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Abstract

The neural mechanism of action-selection is often modelled as a combination of

goal-directed learning and habitual movements. Impairments in the function and

interplayof theseprocesses are associatedwith theaetiologyofmanyneural pathologies.

Until recently, a fundamental discrepancy existed in the definition of habits between

experimental and computational models.

Experimentally, habits are defined as the reward-independent, stimulus-response

relationships which form when an action is regularly executed in the same context,

regardless of outcome. In contrast, computational models largely represent habits

through model-free algorithms reliant on reward prediction errors.

This thesis expands upon proposals by Miller et al.1 and Bogacz2 which resolve this

inconsistency through dopaminergic action prediction errors, rather than reward.

Specifically, we extend their work to test for the existence of such signals in neural and

behavioural data. To this aim, two novel computational models are developed and

then compared in their ability to replicate the associated data against the gold-standard

reward prediction error equivalents.

This thesis first focusses on dopaminergic signals across continuous time. We

begin by outlining our ‘temporal-difference action learning’ algorithm, which uses

biologically-plausible mechanisms to determine how dynamic changes in action

intensity influence the resultant prediction errors across near-continuous time. We then

demonstrate that dopaminergic data collected by Greenstreet et al.3 from the tail of the
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striatum is better represented by action prediction errors than reward.

The later chapters explore the detection of value-free habits under time-constrained

conditions in human behavioural data fromHardwick et al.4. This required the creation

of our ‘two-drift race diffusion model’ and corresponding analytical solutions since, to

our knowledge, no algorithms previously existed that included mid-trial drift changes

in multi-alternate forced choice paradigms. We finally establish that most participants’

behaviour was best described by stimulus-response relationships which evolved from

action prediction errors.

Overall, our results support the existence of value-free action prediction errors and

associated habitual behaviour in dopaminergic signals and human behavioural data.

This thesis also provides a proof-of-concept application of our novel models and

opens the avenue for future research to test their predictions more directly using data

specifically collected for this purpose.

Abstract Word Count: 346.
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1
Introduction

We have all experienced habits in our lives, and we often blame them when we make

unintended actions. Maybe you were driving to buy somemilk after work and, while you

were distracted thinking about your research or mentally drafting that urgent email, you

accidentally made a left-turn to go home rather than continuing on towards the shops.

While this is a common scenario in the real world, it can appear strange on reflection -

without any conscious control, your foot pressed the brake, your arms changed gears and

turned the steering wheel, and (hopefully) you’ll have even checked the mirrors. What is

it that causes such slips-in-action in our behaviour when we aren’t paying attention?

This is the question posed by researchers across many fields, including behavioural

psychology, neurobiology and computational neuroscience, when they interrogate the

nature of habits.

A key theory for how one action may be chosen over another proposes that the filtering

of potential action plans is done through a two-process system5 (Section 2.1). The

goal-directed system takes time and resources in order to analyse the current context,

the likely outcomes of all available choices, and make the choice that either maximises

the positive consequences or minimises the negative. Though this goal-directed system

is flexible and effective, the brain has thousands of choices to make every second and

insufficient resources to calculate the goals and outcomes for all of them. This is where

the habit process is useful, as it learns which choice is usually made in a given context

and copies previous actions, thus allowing for rapid decisions to be made with minimal

analysis. However, there can be dire consequences when habits go wrong.

1



2 1. Introduction

1.1 Habits and Neuropathologies

Maladaptive habits are associated with a wide range of medical disorders, either forming

a core part of the root aetiology or as side effects from medical treatment. For example,

habits are linked to compulsive drug seeking behaviours6, gambling addictions7, and

impulse control disorders (ICDs) associated with levodopa treatment for Parkinson’s

disease (PD)8,9. Our internal states are also strongly affected by habits - excessive

rumination in depressed patients is often conceptualised as a ‘mental habit’ and

modelled using a habit-goal framework10. Similar arguments are given for obsessive

compulsive disorders11 andmotor compulsivity in Tourette’s syndrome12.

Gaining a deeper insight into how these harmful habits form and become compulsive is

vital in helping patients manage and overcome their symptomatology.

Striatal dopamine has been particularly implicated in all of the above disorders and

has long been thought to play a role in habit formation7,9,11–14. Aligning the evidence

of dopamine’s role in habit strength with the mathematical models describing their

formation will likely play a key role in developing future treatments. But first, we need

to understand what habits actually are.

1.2 What Are Habits?

Until recently, the exact definition, and consequentmodelling, ofwhat constitutes a habit

has been inconsistent between the experimental and computational neuroscience fields.

In psychological and behavioural studies, where unconscious slips-in-action were

first established, habits are defined as the reward-insensitive stimulus-response (S-R)

behaviours15. These develop in extended instrumental conditioning experiments16,

during which animals repeatedly perform the same action in response to a stimulus until

this behaviour becomes automatic. This automaticity eventually leads to inflexibility -

when a choice is no longer optimal, habitual actions will take much longer to extinguish

than those which are still goal-directed16.
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In contrast to S-R theory, the computational neuroscience field often represents habits

withmodel-free reinforcement learning (RL) algorithms as an alternative tomodel-based

goal-directed choices17. While the latter produces anoptimal actionpolicyby learning the

state transitionswhich arise fromdifferent stimuli and actions18, the former simplyworks

to minimise the reward prediction error (RPE) by selecting choices with the maximum

expected value in response to a given stimuli. These fundamentally rely on a RPE, and so,

are reward-dependent.

To solve this disparity,Miller et al.1 andBogacz2 have separately suggested that prediction

errors (PEs) may instead be heterogeneous and that S-R associations could evolve

from an action prediction error (APE) triggered by the occurrence of non-habitual

actions. Specifically, Bogacz2 hypothesises that reward-insensitive habits learn from a

dopaminergic error signal encoded in a subset of basal ganglia (BG) neurons. However,

the two models proposed by these papers worked on a trial-by-trial basis and neither

developed amechanistic model for how such APEs could be produced and evolve within

a trial, nor directly related them to experimental data on the dopamine dynamics in the

BG.

1.3 Research Questions

In this thesis, I extend upon Miller et al.1 and Bogacz’s2 work and address four

complementary questions:

1. Can habit learning be generalised to continuous and scalar actions?

2. Can evidence of action prediction errors be found in striatal dopamine?

3. Can the process by which habits affect choices and reaction times be

mechanistically described?

4. Can the impact of habits in human behavioural data be quantified?

Each of these research questions is addressed in their own chapter, using two novel

computational models developed as part of this work.

