSPNs activities were plotted on the right. The secondary plot in grey tones on the X-axis reveals
how many trials were included and marks the decline in contributing data as time elapses. (I)
Neural activity aligned to T junction entry during Phase II, highlighting differences in opponency
during motor execution for accepting and rejection trials. dSPNs activities were plotted on the left
panel and iSPNs activities were plotted on the right. Error bars show 95% bootstrapped confidence
intervals.
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Figure 3.3: dSPN inhibition during the Restaurant Row increases choice rejection, but only for low
rank offers. (A) ArchT stimulation window illustration on one example GCaMP trace. (B) Offer
tone organization. (C-D) Rejection rates under optogenetic manipulation for left (C) and right
(D) hemispheres.
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Chapter 4

An Overview Experimental Design
and Statistical Tools for Studying
Decision Making Neuroscience

4.1 Variation in Task Design Have Facilitated the
Study of Neural Mechanisms Underlying Decision
Making

A wide variety of behavioral tasks are used in systems and circuit neuroscience. Insight into
a specific function can come when the task isolates and varies specific constructs of interest.
Several key task designs have proven particularly valuable for studying decision mechanisms.
Two-alternative forced choice (2AFC) paradigms, where subjects must choose between two
options with different reward contingencies, have revealed critical roles for various brain areas
and cell types in value based decision making [5],6,46,/57]. This paradigm is often combined
with perceptual decision making using continuous stimuli, and led to our understanding
regarding evidence accumulation and decision formation [18}/155].

By introducing delays between choice and outcome, researchers can isolate neural signals
related to decision confidence from those related to reward prediction errors [156]. Prob-
abilistic reversal learning tasks, where reward contingencies periodically change without
explicit cues, allowed investigation of how organisms detect and adapt to environmental
volatility [17,71}76,78]. By manipulating reward probability and magnitude independently,
researchers can distinguish neural representations of expected value from subjective util-
ity [157]. Effort-based decision tasks, where animals must weigh reward magnitude against
effort costs, illuminate the neural basis of cost-benefit integration [158]. More recently, serial
choice paradigms like “Restaurant Row” allow researchers to isolate quit decisions and re-
gret [148] and here we use it to study such as lateralized offer evaluation and active rejection
(Chapter 3).
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Modern task designs increasingly incorporate naturalistic elements while maintaining
experimental control. Free-foraging paradigms, animals navigate complex environments with
multiple reward patches, reveal how decision processes operate during continuous behavior
rather than discrete trials [101,159]. Social decision tasks, where choices affect other subjects,
illuminate the neural basis of prosocial and competitive behaviors [160,161]. Virtual reality
environments allow precise control of sensory input while permitting naturalistic movement,
bridging the gap between controlled laboratory tasks and real-world behavior [7.|162].

Through a process of experimental manipulation of the brain and testing across a variety
of tasks, the field has been able to dissociate functions and reveal that there may be multiple
decision systems operating in parallel within the brain. It is thought that decision making
may be initially driven by a goal-directed system, involving dorsomedial striatum and pre-
frontal cortex, supporting flexible behavior guided by outcome expectations [12,163]. How-
ever, with repeat experience decisions may fall under control of the habit system, centered on
dorsolateral striatum, to enable rapid responses based on stimulus-response associations [24].
A Pavlovian system, not addressed in my thesis, is also present, driving more basic approach
and avoidance responses to reward-predictive and threat-predictive cues through actions in
the amygdala and ventral basal ganglia [63,[164].

When combined with advanced neural recording and manipulation techniques, these task
paradigms provided increasingly granular insight into the neural basis of decision making.
By correlating behavioral variables with neural activity, researchers could identify the com-
putational functions implemented by different subregions and circuits, or even specific brain
cells or cellular compartments [159,|165,|166]. By causally manipulating neural function
during specific task phases, researchers can establish the necessity of identified mechanisms
for adaptive decision making [76}/167]. This powerful approach has revolutionized and will
continue to revolutionize our understanding of how biological organisms evaluate options,
select actions, and learn from experience to optimize future decisions in complex, dynamic
environments.

In order to bridge between behavior changes and cellular changes at multiple time scales,
we have turned to a number of statistical tools, which I used over the course of my thesis.
In the following sections, I will revisit them in detail to highlight their utility and relevance
for extracting meaningful insights from data in this fast developing field.

4.2 Predictive Modeling of Task Behaviors

When studying decision making, it is often of interest to first understand task behaviors of the
animals, such as how behaviors change with respect to task stimuli, or what neural activity
patterns are related to motor behavior generation. One common assumption underlying
these analyses is that, if certain covariates like task variables or neural activity, can give
reliable prediction of what the animals are going to do well ahead of time, there is a higher
chance for a “Granger” causal relationship to exist [168,169]. This approach has proven
particularly valuable for identifying the factors that influence choice behaviors.
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In this section, we will discuss families of distinct prediction models that are commonly
used in decision making neuroscience.

Logistic Regressions

Generalized Linear Models (GLMs) can generally provide a flexible framework for captur-
ing the relationship between covariates and behavioral outcomes while accommodating the
various data distributions inherent in behavioral experiments |[170,171]. Moreover, since the
mapping is inherently linear, the result is often highly interpretable, and is often the first
pass modeling step by many practitioners. As many behavioral tasks require the animals
to make binary decisions, like go/no go or left/right, logistic regressions are among one of
the most popular modeling framework in decision making neuroscience [17,90]. Therefore,
we will first begin by introducing different variations of logistic regressions and see them in
practice.