Over the course of the next chapter, I provide an overview of the current literature and
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key models used in the computational neuroscience field. Specifically, I describe how

this two-process action selection theory arose, alongside the discovery of dopamine as

neurological correlate to thePE inRLalgorithmsand its role in learningand reward. Then,

I outline the classic mathematical models used to calculate both the likelihood of a given

action being selected and, in some cases, the timing of its execution. A particular focus is

placed on the proposal of heterogeneous prediction errors, in the form of APEs, andwhat

these models can teach us about the development of habits.

In Chapter 3, I present a biologically-plausible learning model which produces

predictions of expected (future) actions, based on prior experience. These actions can be

continuous and scalar; the model is able to predict when the action will occur, relative

to predictive cues, and it produces realistic APEs which abide by standard theories of

dopamine signalling.

I subsequently apply this learning model to experimental data in Chapter 4, in order to

compare the model APE dynamics to real dopaminergic data provided by Greenstreet et

al.3. In doing so, I show that these signals are consistently better described by anAPE than

they are by a RPE.

The third research question is addressed in Chapter 5 by my second computational

model. I have extended an RL-based evidence accumulation model (EAM) to create

an algorithm that applies both goal-directed and habitual values in a time-dependent

manner for multiple alternative choices within a trial. I also present a near-analytical

cost function, which allows us to efficiently predict the likelihood of a given choice being

made at a specific reaction time, based on the model’s previous experience.

In Chapter 6, I apply this EAMmodel to experimental human data from Hardwick et al.4

and show that (1) model and parameter recovery is possible usingmy novel cost function

and (2) the resulting parameters can provide insight into the inter-individual differences

in how humans rely on and apply habits.

Finally, in Chapter 7, I discuss in more depth the utility of these models in the wider

context of action-selection research and reflect on how potential combinations and

extensions of these two models could provide further insight into the existence of

value-free habits in the brain.
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This chapter provides an account of the relevant computational, behavioural and

neuroscientific experiments and discoveries which define the field of computational

habit research as it stands today.

Initially, three key topics are covered: how habits were discovered and defined, what

the relevant established models of action selection are, and why dopamine presents a

good neural correlate for these models. This knowledge is then used to highlight a key

discrepancy inhow these elements havebeen combined, present a recent proposalwhich

addresses this issue and discuss the current questions this thesis specifically focusses on.

5
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2.1 Defining Habits

In layman’s terms, habits are understood as the regular actions we make without

conscious intention. For example, we colloquially call automatic behaviours, such as

having a morning coffee or biting our nails, habits. Equally, a smoker might describe

reaching into their pocket for a new cigarette whenever they go outside as a ‘habit’ that

they have developed19.

The scientific definition is similar. It was established primarily using operant

conditioning experiments15 (Section 2.1.2). Specifically, habitual actions are defined as

those that result from a strong stimulus-response (S-R) relationship. In this section, the

meaning of this scientific definition of a habit is explored and the key behavioural and

neuroscientific experiments which developed this classification are summarised.

2.1.1 Two-process action selection hypothesis

When considering how an animal selects an action, one pervasive theory can be found

across psychological, behavioural, neuroscientific and computational fields, which states

that two parallel processes are involved in filtering between potential actions5.

The first, classically named the goal-directed pathway (or System 2), carefully analyses

which available choice will lead to the best outcome in the current context, whether

by maximising the positive or by minimising the negative consequences. This is often

referred to as an action-outcome (A-O) relationship20,21 - the animal understands the

correlationandpotential causationof action tooutcome. This analysis providesflexibility

to changing conditions but requires extra focus and attention22,23, inherently slowing the

decision process and creating a drain on limited cognitive resources24–26. Consequently,

the goal-directed system is unable to manage the thousands of actions and choices that

are made in every moment.

Instead, many of these are controlled by an alternative process, known as the habit

pathway (or System 1), which learns to repeat the actions that were previously taken in

a specific context. In contrast to A-O associations, these can be conceptualised as the
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internal understanding of the S-R contingency - when an agent always makes the same

choice in a given set of circumstances, an S-R relationship is established and calculating

potential outcomes becomes unnecessary. By definition, this pathway is less flexible to

changing circumstances but it is muchmore time- and resource-efficient24,27.

The key evidence for the existence of habits, the factors that influence their strength and

the likely candidates for their neural representation are summarised below.

2.1.2 Behavioural evidence

2.1.2.1 Operant conditioning

Habits were first defined through operant conditioning experiments (also called

instrumental conditioning or instrumental association tests). B.F. Skinner28,29 is often

attributed as one of the founders of this experimental paradigm, which explores an

animal’s understanding of a stimulus-response-outcome relationship and their ability

to learn the appropriate ‘operation’ under a given condition. Designed to explore

Thorndike’s Law of Effect30, these tests place an animal (often a rodent or pigeon) into

a box with access to a reinforcer and the ability to perform a trained action (such as lever

pressing, button pecking or nose-pokes).

The earliest versions of these experiments allowed the animal to freely perform the

trained action as often as it wished and imposed different latent rules for reinforcement.

The pattern and rate of action execution were then recorded and reported. The insights

provided by these studies regarding how the ‘schedule of reinforcement (SOR)’ affects

behaviour are discussed further below (Section 2.1.2.3). Later iterations would also

introduce a neutral cue (e.g., lights or a speaker) to explore the influence of discrete

predictive cues on the behaviours expressed.

Although precise details of the reinforcement type, schedule and stimulus presentation

vary across experiments, at their core, they explore an animal’s association of a reinforcer

with a neutral cue, which becomes a learnt, discriminative stimulus over training. Thus,

this research studies the impact of this association on the behaviour of, or ‘work’ done

by, the animal. Usually, habits are not measured during the learning phase of these
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experiments, instead S-R relationships are classically testedusing extinctionparadigms16.

2.1.2.2 Extinction

In the context of instrumental-association experiments, extinction refers to the reduction

(or total loss) of learnt behaviours in response to the discriminative stimulus when a

reinforcer is no longer received.

Extinction tests are classically applied after one of the following two manipulations.

The first reduces the motivational drive or perceived value of an outcome. This

‘devaluation’ experiment can be done through satiety (e.g., comparing behaviour pre-

and post-feeding in rats)31,32 or by aversive training external to the operant conditioning

context (e.g., creating an aversive reaction to a reinforcer by giving rodents lithium

chloride immediately after receiving said reinforcer)33,34. The latter process was

employedbyAdams andDickinson33 in the first experiment on rodent lever-pressing that

successfully distinguished A-O and S-R responses.

In contrast, rather than altering the outcome’s value, the second manipulation impacts

the A-O relationship directly by relaxing or completely removing the contingency

between responses and outcome (e.g., a lever-press no longer produces a reward,

reinforcers are given at random regardless of lever pressing, or reinforcers are only given

when a lever isn’t pressed).

Regardless of structure, these paradigms all test the strength of the animal’s association

between an executed action and the resulting outcome (i.e., the A-O relationship) by

studying how rapidly the animal ceases to perform the trained behaviour in response to

the learnt stimulus when it is no longer appropriate. The longer an animal’s behaviour is

resistant to extinction, the stronger the S-R contingency’s control over action selection,

relative to A-O.

It is worth noting that extinction is not the ‘unlearning’ of A-O relationships as once

thought, since the original acquired behaviour can rapidly be reinstated in the correct

context35,36. Rather, it seems that the animal instead learns that this relationship is no

longer applicable in its current environment37,38.
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2.1.2.3 Building strong habits

With the classification of habits as outcome-insensitive perseverative actions, attention

turned towards discovering which factors made them stronger or more likely to develop.

Early extinction experiments showed that resistance developswith extensive training and

repetition39 and overtraining is now considered to be an established method to develop

habits16.

As mentioned above, B.F. Skinner’s early work40,41 explored how the SOR could influence

habit formation. At their simplest, the conditions on responses required for an animal to

receive a reinforcer can be classed in two ways:

1. Ratio versus interval: The former requires a certain number of actions to

be completed before a reward is given (thus impacting the ratio of actions to

reinforcement directly), while the latter reinforces the first action completed after a

certain time interval, regardless of how many repeated actions were performed in

the interim.

2. Fixed versus variable: Scientists can also adapt the consistency of the conditions

for reinforcement. In a fixed condition, the rewarded ratio or interval remains

constant throughout testing, whereas a variable setting will introduce uncertainty

to the effort required or the delay during which acting is futile.

Initially explored in pigeon peck-rates, the combinations of these settings were found

to impact response rates differently29,41 as shown in Fig. 2.1. Fixed ratio (FR), variable

Figure 2.1: Schedules of Reinforcement.
A schematic representation of classical animal
behaviour in the four simple SOR, with
combinations of Ratio versus Interval and
Fixed versus Variable. Fixed intervals (FI)
produce a scalloping effect as responding
pauses following reinforcement40. All
other SORs create linear response rates,
with gradients dependent on the specific
requirements (such as FI1 versus FI5).
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ratio (VR) and variable interval (VI) conditions all produce linear peck rates which are

maintained between reinforcers.

In contrast, fixed interval (FI) schedules lead to a ‘scalloping’ pattern in the animals’

responses, such that pecks would cease immediately after reinforcement before slowly

ramping up as the end of the interval approached, indicating that the pigeons were

capable of measuring the interval duration and calculating the utility of actions relative

to the time of previous cues.

Moreover, studies have shown that these learnt patterns of behaviour also survive

extinction, as they will re-occur during reinstatement38.

It has since been established that resistance to extinction is more likely to arise under

interval schedules over ratio32,42 and in variable reinforcement conditions43. This remains

true even when the specific schedules are adapted to ensure a similar number of actions

or reinforcements occur across all conditions. Though extended training is still required

to produce these habits, overtraining alone cannot account for this effect of schedule.

Two key hypotheses have developed to explain these patterns of behaviour.

Dickinson44 proposed that the key factor influencing habit formation was the ‘response

rate - reward rate’ correlation. The rate atwhich rewards are given has long been assumed

to directly influence response frequency45. Dickinson argued that VR schedules have a

high correlation between reward probability and the number of actions made - themore

actions an animal makes, the more likely it is to receive a reward. In contrast, there is

little to no correlation for VI schedules - a single action is enough to access the reinforcer

and interim actions are superfluous.

Thus, Dickinson proposed that habits result from a reduced reliance on the

behaviour-reward (or A-O) correlation and that this weakened relationship is inherent

to, and so rapidly learnt during, VI and FI schedules.

An alternative argument posits that it is the A-O contiguity, rather than rate correlation,

which is relevant to habit formation. When comparing FI and VI schedules, DeRusso

et al.43 determined that, when action-reward correlation is held constant between

conditions, the reduced A-O contiguity in the VI setting produces an increased



2. Background 11

uncertainty regarding the timing of reward. They cited this as the causal factor for

resistance to extinction.

DeRusso et al.’s results were replicated by Garr et al.46, who performed a series of

experiments to explore the influence of correlation, contiguity and reward density

on habit expression. Their results favoured DeRusso et al.’s ‘temporal uncertainty’

hypothesis over Dickinson’s44 rate correlation proposal.

Interestingly, uncertainty has also been applied by many computational models when

calculating the balance between goal-directed and habitual pathways47,48. In these

proposals, each system has a measure of its own ‘certainty’, which determines its

relative contribution to the action selection process. However, there is a discrepancy in

the definition of ‘uncertainty’ between the experimental and computational proposals.

Where DeRusso et al.43 refers to the uncertainty in reward timing following an action,

these computational models consider the expected likelihood of a reward when a choice

has been made.

This difference can more clearly be seen in a fixed-trial context, where provision of a

reinforcer can be probabilistic. The previously discussed studies measured free operant

behaviour, whereby an animal learns that a new reinforcer is available (the ‘trial’ has

restarted) when the previous reward is received. By definition, this means that every trial

must be reinforced, and uncertainty in reward probability (or outcome uncertainty) is

low.

This reinforcement constraint can be loosened by providing an external indicator that

a trial has ended, which thus allows for the reward probability to be adapted between

trials. For example, in a FI task, an external cue informs the animal that it has acted

after the required delay and that a new interval has started, without any reinforcer being

applied. Thrailkill et al.49 used such a task in twoVI conditions, with either a deterministic

or probabilistic reward scheme. By controlling for A-O contiguity (DeRusso et al.’s43

temporal uncertainty) betweenconditions, Thrailkill et al.49 showed that habit expression

was promoted under the deterministic, low outcome-uncertainty condition. This aligns

with the theoretical understanding of the habitual processes acting as a low-resource
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system that can be applied when the environment is predictable.

Further, uncertain contexts are stressful for animals and stress itself has a bearing on

habit strength. For example, injection of anxiogenic drugs biases rats towards habitual

memory systems50 and Dias-Ferrera et al.51 showed that when animals are chronically

stressed, they are more likely to develop resistance to extinction earlier and for longer.

It is well-established that stress reduces the amount of cognitive resources available, so

reliance on efficient S-R relationships may be an effective coping strategy27,52.