In the simplest case, logistic regressions models binary decision probability as following
a monotonic relationship with other experimental variables:

Py =1)=0(Bo+ Y _ Biwin) (4.1)

=1

where y; is the decision on trial ¢, z;; represents the various predictor variables, (; are
the regression coefficients, and o(z) = 1/(1 + e~ *) is the sigmoid function that maps the
linear logits to the choice probability. This formulation can accommodate a wide range of
predictors, including stimulus properties, reward history, and contextual factors [172].

A key advantage of GLMs is their ability to capture the influences of trial history on cur-
rent choices. By incorporating lagged variables representing previous choices and outcomes,
researchers can quantify how decision processes integrate information across trials [90}/109].
For example, win-stay /lose-shift strategies manifest as positive coefficients for terms repre-
senting the interaction between previous choices and outcomes. Perseveration appears as
positive coefficients for previous choices independent of outcomes, while reward sensitivity
is reflected in coefficients for previous rewards independent of choices [17},90].

Example: Modeling 2ABT with Logistic Regression

A fundamental question in decision neuroscience is how past outcomes influence current
choices. In the project from Chapter 2, we implemented logistic regression models that
regressed from past choices, rewards and the interaction terms. This allowed us to capture
the decaying influence of previous trials in accordance with previous literature [17,/904/173]:

P(Ci=1)=o0 (50 +Y BRC R+ ) BIR+ > B 0) (4.2)
=1 =1 =1

Where:
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C} is the choice at time ¢ (0 or 1)

C‘t_l- = 2C;_; — 1 is the transformed previous choice

R,;_; is the reward outcome

o(x) = 7= is the logistic function

BEE BE and B¢ are regression weights capturing the influence of choice-reward inter-
actions, rewards, and choices, respectively

This model allows us to quantify the decaying influence of past experiences and identify
potential blocking effects where recent rewards might modulate the impact of more distant
outcomes [101]. The weights form a choice-outcome history kernel that represents how mice
integrate past experiences.

Beyond simple decaying weights, we also implemented more sophisticated models that
capture the “blocking” effect of recent rewards on the influence of distant outcomes (Fig

11):

P(Ci=1)=o0 (50 + Z ﬁiCRJré’t,iRtfi[Rtfl = 0]

=2

+ Z BiCR_ét—iRt—i[Rt—l =1]+ Z BZ-RRt_Z- + Z ﬁZCCN't_Z> (4.3)

=2 i=1 i=1

This formulation tests whether the effect of past choice-outcome pairs is modulated by the
most recent reward, providing insight into the hierarchical organization of outcome history
integration.

Considerations for reducing model complexity and increasing parameter
stability

One fundamental lesson from statistical learning theory is the bias-variance tradeoff [174],
which states that the prediction error of any model on new data points can be decomposed
into three parts:

1. the difference between average model prediction and the average of the true data
generation function, or bias.

2. the variation of the model prediction with different unseen data points, or variance.
This can be seen as a measure of stability of the model prediction

3. irreducible error that is either due to the limitation of the model or the inherent
noisiness of the data.
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Figure 4.1: Behavior analysis with logistic regressions and model simulations. (A) Fol-
lowing the formulation from , we fitted logistic regression models to individual mice behavior
data and identified consistent patterns of decaying choice outcome weights for more distant out-
come histories. Error bars show 95% bootstrapped confidence intervals. Specifically, we used this
formula (é’t,i =2C_;—1): C =, ,BiCRCN't,iRt,¢ + ﬁﬁiRtfi + ﬁt(ilétﬂ (B) To identify the
blocking effect of the reward at trial t-1 found in [101], we fitted the following regression model,
where Bic R+ represent the R1-blocked coefficient:

C =

P BTG iRy 1Ry = 0]+ BEEC Ry i1 [Ry—y = 1]+ 30 BE Rii + B ,Cii



CHAPTER 4. STATISTICAL MODELS FOR NEUROSCIENCE 63

This is particularly important in the context of statistical modeling for decision making
neuroscience, since we are building these prediction models so that we can find a reliable
explanations of why and how the animals make their decisions. Ideally, we need to make
sure that our model can not only explain our observed data (or training data) well, but
also can readily generalize to future experimental observations. Due to this goal, it is often
desirable to have a model that generates a stable prediction with low variance on unseen
samples, and sometimes at the expense of increasing the bias.

But how do we achieve this? Some popular approaches include regularization methods
like lasso, or elastic net [174,[175]. The main intuition behind these methods is that, when we
fit regression models to predict output like animal decisions, oftentimes a good proportion of
the covariates we used actually offer little to no help in prediction. For instance, if we use the
past 10 trials outcome history to predict the animals’ decision, we may get some spurious and
small coefficients for 7 or 10 trial back effects. More often than not, these estimations were
not statistically significant but are rather due to pure data variations. Therefore, we may
want to place some constraints on our regression models such that it should automatically
shrink the inconsequential effect to zeros. In practice, for GLM regressions, the loss function
we seek to minimize becomes:

min £{y, X5) + A0[|Bll: + A(L — )I|8]]2 (4.4)

This describes the general formulation for elastic net. When 6§ = 1, we only use L1 norm
regularization, and problem becomes a lasso regression. When 6 = 0, the problem becomes
a ridge regression where we try to control the L2 norm of the model parameter 5. Moreover,
there are situations where we would expect that different groups of lagged features should
have their own sparsity constraint. For instance, we may have a good reason to believe that
the amount of shrinkage penalty that we give to reward features at different trial lags should
be comparable among each other, whereas such penalty may be completely different from
the penalties that we would assign to past choice bias features. In this scenario, we would
do group lasso, or group elastic net regression [176]. We included here an example from the
project in chapter 3 to illustrate this process (Fig .