2.1.3 Neuroscientific evidence

One fundamental drawback in the behavioural studies of habit formation is that the

evidence for goal-directed and habitual control are inextricably linked - resistance to

extinction could result from either reduced cognitive control or from stronger habits.

These experiments can only test their relative strengths. Neuroscientific studies are

differently constrained, thus allowing these two processes to be disentangled to a greater

degree.

Most of the initial research to establish the existence and neural location of habits

was performed through lesion studies15,53–56. Specifically, this work determined the

disassociation between action learning and action perseverance, while linking these

choices to the BG and dorsal striatum (DS).

2.1.3.1 Anatomy of the basal ganglia

The impact of lesion studies is better understood when we know precisely what has

been damaged, functionally and structurally. So, this section outlines the anatomy of

the BG without describing how this knowledge arose57. The overall arrangement and

relationships are schematised in Fig. 2.2. Although most of these anatomical findings

apply specifically to rodents, this region’s homology is strong across mammals and the

rodent striatum has a medial-lateral connectivity gradient which largely mirrors the

primate caudate-putamen separation58.

The BG is composed of a series of subcortical midbrain nuclei classically associated with
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reward learning andmotor control.

The largest of these nuclei, the striatum, can be further subdivided into the nucleus

accumbens (NAcc), or ventral striatum (VS), and the caudate and putamen (which

together make up the DS). The striatum receives projections from several regions,

including the majority of the neocortex59, the thalamus and dopaminergic projections

from the brainstem.

The efferent nuclei, the globus pallidus internus (GPi) and the substantia nigra pars

reticulata (SNr), primarily project to the thalamus and are functionally associated with

the ‘release’ of movement inhibition60. Only their wider function in action control and

related connectivity are presented here.

Finally, the intrinsic nuclei include the substantia nigra pars compacta (SNc), the ventral

tegmental area (VTA), the subthalamic nucleus (STN) and the globus pallidus externus

(GPe). Two of these nuclei, the SNc and the VTA, are of particular interest here as they are

the source of dopaminergic signalling in the BG.

The ventromedial to dorsolateral topography of the striatum is maintained throughout

the BG.

Figure 2.2: Basal Ganglia Anatomy,
Simplified.
Outline of basic BG nuclei and connections.
Relevant cortical regions send excitatory
signals to the striatal subcomponents - the
NAcc, caudate and putamen (purple). The
strength of these connections is modulated by
dopamine from the VTA and SNc (pink).
The signals propagate through the intrinsic
nuclei to reach the GPi-SNr complex
(dark blue), which (dis-)inhibits thalamic
projections back to the initial cortical regions.
The striatum also contains internal
microcircuits which project from the VS
to the DS.

The details of the internal BG processing are, of course, much more complicated

than a simple funnel from cortex to thalamus. They include their own parallel

microcircuits of direct, indirect and hyperdirect pathways57,61, serotonergic, cholinergic
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and noradrenergic signalling62, and interneuronal connectivity57,63. For this thesis, it

suffices to know that, as per Fig. 2.2, dopamine release in the striatum modulates the

dendritic synaptic connections between cortical projections and the GABA-ergic∗ spiny

projection neurons (SPNs), which form roughly 90% of the striatum, and that the activity

of these SPNs in the DS promote action (dis)inhibition in the thalamus, via the STN, GPe

and the GPi/SNr. Section 2.2 provides more details on the role of dopamine.

The BG and cortex are connected in a series of ascending parallel corticostriatal

loops. Functionally-related cortical areas project to topographically similar segments

of the striatum, and the relevant thalamic regions regularly project back to the initial

cortices59,61, thus producing a closed loop. Although labelled as ‘parallel’, these loops

are not entirely segregated and information is exchanged between them. In particular,

the VS appears to feed-forward into the DS far more than the reverse64, which led to the

‘ascending spiral’ hypothesis of corticostriatal connectivity65.

Twocorticostriatal circuits are relevanthere59,61. Thefirst, often labelled the limbic circuit,

encompasses the VS, medial thalamus and medial prefrontal cortex (PFC). It receives

dopaminergic input from themesolimbic pathway (Section 2.2.1) and is thus influenced

by the amygdala and hippocampus. This corticostriatal loop is most often associated

with reward processing, following historical intracranial self-stimulation studies66 and

Schultz’s seminal work on VTA dopamine neurons67.

In contrast, the corticostriatal ‘motor’ circuit engages the DS and receives its projections

from the associative and sensorimotor regions of the cortex. The topographical

organisation of the cortical inputs is maintained at the striatal level, with the associative

cortical regions projecting medially, while the dorsolateral striatum (DLS) primarily

receives information from the sensorimotor cortex. The nigrostriatal dopamine pathway

(Section 2.2.1) also forms part of this circuit. As discussed inmore detail below, thismotor

circuit is also often functionally subdivided into the dorsomedial striatum (DMS) and

lateral DLS components of the DS.
∗GABA is a key inhibitory neurostransmitter.
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2.1.3.2 The neural basis of habits

The rest of this section provides an overview of the key experiments which aimed to

establish how habits are represented by the brain. Many brain regions play some role in

action selection and thus, the expressionof habits, such as the amygdala68,69, PFC, insular

cortex56,70 and the hippocampus71.

Here, a specific focus is given to a widely-accepted hypothesis; that (1) the DS is involved

inboth goal-directed andhabitual learning, aswell as action expression, and (2) these two

processes are encoded in structurally distinct regions. Commonly, the DMS is believed to

compute goal-directed relationships, while habits are proposed to exist in the DLS. This

striatal paradigm has received much previous habit modelling53,55,58,72 with an emphasis

on two-process action selection algorithms and has strong neural correlates with RL

models.

Given the outcome-insensitive nature of habits, it is worth noting that, when the VS is

added to this gradient, a theoretical argument can be made for a transitional pattern in

the BG from pure value to pure action encoding.

2.1.3.3 Animal studies

This overview begins by reporting results from three key experimental manipulations

performed in animals: striatal lesions, neuronal recordings and optogenetic

(de)activation.

Two entirely parallel neural processes should, in theory, be dissociable. More precisely, if

two functions are anatomically separate, then it should be possible to lesion one region

responsible for a given behaviour without impairing the other. This logic underlies

double-dissociation lesion studies and has been applied to the two-process action

selection hypothesis to great effect.

Among others, Yin et al.54 summarise a series of experiments they performed to compare

the impact of specific lesions within the DS. To begin, they trained rats under VR and

VI lever-pressing schedules. The rats had either undergone an excitotoxic lesion of the
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DMS or DLS, or were intact (controls). Yin et al. found that the DLS-ablated rodents

expresseda reduced resistance to extinction (weakerhabits) afterVI training - anSOR that

biases towards habit formation - for the control andDMS-lesioned animals. The opposite

effect was seen following DMS ablation under VR conditions, whereby habits formed

much sooner than for the other groups who remained sensitive to outcome-devaluation

throughout. These results are the quintessential double-dissociation effect; the

expression and formation of goal-directed action and habits are dependent on an intact

DMS and DLS, respectively.

Yin et al.54 found similar results for DMS lesions under a spatial maze task. In a 4-arm

maze, an animal can either turn towards the correct direction, regardless of start-point,

by understanding its relative location in a map of the world (a ‘place’ strategy, or A-O) or

it can consistently turn in the same direction when it reaches the junction (a ‘response’

strategy, or S-R). Once again, disruption of the DMS resulted in animals that relied solely

on ‘response’ strategies, suggesting an inability to apply A-O goal-directed knowledge to

behaviour.

Additionally, the DLS appears to access information independently of the DMS. Yin et

al.73 showed thatDMS-lesioned animals are still able to learn an instrumental association

task, while expressing habitual behaviours. This lends further support to the discrete

separation of the two processes, as the S-R associations do not appear to require prior

A-O knowledge.

Overall, these striatal lesion studies provided strong evidence of the two action-selection

processes being functionally separated between the DMS and DLS.

Neuronal recordings have also supported this hypothesis. For example, when an animal

approaches a goal, the DMS neurons fire sequentially in a spatially-selective manner74,

implying an association ofmotor action to desired outcome. Further, primate recordings

have found that the ‘associative caudate’ (DMS equivalent) neurons are activated more

extensively during early learning than the ‘sensorimotor’ (putamen, DLS equivalent)

region, which preferentially fires during established, more automatic, movements75.

Equally, other complementary experiments have extended onneural recording studies to
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directly manipulate the striatal activity via optogenetic inhibition/excitation76,77. Crego

et al.78 applied these methods to the DLS in a 4-arm maze task, where a left-turn was

always rewarded regardless of start point. DLSexcitationprior to andduring a trial caused

the rats to both run andmake a decision faster, while inhibition lead tomore deliberation

before a choice was made, suggesting that the automaticity and time-efficiency of

habitual actions was induced by DLS activity. When the outcome was devalued, this

inhibition effectwas even larger (rats ranmore slowly andweremore likely to quit the trial

early), implying that their behaviour skewed more heavily towards goal-directed actions

than in the control or excited conditions.

Taken in conjunction, these studies provide strong evidence for the existence of two

discrete action-selection processes, with goal-directed control requiring an intact DMS

and habitual control located within the DLS.

However, the precise mechanism through which these regions interact is still unclear.

Some have suggested that they work co-operatively and that the DMS gradually recruits

the DLS throughout learning14,79, while others propose that they are in constant

competition80.

Most likely, the answer lies between the two. In a healthy brain, the balance of control

early in training does weight towards the DMS, but, evolutionarily, our habits should

be aligned with our goals for the majority of the decisions we make. The competition

between the two likely arises from the limitations of the experimental methods used to

access the S-R behaviours in isolation.

Further, it is worth restating that regions other than the striatum are involved in these

action selection processes and compensatory mechanisms can be utilised. For example,

Whishaw et al.81 had previously performed a spatial task with similar results to Yin et

al.54. However, when their paradigm was extended to increasingly complex tasks, the

DMS-lesioned mice restored their goal-directed ‘place’ strategy. This concurs with the

view that, while the DMS is not necessary for A-O goal-directed behaviour, overcoming

its loss requires an active engagement of other regions.

As such neuronal manipulations, unsurprisingly, cannot be applied to the human brain,
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scientists have turned to neuroimaging studies instead to observe the mechanisms of

human habit formation.

2.1.3.4 Human habits

Animal models have been used to establish several key qualities of habitual learning

and behaviour. Unfortunately, determining whether these rules hold true for humans,

particularly in instrumental association studies, has not been as simple and is still at the

frontier of habit research today. To this aim, neuroscientific measurements have proven

promising.

DeWit et al.82 explored five experimental paradigms in order to investigate an established

failure to reproduce habits in humans using classical experimental approaches.

Specifically, they showed that humans were sensitive to outcome-devaluation in all five

studies, regardless of the time spent overtraining the task-associated action. Rather than

interpret this as evidence supporting an absence of human S-R behaviours, they instead

concluded that the paradigms previously used in animal studies were insufficient to

isolate habitual behaviours in humans.

As an alternative to complete extinction tests, experimentalists are much more likely

to find habits expressed as slips-of-action in humans. This definition assumes that

humans are usually capable of suppressing habits cognitively, and thus, expression of

habits comes through ‘slips’ in attention83,84, which occur at a greater rate when the

goal-directed system is taxed; for example, by contextual stress or increased cognitive

requirements.

In Chapter 6, we explore one such experiment by Hardwick et al.4, who employed

time-constrictions on human behaviour to increase the likelihood of an action-slip.

Recordings under fMRI have produced further promising evidence of a DMS-DLS

separation in action selection for human subjects. Guida et al.72 performed a

meta-analysis of 57 similar studies and concluded that the DLS homologue (dorsal

putamen), alongside other regions, was activated by both lab-learnt and everyday

expression of habits in humans. For example, Tricomi et al.85 found that fMRI recordings
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showed increased cue-related activity in the posterior putamen (equivalent to the rodent

DLS) as participants learnt a VI task. Further, these subjects developed resistance to

extinction with overtraining, which correlated with DLS activity. Notably, the DLS was

active even when habits were not expressed. Tricomi et al.85 interpreted this as evidence

that the habitual processes continued to occur, even when the expressed behaviour

was goal-directed, as one would expect from two parallel (and potentially competing)

systems.

Similar studies that focussed on goal-directed control have largely found more evidence

of an ‘action-drivenvalue signal’ in thePFCandorbitofrontal cortex, rather than theDMS,

implying a greater degree of ‘top-downcontrol’86,87, though the caudate has likewise been

implicated by some88,89.

Human habits also appear to be influenced by stress. Schwabe andWolf52,90 showed that,

relative to controls, cold-pressor stress prior to learning caused participants to be more

resistant to extinction andhave a reduced verbal understandingof theA-Ocontingencies.

In contrast, inducing stress post-learning but prior to the extinction test had no impact

on the explicit A-O knowledge, while still producing greater habitual behaviour. These

studies thus imply that stress affects habit expression beyond its influence on memory

formation. More recently, a similar experiment showed that stressed humans express

habits after relatively little training91.