Even though regularization methods like lasso and elastic net provided a systematic sta-
tistical framework for model complexity control, sometimes domain specific insights could
also help us come up with customary model “constraints”. For instance, computational neu-
roscientists have developed GLMs that can incorporate time-varying parameters to capture
learning dynamics, like adaptive forgetting by including exponentially weighted averages of
past outcomes with learning rate parameters estimated from the data [177].

Cross validation and model selection

Methods like regularization allows us to alter model complexity and improve the general-
izability and stability of the prediction power of the models. However, we still need to
quantiatively assess the prediction ability. One particularly powerful method is cross valida-



CHAPTER 4. STATISTICAL MODELS FOR NEUROSCIENCE 64

0.750
0725 |0 ﬂ%—jﬁp o X i !%!i 5 B offer_rank_b
-FFi P i 3 &L - = ACC b
0.700 © I commit_b
9 Qoloom ooOCPOOD ©ooP P’ B reward_b
flo'675 © I low_offer_accept_b
5 0.650 o I high_offer_reject_b
3 restaurant
0.625 i g % @ 8 B Iog_hall_time
E] o o o [ offer_rank
0.600 o
4 5 6 7 8 9 10 11 12
max_lag
offer_rank ACC commit
0.00 i |
0.0 [ 1S APAPRPS P Q_T HT 0.2
025 S | R R
s s . R e e e e
: | -0.50 o2
Y .
=0.75
0 5 10 5 10 5 10
low_offer_accept high_offer_reject
| 0.00 | e iy sow
0.050 i
| l 0.2
‘ [ )
0.025 : —0.05 o
0.000 H—O—Ol : *
-0.025 0.10 0.0 A_
5 10 5 10 5 10

Figure 4.2: Systematic variable selection procedure using lasso To identify past trial out-
come features that contribute to mouse decisions most, we performed step-wise feature selection.
(A) Prediction accuracy of mouse decision by using feature including the past k lags, and by ex-
cluding any features. With more historical lags, we captured the behavioral variance better. (B)
We then analyzed the lasso coefficients based on normalized inputs. Interestingly we found that
information like offer rank, high offer reject rate, accept rate during the previous laps visiting the
same restaurant, were particularly informative of future decisions. Integrating these evidence, we
selected the final feature group as shown in Fig @

tion (CV), which operates on the simple principle of splitting the dataset in two or multiple
parts, training the model on one subset of the dataset, and testing the model prediction on
the rest of the “unseen” datapoints [178§].

One popular variant of cross validation is “K-Fold” cross validation . During the
procedure, both the covariates, or features X, and the target variable y are divided into K
approximately equal-sized portions (with only rounding sample size differences by at most
1). For every fraction of the dataset S;, we can fit the model to the other K-1 fractions
S_;, and then test the model on S; using prediction error metrics like R squared for re-
gression problems (continuous output like movement speed), or classification accuracy for
classification problems (categorical output like left or right). Then we can obtain K such
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out-of-sample evaluation metrics, and compute an average prediction error as an evaluation.
Oftentimes, model hyperparameters like regularization strength can be picked to minimize
prediction errors.

Since neuroscience problems often deal with temporal problems, where decisions at one
time point depends on past history outcomes, pure shuffle based CV methods will likely lead
to biases, since random shuffling disrupts the natural temporal order in the dataset, and then
mistakenly training the model with datapoints from later trials of tasks and then testing the
model on earlier trials of the tasks. This creates a “look-ahead” bias. To address this issue,
we can use time series split, where we simply sort the dataset by trial number within the
decision task, and evenly divide the trials again by K41 trial chunks, then we can simply
train the model using trial chunk up to K and test the model on trial chunk K+1. Finally,
we can again summarize the measures by averaging across the folds, as in “K-Fold” CV.

Across these different CV procedures, we can vary the hyperparameters of the model,
either via methods like grid search, or optimization framework like [180], and select the set
that minimizes prediction error.