In sum, the rodent DLS (and primate homologs) appears to play a key role in the

development and expression of habits as reward-insensitive S-R associations. Next,

we look to how habits (and goal-directed learning) could develop in these regions and

explore the role that dopamine plays in this process.

2.2 Dopamine and Reinforcement Learning

One of the greatest achievements of computational neuroscience has been the discovery

of striatal dopamine as a (potential) neural correlate of PEs in RL92. The next section

presents the neurobiology of dopamine, alongside a description of its role in (and
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historical associations with) both reward and movement, before relating its mechanism

of action to its proposed function as a PE. This thesis contributes to the vast field of work

exploring its function, where, in Chapter 4, dopamine data are directly compared with

predictions from the novel RL model presented in Chapter 3.

2.2.1 Dopaminergic neuroanatomy

Dopamine is a monoamine which acts as a neurotransmitter and neuromodulator

in specific brain regions. Two of the classic dopaminergic pathways, known as the

mesolimbic and nigrostriatal pathways, are relevant here.

The mesolimbic pathway, whose dopamine cells originate in the VTA and project to

the NAcc, alongside the PFC and amygdala93,94, has historically been associated with

reward and motivation, as part of the corticostriatal limbic circuit (Section 2.2.2). The

VTA receives afferent inputs frommany regions associatedwith emotion andmotivation,

including the NAcc, amygdala and lateral hypothalamus95.

The second network of interest to action selection is the nigrostriatal pathway93,94.

Neurons in this circuit originate in the SNc and project to the caudate and putamen.

Loss of these cells is associated with kinetic pathologies, such as PD94,96. On account of

the motor nature of these dysfunctions with the afferent signals from the somatosensory

and motor cortices, together with its bidirectional communication with the DS95, much

research has focussed on the role of nigrostriatal dopamine in movement and motor

control (Section 2.2.3).

The precise details of the connectivity between dopaminergic neurons and their targets

strongly determines our understanding of its function as a neurotransmitter. BG

dopamine neurons have vast arborisation and the projection of a single cell reaches

a large number of SPNs (some estimate several thousand)97. The consequences of

dopamine signalling is determined by the monoamine’s receptor.

Fivedopamine receptor classes are known, aptlynamedD1-D5, but themajority of striatal

researchhas focussedon twoG-protein coupled receptors,D1RandD2R,due to their high

concentration and opposing effects within the striatum94,98.
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Activation of D1R triggers a cellular cascade with three key outcomes99: neuronal

excitability is increased, gene expression is initiated and synaptic plasticity is promoted.

In contrast, D2Rs reduce neuronal excitability and are used as presynaptic auto-receptors

to regulate their own release of dopamine. D2R activation also inhibits release of

glutamate at the striatum, thus reducing the excitatory input100.

Finally, one region of the BG, the caudal tail of the striatum (TS), often excluded from

simplified models, is worth noting as we will return to it in Chapter 4. The afferent

dopaminergic signals to this region arise purely from the substantia nigra pars lateralis

(SNl) and show a wide range of reactivity beyond reward related properties101. Instead,

the TS has been linked to auditory association learning102, novelty103, and threats104. It is

also apotential neural site inwhich apureAPEmaybe found3, aswill be discussed further

in Chapter 4.

2.2.2 Reward and dopamine as a prediction error

For a long time, dopamine was considered to be ‘the reward chemical’. In 1954, Olds

and Milner66 showed that activation along the mesolimbic pathway (though the precise

neural circuit was only identified later) appeared to produce a subjectively hedonic

experience. Combining this observation with the dopaminergic mechanisms of drug

stimuli led to the ‘dopamine theory of reward’105.

In the following decades, it became increasingly apparent that, rather than encode the

rewarding experience itself, mesolimbic dopamine may instead represent a RL signal.

A seminal piece of work by Schultz et al.67 showed that primate dopamine neurons in

the VTA increased their firing upon reception of an unexpected reward and that during

conditioning this response would transfer to the arrival of a predictive cue. They further

demonstrated that firing was mildly depressed if an expected reward was not received.

This work was striking since it established a neural signal which held all of the qualities

required of a temporal PE, as proposed by Sutton and Barto106. Dopamine firing peaked

during unexpected outcomes, transferred to predictive cues over learning and was

depressed whenever an expected reward didn’t arrive. Section 2.3 discusses the impact
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of temporal PE algorithms on computational neuroscience further, but suffice to say for

now that this research was integral in furthering the field of neural RL.

Since then, research into the temporal properties of phasic dopamine have revealed

a large degree of heterogeneity107–109, with some neurons responding to novelty103 or

aversive signals110,111 and demonstrating adaptable sensitivities that may shift depending

on context112. Even within the clear RPE signals, the magnitude of dopamine response

is influenced by internal states, such as satiety113 or motivation114. Human fMRI studies

have also shown dissociable PEs within the VS115. Motor-related dopamine signals form

their own field of study and are discussed further in Section 2.2.3.

Several explanations, which are not mutually exclusive, have been proposed for this

heterogeneity. One hypothesis states that different dopamine signals report different

features of a reward, such as sucrose or water content, that may have different

motivational values depending on the animal’s state114,116. The aversive PE evidence has

led Uchida et al. to develop their ‘weal and woe’ theory of dopamine104 which supposes

that the TS learns when to expect threat-relevant outcomes.

Most relevant to this thesis, is the proposal that some dopamine signals may reflect an

APE2,3. Indeed, nigrostriatal dopamine has been associated with motor responses for

nearly as long as the reward-theory of mesolimbic dopamine has existed117.

2.2.3 Dopamine, movement and habits

In a parallel field of dopamine studies, the neuromodulator was associated with

movement initiation, motivation and vigour. This is perhaps not surprising, given

the existence of a nigrostriatal dopamine pathway that so strongly links sensorimotor

cortices with the DS, alongside the large body of evidence which suggests that dopamine

depletion leads to hypokinetic disorders. For example, degeneration of the SNc is

associated with parkinsonian symptoms in humans118 and rats treated with 6-OHDA

lesions will develop akinesias119. Further, the opposite also holds true as levodopa

treatment can induce dyskinesias120. Even as they were measuring dopaminergic RPEs,

Schultz et al. reported SNc activation at the initiation of arm-reaches in primates121.



2. Background 23

In the past 25 years, the concept of dopamine as a movement-related signal has gained

traction. Much of the early research regarding the relationship between dopamine and

movement looked tohowaltering themonoamine’s concentration influencedananimal’s

‘willingness to work’ and the vigour with which the action was carried out122–125.

One difficulty with these studies is the interpretation of the mechanism which selects

an action’s ‘vigour’. An increase in dopamine could induce hyperactivity126 because of a

direct influence onmotor selection, or instead, an animal’s motivationmay be impacted

by dopamine’s effect on reward expectation.

Different theorists disagree on theprincipal cause. Berke andHamid127,128 have argued for

a singular dopaminergic signal that incorporatesmotivation, effort and potential reward.

Underlying this proposal is the rationalisation that, since dopamine increases excitability

inSPNs, ahigh tonic concentrationwill result in a striatal network that ismuchmore likely

to initiate movement for a given input, as though the animal is more motivated to move

for the same potential reward.

In contrast, others have proposed that dorsal dopamine has direct influence on (and

from) movement kinematics. For example, SNc dopamine has been shown to express

signals related with velocity and direction, regardless of outcome129–131 and optogenetic

stimulation of those neurons was sufficient to induce movements129,130. These neurons

were distinct from those encoding reward and all projected to the DS130. Howe et al.130

specifically demonstrated that SNc dopamine release peaked with movement initiation,

was responsive to acceleration bouts during continuous locomotion and dipped when

the action terminated. Further, Azcorra et al.132 recently isolated a new genetic subtype

of dopamine neuron, anxa1+, which showed similar locomotive response patterns,

projected solely to the DLS and was completely reward insensitive. These results are

in accordance with previous demonstrations of action-on and action-off dopaminergic

neurons, whose activities are either up-modulated or down-modulated in response to

continuous actions133. Elsewhere, the execution of motor plans has also been found to

influence the expression of RPEs in theNAcc134 and to suppress nigrostriatal dopamine135

(for review, see Coddington and Dudman136).

Likewise, instrumental association tasks have uncovered a relationship between motor
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execution, learning anddorsal dopamine. At theDMS, dopamine appears tobenecessary

to update A-O contingencies137 and their axons respond specifically to contralateral cues

and rewarded actions138. Recordings in the DLS revealed signals linked to the initiation

and execution of task-specific movements139. Importantly, these studies show that DMS

and DLS dopamine is responsive to movement specifically when it is a learnt A-O or

S-R response, respectively, which lends further support to dopamine’s role in developing

these relationships and associated behaviours.

Beyond pure movements, habits and dopamine have been inextricably linked as a result

of research into ICDs and addiction. Long-term use of addictive drugs is believed to

produce compulsive habits6,140 - maladaptive S-R relationships taken to the extreme

whereby preventing action execution requires constant and active cognitive control.

The dopaminergic mechanism of action of these addictive drugs is regularly cited as a

causal factor, particularly with the finding that certain D2R genotypes are linked to an

increased risk of developing addiction during the early stages of drug-use141,142. However,

addiction is a complicated disease, with many co-morbidities and confounding external

and social factors. In contrast, ICDs, which have a similar pathology and apparent

aetiology, can develop from a direct and known cause - treatment with a dopamine

agonist8,143. Both disorders demonstrate maladaptive habit formation, associated with

an increase in dopamine concentration.

Direct rodent studies further support a connection between dopamine and habits, as

amphetamine promotes habit formation in rats144, dopamine-specific lesions in the DLS

removed the expression of learnt habits145,146 and knocking out glutamatergic input to

dopamine neurons prevented S-R learning entirely147.

Clearly, dopamine is strongly associated with short- and long-term changes in action

selection. The next section explores the mechanisms by which these effects may arise

within the striatum.
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2.2.4 Dopamine, synapses and Hebbian learning

As a neuromodulator, striatal dopamine’s main site of action is at the synapse. These

are points of (unidirectional) communication between two neurons, whereby the

pre-synaptic cell can either excite (and potentially induce action potentials in) or inhibit

the post-synaptic neuron. Influencing the strength of these connections, in either the

short- or long-term, is a vital form of neuroplasticity and learning in the brain.

Understanding how synapses are able to alter brain function and, thus, the underlying

requirements for neural learning to occur, is key when developing biologically-plausible

models. Classically, synapses are believed to update using Hebbian learning 148–150. First

proposed by Hebb, this theory is summarised by the well-known quote: "neurons which

fire together, wire together"149. In practice, when neurons on either side of the synapse

are regularly co-activated, long-term potentiation (LTP) occurs and the connection will

be strengthened in future, creating a completely local positive feedback loop.

The opposite can also hold true, such that when correlation between cell activities is low,

the synapse can undergo long-term depression (LTD) and the connection between the

two cells is weakened. The majority of the original research into these phenomena was

largely performed in the hippocampus using rabbit eyeblink conditioning tasks151. These

showed that regular co-activation of the perforant pathway and hippocampal granule

cells resulted in the removal of NMDA-receptor† magnesium blocks in the post-synaptic

cell, causing it to be more strongly impacted by pre-synaptic glutamate release. These

effects appear to be maintained in the longer term through post-synaptic structural

changes (e.g., increasing spine density and size) and an up-regulation in the number and

sensitivity of AMPA receptors†.

Beyond pre- and post-synaptic activity, striatal plasticity is influenced by a third factor,

dopamine, whose impact is so integral that corticostriatal synapses are also known

as the striatal tripartite synapse152. One effect of dopamine is to influence the SPN

excitability. SPN neurons can be in one of two states. During their ‘down-state’,
†NMDA and AMPA are two key receptors for glutamate, an excitatory neurotransmitter.
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membrane potassium channels are open and perpetually hold the neuron far from a

depolarised state. Conversely, while in the ‘up-state’ these ion channels close and the

neuron is partially depolarised, thus requiringmuch less excitement to induce spiking153.

Transition to this up-state is induced by sufficient glutamatergic signalling from the

cortex to overcome the transition threshold.

Dopamine affects these synapses via D1Rs to make the post-synaptic SPN more likely to

shift to anup-state and increase the probability of firing. D2Rs have the opposite effect154.

Combining neuron co-activations with the influence of dopamine at the synapse and

its apparent role as a PE produces a compelling story of striatal learning. When an

RPE is produced, the striatal concentration of dopamine increases, activating D1Rs. Any

post-synaptic cells receiving a glutamatergic input will be more likely to co-activate

and the synapse will be strengthened. For example, SPN dendritic spines grow in the

presence of dopamine during co-activation with the cortical presynaptic neuron155. In

computational terms (described further in Section 2.3), the positive PE increases the

weight of the cortical neuron’s influence on SPN activity.

Overall, dopamine is a diverse neuromodulatory hormone with wide-reaching effects

throughout our bodies.

2.3 Mathematical Models of Action Selection

The previous sections have presented the evidence underlying the neuropsychological

definition of habits and the development of the prediction error theory of dopamine.