Extensions to Generalized Linear Models beyond decision prediction

When predicting behavioral variables that are more complex than binary decisions, like
movement speed, or number of rewards earned in the next 10 trials, we can readily adapt
the above framework to using Generalized linear model, where now we have the assumption
that

e = f(Bo+ Z Bitit) (4.5)
Ely| Xy] = (4.6)

To solve this, one common procedure is maximum likelihood estimation, as described
above: minglog{(y, X3). This topic will be further expanded to adapt to time series regres-
sion problems in section [4.5]

Machine Learning Prediction Models

Despite the flexible and interpretable framework afforded by GLM models, sometimes re-
lationships between task variables or neural data and behavioral output can be nonlinear.
This often requires us to utilize machine learning models, especially for the context of neural
decoding, where we wish to use neural data to predict future decisions of the animals [181].
In this section, we will discuss a few machine learning methods commonly used in computa-
tional neuroscience.
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Quadratic Discriminant analysis (QDA)

In areas like V1 or M1 in cortex, we can commonly model the neural activity as operating
at some low dimensional manifold, which allows us to often treat their population activities
as multivariate gaussian distribution [182H184]. As a result, the neural population activities
underlying two distinct motor behavior or visual representations could often be modeled as
two multivariate gaussians with distinct means. Quadratic discriminative Analysis (QDA)
allows us to learn two multivariate gaussian distributions from empirical data, with which
we can then predict which group (for instance, decision group) does a new data point belong
to by comparing its similarity to the two groups (Fig. 4.3]). This provides us with a reliable
way to predict behavioral variable from neural data with a fairly parsimonious model.

Quadratic Discriminant Analysis

Figure 4.3: This schematic showcases an example of QDA modeling, red and blue each represent
simulated gaussian neural data under a different stimuli. Using QDA, we can obtain a prediction
boundary, which we can use to predict the white star datapoint to belong to the red class, therefore
achieving the goal of “decision decoding”

Support Vector Machines (SVM)

Support Vector Machines provide a powerful framework for classification tasks in neuro-
science, particularly when dealing with high-dimensional neural data where the relationship
between neural activity and behavioral outcomes may be complex and nonlinear . SVMs
work by finding an optimal hyperplane that maximally separates different classes in feature
space, making them well-suited for neural decoding problems where we aim to predict be-

havioral choices from neural activity [186|,187].
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The fundamental principle of SVMs lies in maximizing the margin between decision
boundaries. For a binary classification problem, the SVM seeks to find a hyperplane defined
by:

wix+b=0 (4.7)

where w is the weight vector, x represents the input features (e.g., neural firing rates),
and b is the bias term. The optimization objective aims to maximize the margin ﬁ while
correctly classifying training examples, leading to the constrained optimization problem:

mll?%HWHZ subject to y;(wix; +b) > 1

where y; € {—1,+1} are the class labels [188].

A key advantage of SVMs in neuroscience applications is their ability to handle nonlinear
relationships through the kernel trick. By mapping data into higher-dimensional feature
spaces using kernel functions such as the radial basis function (RBF) kernel K(x;,x;) =
exp(—7||x; — x;]*), SVMs can capture complex decision boundaries that may better reflect
the nonlinear dynamics of neural population activity [189]. This allows greater flexibility
of the SVM to model nonlinear relationships that may exist between neural population
activities, task variables and behavioral outputs.

Decision Trees and Random Forests

Decision trees offer an interpretable machine learning approach that recursively partitions
the feature space based on threshold-based decisions, making them particularly valuable for
understanding which neural features or task variables are most predictive of behavioral out-
comes [174,190]. In neuroscience applications, decision trees can reveal hierarchical decision-
making processes and identify critical neural signatures that drive behavioral choices [181].

A decision tree constructs a series of binary splits based on feature values, with each
internal node representing a decision rule of the form x; < 6 for some feature j and threshold
0. The tree-building process uses impurity measures such as the Gini impurity:

c
G=> p(l-p)
i=1

where p; is the proportion of samples belonging to class ¢ at a given node, and C' is the
number of classes. The algorithm selects splits that maximize information gain, defined as
the reduction in impurity after the split [191].

While individual decision trees provide interpretability, they often suffer from high vari-
ance and overfitting, particularly problematic when dealing with noisy neural data. Random
Forests address these limitations by combining multiple decision trees trained on bootstrap
samples of the data, with each split considering only a random subset of features [192]. The
final prediction is obtained through majority voting:
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y = mode{T(x), T5(x),...,Tp(x)}

where Ty (x) represents the prediction of the b-th tree and B is the total number of trees.

Random Forests have proven particularly effective for neural decoding tasks due to their
ability to handle high-dimensional data, capture nonlinear relationships, and provide mea-
sures of feature importance [181]. The feature importance scores, calculated as the average
decrease in impurity when a feature is used for splitting across all trees, can reveal which
neural signals or task variables contribute most to behavioral predictions. This has been
successfully applied to, for instance, decode movement syllables from population calcium
activities [193]. The ensemble nature of Random Forests also provides natural estimates
of prediction uncertainty [194], which can be valuable for assessing the reliability of neural
decoding in different experimental conditions or behavioral states.

4.3 Investigating Behavioral Phenotypes with
Dimensionality Reduction and Manifold Learning

Animal behavior consists of complex, high-dimensional patterns that are challenging to quan-
tify manually. Recent advances in machine learning have revolutionized behavioral analysis
by providing tools to automatically extract low-dimensional representations that capture
essential behavioral structure [195,/196]. These approaches leverage dimensionality reduc-
tion and manifold learning techniques to transform raw behavioral data into interpretable
features that can be linked to neural activity and task variables.

A new foundation for modern behavioral analysis is emerging from precise quantifica-
tion of movement. Markerless pose estimation algorithms such as DeepLabCut, SLEAP,
and LEAP can be used to track key anatomical landmarks from standard video recordings
without requiring physical markers [149,197,[198|. These methods generate high-dimensional
time series data (e.g., x-y coordinates of multiple body parts across frames) that capture the
animal’s posture and movement with unprecedented detail.

To extract meaningful structure from this high-dimensional data, researchers have ap-
plied dimensionality reduction techniques that identify low-dimensional manifolds where the
behavior naturally resides. Principal Component Analysis (PCA) provides a linear projec-
tion that maximizes variance in the data, capturing major axes of behavioral variability [199].
Non-linear techniques like UM AP preserve local relationships between data points, revealing
clusters of similar behavioral patterns that might be obscured in linear projections [200].

Building on these representations, unsupervised methods can segment continuous be-
havior into discrete, stereotyped modules or “syllables”. For example, Motion Sequencing
(MoSeq) applies autoregressive hidden Markov models to depth camera recordings to identify
behavioral syllables in freely moving rodents [195]. Keypoint-MoSeq extends this approach
to work with pose tracking data, creating a modular representation of behavior that bridges
the gap between raw movements and ethologically relevant actions [201]. These behavioral
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syllables provide a natural vocabulary for describing complex action sequences and studying
their neural correlates.

The real power of dimensionality reduction approaches emerges when behavioral repre-
sentations are linked to neural data and task variables. By projecting neural activity onto
behavioral manifolds, researchers can identify how specific neural circuits encode movement
parameters and how this encoding is modulated by task context [202,203]. Conversely, by ex-
amining how task variables influence trajectories through behavioral state space, researchers
can quantify how decisions shape action execution or learning [184,204}205].

Recognizing that behavior unfolds as trajectories through state space rather than iso-
lated points, recent work has extended these approaches to incorporate dynamics. Gaussian
Process Factor Analysis (GPFA), Variational Latent Gaussian Process (vLGP) models, and
recurrent switching linear dynamical systems (rSLDS) capture smooth temporal dynamics
while identifying low-dimensional structure [206-208|. These dynamic models reveal how
behavioral states transition between one another and how these transitions are influenced
by neural activity.

The integration of dimensionality reduction with reinforcement learning frameworks fur-
ther illuminates how animals acquire and execute decision policies. By mapping policy
representations onto behavioral manifolds, researchers can visualize how learning reshapes
the landscape of possible actions and identify how specific behavioral features are selected
to maximize reward [209]. This approach reveals not just what animals do, but how their
behavioral repertoire is structured and optimized through experience.

These computational approaches to behavioral analysis are transforming neuroscience by
providing quantitative frameworks that connect neural activity, task variables, and behavior
across multiple timescales and levels of organization. By revealing the low-dimensional struc-
ture underlying complex behavioral patterns, they enable more precise investigations of the
neural mechanisms that generate adaptive behavior, ultimately advancing our understanding
of the biological basis of decision making.

4.4 Mechanistic Interpretation of Decision Process
with Cognitive Modeling

Once we have a firm understanding of how certain aspects of tasks affect decisions, we can
develop more formal views of decisions. Is the brain simply optimizing for reward? Are biases
and, if so, how do they develop from experience? How do we mathematically formulate these
claims?

Here we use the 2ABT task described in Chapter 2 as an example and formalize the
decision problem facing animals as follows. At trial ¢, the animal makes a choice ¢; € {—1,1}
and then observes a reward r; € {0,1}. By convention, we take ¢; = —1 to denote the left
port, and ¢; = 1 to denote the right port. The reward probability depends on the chosen
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action and the hidden state z; € {—1,1}:

-
Plry=1lc,z) =" T4~ (4.8)
p2 if e # %

where p; is the probability of reward for a correct choice, which equals 0.75 during the full
task, and ps is the probability of reward for an incorrect choice, which is technically 0 but
which we set to 0.0001 to allow for model misspecification. The hidden state changes on
each trial with probability ¢ = P(z # 2z;-1).

We assume a common functional form for the choice policy across models:

Pt =1)=0(BD; + ¢ci—1) (4.9)

where o(z) = 1/(1+ e %), Dy = Q:(1) — Q¢(—1) is the value difference, § > 0 is an inverse
temperature parameter, ¢ > 0 is a stickiness (choice perseveration) parameter, and Q;(c) is
the value assigned to choice ¢ at time ¢. The stickiness component captures the tendency to
repeat choices independent of the reward history.

We can then compare a series of models which make different assumptions about how the
values are updated based on experience. In my thesis work, I compared variations of eight
model classes with different cognitive mechanisms to be more comprehensive. First, RL4p
provided a baseline model with simple reinforcement learning updating, which updates the
value expectations of choices iteratively. I also included models that expanded on the simple
RL framework and equipped it with additional mechanisms like counterfactuals (RLCF)
[8], dynamic learning rate updates (PearceHall) [102], and forgetting (RLFQ, RFLR) [90].
Finally, T included the formulation for the Bayesian inference model, as well as a hybrid
model combining RL and Bayesian inference (BRL).

e RL4p is a standard RL model that updates Q-values according to a delta rule, with
separate learning rates for positive (a™) and negative (a~) reward prediction error

(RPE):
AQt(Ct) = Oétét (410)
+ 3 >
o= 1% H0=z0 (4.11)
a- if (St <0

where §; = r, — Q4(¢;) is the RPE.

e RLCF is an elaboration of the RL4p model that uses “counterfactual” updates [8].
Whereas RL4p only updates the chosen action value, RLCF additionally updates the
unchosen action value in the opposite direction:

AQi(—c) = by (4.12)

where —¢; is the unchosen action and & = 1 — r, — Q:(—c;) is the counterfactual RPE.
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e BRL (belief state reinforcement learning) is an RL algorithm that computes the values
as a linear function of the belief state b,(z) = P(2; = z|c1.4-1,71.4-1), the posterior
probability over the hidden state given the choice and reward history (the belief state
update will be described further below):

Qi(cr) = wiby(cr) + wabi(—cr), (4.13)

where w; and ws are learnable weights. Intuitively, the action value Q; for a given
action ¢; is composed of two terms: the first term captures the reward weighted by
probability when the animal is correct (z; = ¢;), and the second term captures the
reward weighted by probability when the animal is incorrect (z; = —¢;). If the animal
has perfectly learned the task, the weights should be dictated by the ground truth
reward probabilities, w; = p; and wy = ps. We formalize a model of learning based
on gradient descent, which allows the animal to approximate task rewards without
knowing ground truth:

Awl = CY(Stbt(Ct) (414)
Awy = adibi(—cy), (4.15)

where « is a learning rate. We considered two versions of the model. The weights
were initialized to w; = p; and we = py (note that choosing other initial conditions
had relatively little effect on model fits). Note that the weights can be interpreted
as representing the Q-values of correct actions conditioned on the belief, with their
update rule a confidence-weighted RL update (see e.g., [210]), hence the name BRL.
We also considered a restricted version of the model (BRLfwr) where we fix wy = po,
which we found to perform just as well as the unrestricted version, so we focused on
the restricted version in the main results. Belief state updating followed Bayes’ rule,
with P(z|Z) denoting the transition probability of the hidden state from Z to z:

bia(z) o Y P(zl2)b(2)P(rie, 2) (4.16)

ze{-1,1}

We assume that the belief state is initialized to b1(z) = 0.5. Also we parameterize
q = P(z # Z|2) as the transition probability parameter of the model.

e BIfp (Bayesian inference with fixed parameters) makes use of the same belief state
as the BRL models, but where there is no updating of the weights. Essentially, D; =
2b(1) — 1. This is equivalent to w; = p; and wy = po for BRL. Interestingly, the best
fitted parameter for « in the unrestricted BRL version (BRLfw) above was zero for
most subjects, establishing an equivalence, under this 2ABT task, between Blfp and
and BRLfw.

e RFLR (recursively formulated logistic regression; [90]) is a form of RL that is mathe-
matically equivalent to a form of logistic regression. RFLR updates the value difference
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variable according to:
Dt+1 = 6_%Dt + QTCy, (417)

where 7 is a timescale parameter governing the exponential decay rate of the values.
Notably, we removed the non-negativity constraint on ¢ and fixed § = 1 in equation
for RFLR specifically, as it is consistent with the definition in [90] and yields slightly
better performance.

e RLFQ3p (reinforcement learning model with forgetting, totaling 3 parameters) is a
popular RL-based framework to model the forgetting, or Q value decay, of the non-
chosen options. The formulation is similar to standard reinforcement learning model.
However, Q value of the unchosen option decays as Q¢(—c¢;) = (Qy_1(—¢;). For model
simplicity, we take ( = ‘ﬁ% Interestingly, the forgetting parameter  captures stick-
iness effect of past chosen options, as one could show their mathematical equivalence.
Consequently, the RLFQ3p model we used here has low model complexity with only 3
parameters 3, o™, a”.

e RL _meta (reinforcement learning model with "meta learning” [91] adopts a similar
general framework as RL model with forgetting (¢ is the forgetting parameter), but
adapts the learning rate parameter by unexpected uncertainty v (the rate of this adap-
tion is controlled via ). In other words, o~ varies, subjected to non-negativity, as a
function of how surprising recent outcomes were:

_ s
ap =% o =20 (4.18)
Y(w(t) +ag)+ (1 —¢)(a,_,) otherwise
Vy = |5t| — W1 (419)
Wy = Wy + Q1 (4.20)

Moreover, expected uncertainty variable w, initialized from 0, further mediates the
update of Q values as following, on top of learning rate adaptations:

Qt(ct) + Oé+6t if 515 Z 0

4.21
Qi(ct) + a5 0;  otherwise ( )

Qri1(ct) = {

e PearceHall (Pearce Hall model) is one of the most established reinforcement learning
model with dynamic learning mechanism [102]. It adopts a similar general framework
as RL model with forgetting (¢ is the forgetting parameter), but adapts a dynamic
learning component «, with a adjustment rate . Intuitively, «, functions as a running
estimate of magnitude of RPEs. Formally, we have:

5 = Ry — Qulcr) (4.22)
Qy, = Oy + ¢(|5t’ - Oé,,) (42?))
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And Q values are estimated as follows, combining both dynamic learning, as well as

forgetting:
| Quer) + aatd, if 6, >0
Quaale) = {Qt(ct) + a,a; 6y  otherwise (4.24)
Qri1(—ct) = Qo + C(Qr(—ct) — Qo) (4.95)

Model Comparison and identification

From the Q values, one can readily compute the decision likelihood and fit them to empirical
data. Then we can aggregate the likelihood and estimate the best fitted model parameters
by using maximum likelihood estimation (MLE) procedure. After obtaining the estimated
parameters, there are three key considerations for arbitrating between model parameter re-
covery, model identificability test, and model comparison. [211] provided a detailed discussion
on this topic.

Model parameter recovery is useful to assess that whether the model fitting procedures
can effectively estimate the ground truth parameters. We can calculate them with the
following procedures:

1. With the estimate parameters across different subjects, we can construct an empirical
range of parameters D

2. For each model, we can simulate behavioral data from randomly sampled model pa-
rameters within the empirical ranges D obtained above

3. Then we can refit the model to the simulated data to obtain the model-fitted parame-
ters.

4. For each simulated experiment we can calculate the difference between ground truth
parameter and fitted parameters, and then aggregate the errors. Parameter recov-
ery can then be evaluated based on the aggregated errors and be used to inform the
interpretability of the model parameters.

The model identification tests go through three stages: model behavior simulation, model
cross-fitting, and confusion matrix construction. We denote our total model set as M.

1. Model behavior simulation: Similar to the previous section, sampling randomly
from the empirical range of parameters constructed from the mice data fitting, we
simulated behavioral data Dy (m;) for 1000 times for each model m; € M, where k
indexes simulation runs.

2. Model cross-fitting: For each simulated data set Dy (m;), we fit each m; € M, and
get a best fitting model mj},|Di(m;) based on lowest AIC measure.
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3. Confusion matrix: For all 1000 sessions, we can compute an empirical probability
that the model m; best fits to D(m;), or P(m;|m;). Then we construct a confusion
matrix from P(m;|m;), Ym;, m; € M, where each element at row ¢, column j represent
P(mjmy).

To arbitrate and compare model fitness to the experimental data, we can perform model
comparison by computing information criterion measures. These measures model fitness by
considering both the model log likelihood as well as the model complexity. Here we discuss
the equations for some common example measures: the Akaike Information Criterion (AIC),
Bayeian Information Criterion (BIC), or Watanabe-Akaike Information Criterion for each
model M; [212,[213].

AIC =2k — 2 (In P(c,|0, M), (4.26)
t
BIC = klnn—2) InP(cld, M), (4.27)
t
1
Ippd(y, ©) = ) _log 5 > pyi | ©,) (4.28)
WAIC(y,©) = =2 | lppd — ZV&I‘@ log p(y; | 0) (4.29)

[\

~
penalty term

where P(c;|0, M;) is the likelihood of the data ¢, conditional on the maximum likelihood
estimate (é) These IC scores can be used to compare model fitness, where more negative
scores indicate that a model explains the data better.

Cognitive modeling allows us to form mechanistic hypotheses and interpretation of the
behavioral and neural data, and could share insights into the complex computational algo-
rithm that the brain may employ during decision making.

4.5 Explaining Neural Representations of Behavioral
and Decision Variables with Functional
Regressions

Once we have a firm grasp of factors that affect decision making, we can start to address
how these factors are represented in brain circuitry.
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General Linear Models (GLMs) for Neural Data Analysis

To relate neural activity to behavioral variables, we could first employed conventional General
Linear Models (GLMs) with temporal lags. There temporal lags allow us to capture lasting
representations of specific behavioral variables in neural activity.

y(t) =Y Bi(n)a(t—7) + e

where z;s representated individual behavioral covariates, like keypoints, offer values, past
trial outcomes, etc. These models allowed us to identify the main effects of task variables and
their temporal effects on neural activity and to test for interactions between these variables.

Functional GLMs for Temporal Dynamics

A key limitation of conventional GLMs with temporal lags is the increasing model complex-
ity as we increase the length of the temporal window. Since neural signals often exhibit
complex temporal patterns in response to behavioral events, with different predictors po-
tentially influencing the signal over different timescales, it is useful to adopt a parsimonious
representation of these regressive relationship by taking advantage of the temporal depen-
dency structure in the data. Seminal work in computational neuroscience like [214},215] have
introduced the usages of cosine spline basis or other basis functions to address this prob-
lem. However, without proper regularization, the regression problem may still encounter
identifiability issue or generate unstable temporal predictions, especially under low-sample
settings.

To address this, we could adopt methodologies from Functional Data Analysis (FDA).
FDA provides a series of analysis methods that deals with functions or curves, with the
assumptions that the empirically observed time series data have underlying “smooth” func-
tions [216{219]. Here smoothness is commonly defined as the integral (or sum for discrete
systems) of the squared second order derivative. Now, if the function is more wiggly with
rapid changes in magnitudes, it would have higher rate of changes in the first order derivatives
and therefore higher (2.

Q(p) = ( / LA(t)Pdb) (4.30)

One of the simpliest formulation of the functional regression is functional scalar regres-
sion, which we could use to measure how a target variable, like dopamine level m seconds
after the animal hears obtains a reward, changes as a function of past history or time.
Functional scalar regression models the time series data as follows, while solving a PENSSE
problem described below:
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w=at [ st (4.31)

2
PENSSE,\(8) = Z (yl- —a— /xi(t)ﬁ(t)dt> + /\(/[Lﬁ(t)]2dt) (4.32)
This framework can also be readily extended with mixed effect methods to model trial-
by-trial variability of neural data while accounting for subject-level variations [220].
However, this paradigm can be particularly limiting if we wish to model more complex
temporal dependencies between neural signals and other continuous covariates, like func-
tional connectivity effect from other neurons to target neuron. [221] proposed Functional

Convolutional Models (FCMs) that model the neural response as a convolution of predictor
time series with response kernels [221],222]:

y(t) = o + Z > hy(r) @it — 1) + 2(t) + €() (4.33)

where:

y(t) is the neural signal at time ¢

e (v is a constant offset

hi(
i(

J

7) is the response kernel for predictor j at lag 7

t — 7) is the value of predictor j at time ¢ — 7

°
8

e 2(t) represents slow drift components
e ¢(t) is the residual error

The response kernels h;(t — 7) can often be approximated with basis functions like B-
splines [216] to ensure smoothness and computational tractability as h;(7) =Y, B - Bi(7),
where B;(7) are B-spline basis functions and f3;; are coefficients to be estimated.

With these flexible functional models, we would be able to identify effects of neural
responses to different behavioral and neural events at different time scales, while maintaining
a parsimonious model and generate stable predictions.

4.6 Chapter Summary

This chapter describes a wide range of computational methods commonly used to study
decision making in the brain, from classial statistical models like GLMs, mechanistic models
like Bayesian inference RLs, to manifold methods and functional regressions. As the neuro-
science community collects neural recordings with higher density and temporal resolution,
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these methods will allow us to unravel more mysteries regarding the computational processes
underlying the brain’s decision making processes.
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Chapter 5

Conclusion

The classic actor-critic framework has provided a foundational understanding of how the
brain implements reinforcement learning for decision making [3]. However, as detailed
throughout this thesis, growing experimental evidence revealed that biological implemen-
tations of decision making involve further circuit and computational complexity that extend
well beyond this traditional framework. Rather than employing a temporal difference learn-
ing based critic system, the brain utilizes Bayesian inference for state estimation and credit
assignment. Moreover, instead of adopting a cost-benefit symmetric policy updating mecha-
nism in the actor system, the bihemispheric SPNs in the striatum exhibit distinct opponency
patterns that differ between cost-driven and benefit-driven decisions during action selection.
This work demonstrates that while the core insight of separating value estimation from action
selection remains valid, the specific computational and neural mechanisms underlying each
component require substantial refinement to capture the full richness of biological decision
making.

Experimental evidence demonstrating that dopamine reflects reward prediction error [4]
and parallel processing across dorsal and ventral striatum performing distinct functions [5]
has firmly established reinforcement learning as a viable biological learning paradigm. To
date, a growing number of studies of the basal ganglia have found evidence of inference-
based signals in both dorsal and ventral pathways [9.71,75-77]. In Chapter 2, we integrated
reinforcement learning and Bayesian inference to propose a framework for biological learning
and decision making that matches better with the experimental data, where the brain uses
Bayesian inference to perform state inference and uses dopamine to guide value updating and
reward predictions. Our experimental and computational work demonstrated that dopamine
release in the nucleus accumbens provides evidence consistent with cognitive models that
combine Bayesian inference and reinforcement learning |71.|78].

The dorsal striatum has long been considered the site of the actor component for action
selection [39]. Classic evidence suggests that lateralized movement requires an increase in the
activity of the striatal hemisphere contralateral to an orienting action [39]. More recently,
it has been appreciated that an increase in unilateral dSPN activity is paralleled by an
increase in iSPN activity in the same contralateral hemisphere [52]. There is also evidence
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that this concurrent iSPN activity may serve to suppress undesired actions [46,52]. This
model has been very successful for 2AFC and Go/No-Go tasks but it was unclear how it
should apply to serial choice tasks where responses to costs drive active rejection, not freezing
and stopping. In Chapter 3, we demonstrated in a serial decision making task that the two
hemispheres in dorsomedial striatum exhibit distinct opponency patterns when costs drive
mice to turn to either reject or accept a choice option. The difference in opponency we
observed was striking because it was asymmetric. In the classic model, we would predict
that a contralateral activity bias would be present for both accept and reject choices, making
both left-reject and right-accept choices symmetric in a restaurant row. However, given that
the bihemispheric patterns for these two kinds of choices were not symmetric, it implies that
cost and benefit processing in striatum may incorporate distinct circuit mechanisms, where
cost encoding requires ipsilateral inhibition, or a “pull”, while benefit encoding requires a
contralateral increase in striatal activities, or a “push”. This finding suggests that the neural
actor model should be further explored for the possibility of distinct circuit mechanisms
involved in cost and benefit processing.

Collectively, this work demonstrates that the brain’s implementation of decision-making
extends far beyond the classical actor-critic framework, incorporating sophisticated Bayesian
inference mechanisms in the “critic” and asymmetric lateralized cost/benefit specialization
in the “actor”. By revealing these computational and circuit-level refinements, we move
closer to a complete understanding of how biological systems achieve adaptive behavior in
complex, uncertain environments. The integration of advanced experimental techniques with
principled computational modeling offers a roadmap for future investigations into the neural
basis of decision-making, allowing not only deeper insights into normal brain function but
also new approaches to understanding and treating various disorders like addiction. As
we continue to unravel the intricate neural computations underlying adaptive behavior, the
integration of computational tools into complex brain systems will undoubtedly yield critical
insights into the neural circuitry, and provide useful insights for advancement in artificial
intelligence.
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