In parallel and in conjunction with this work, computational and mathematical models

have been created to replicate neural circuits, produce testable predictions and advance

our understanding of how symptomsmay arise when these circuits gowrong. A subset of

the most influential mathematical models of action selection and the BG are outlined in

the next part of this chapter.
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2.3.1 Model-based or model-free?

RLmodels can be characterised in many ways, but one common classification separates

them as either model-based or model-free learning algorithms.

The former encompasses any algorithm that holds an internalmodel of the environment

and applies information about the current state and transition probabilities (e.g., Markov

decision processes) to calculate the consequences of an action156–158, whereasmodel-free

systems learn an estimated value and optimised policy through trial-and-error106,159 (for

review, see Huang et al.18).

Daw, Niv and Dayan17,47 argued that the dual-processes of action selection could

be mapped to these RL classes, such that goal-directed actions are model-based

while habitual learning is model-free. This proposal became near-ubiquitous in the

field of computational habits and instrumental associations in various hierarchical

formulations25,160–162, later expanding into Pavlovian learning163.

The justification for this is as follows. Goal-directed analysis requires anunderstanding of

both the current context and the influence of the agent’s actions on the state and future

consequences. Model-based RL is commonly associated with such situations, allowing

forward planning to occur before actions are undertaken. In contrast, model-free RL

simply recreates the antecedent actions which have historically provided the highest

average reward. The resulting inflexibility has led to a ‘habitual’ interpretation.

Imaging evidence aligns with this proposal, as it has been used to associate the putamen

with model-free value signals164 and link the VS with both model-based and model-free

values165. As a result, Daw later extended this dichotomy to include both model-based

andmodel-free representations of goal-directed learning166.

Much deliberation has been given to determining how the brain arbitrates between

model-based and model-free action selection, and to discovering correlative neural

signals.

A common proposal returns to a factor believed to arbitrate between goal-directed and

habitual choices - uncertainty47,164 (Section 2.1.2.3). More specifically, this refers to
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outcome-uncertainty, such that an arbiter is more likely to rely on efficient habits if

the outcome is consistent and exploitation of the environment is possible with minimal

forward planning.

Whether consciousor subconscious, control over this compromise is typically considered

to be ‘top-down’ - an individual cognitively determineswhether goal-directed calculation

is appropriate and, if so, which actions are available. Neural imaging supports this, as

activation of an ‘arbiter’ is often associated with (varying) regions of the PFC164,167.

Section 2.4.1 returns to the proposal of model-free habits to interrogate this assumption

further, highlight a key problem in the axioms that underlie this choice and discuss

an alternative definition. However, before analysing the applicability of this field-wide

assumption, a deeper comprehension of the classical model-free learning algorithms is

required.

2.3.2 Temporal-difference reinforcement learning

By definition, RL encompasses a class of learning models which minimise PEs to

improve future estimates of the measured outcome. Perhaps the best knownmodel-free

RL algorithm, particularly in the neuroscience field, is that of temporal-difference

reinforcement learning (TD-RL).

A full review of the maths underlying this theory is provided by Jensen158. It can be

summarised by Eq. 2.1 in which an estimate of the potential future value,𝑉 , is calculated

by collating all expected rewards, 𝑅 , multiplied by a discount factor, 𝛾 . This discount

factor introduces the assumption that immediate rewards are perceived to have more

value than delayed benefits, an effect which has been seen in numerous behavioural

studies168,169. The optimal state-value of 𝑉 is denoted by 𝑉 ∗ and is calculated using Eq.

2.1.

𝑉 (𝑡 )∗ = 𝐸
[ ∞∑︁
𝑘=1

𝛾𝑘−1𝑣 𝑅 (𝑡 + 𝑘 )
]

(2.1)

where: 𝑉 = expected future value,

𝛾𝑣 = value discount factor,
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𝑅 = reinforcement.

As RL is an entirely local form of learning, its update rule relies only on the current and

antecedent state. In brief, the RPE compares the reward received at the current timestep,

𝑡 , with the value it expected to receive between the current and previous timestep.

𝛿𝑉 (𝑡 ) = 𝑅 (𝑡 ) +𝛾𝑣𝑉 (𝑡 ) −𝑉 (𝑡 − 1) (2.2)

where: 𝛿𝑉 = reward prediction error.

However, before this RPE can be used to update the value estimate, 𝑉 , a solution to the

‘credit assignment problem’ is needed.

2.3.2.1 Credit assignment

To be effective and produce accurate descriptions, dopamine-based RL models that

work over continuous time must be able to determine which external events are salient

to the outcome experienced, a requirement otherwise known as the credit assignment

problem170. Specifically, these algorithms need to be capable of knowing which stimuli

have been experienced and how long ago they occurred.

The complete-serial-compound (CSC) TD-RL model67,171 provides one solution by

representing a stimulus, 𝑖 , as a series of ‘component’ vectors. Each timestepwhich occurs

during the presence of a stimulus has an associated binary vector, 𝑥𝑖 𝑗 , whose value is

set to 1 at 𝑡 = 𝑗 (as in Fig. 2.3D). These vector elements have their own weights, 𝑤𝑖 𝑗 ,

and it is these weights that update in each timestep, using the classic RL learning rule

(Eq. 2.3). The current value,𝑉 (𝑡 ), is then calculated as shown in Eq. 2.4 by summing the

stimuli-presence values, 𝑥𝑖 𝑗 , modified by their associated weight,𝑤𝑖 𝑗 .

𝑤𝑖 𝑗 (𝑡 + 1) = 𝑤𝑖 𝑗 (𝑡 ) + 𝛼𝑣𝛿𝑣𝑥𝑖 𝑗 (𝑡 ) (2.3)

𝑉 (𝑡 ) =
𝑛∑︁
𝑖=1

𝑡∑︁
𝑗=1

𝑤𝑖 𝑗 (𝑡 )𝑥𝑖 𝑗 (𝑡 ) (2.4)
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where: 𝑤 = stimulus weight,

𝑖 = stimulus,

𝑗 = stimulus component,

𝑥 = CSC vector,

𝛼𝑣 = learning rate,

𝑛 = total number of stimuli.

However, Eq. 2.3 is unable to replicate a key feature of the dopaminergic signal described

by Schultz67. Specifically, the PE slowly backpropagates across time (antecedent weights)

until it arrives at the earliest predictive stimulus (Fig. 2.3B). In contrast, the DA signal

Figure 2.3: Schematic Representation of TD-RLModels.
Schematic comparison of dopamine dynamics across learning with the PE produced by the CSC
TD-RL and TD(𝜆)-RL algorithms.
A: Dopamine dynamics from early to late in learning (top to bottom). Dopamine first responds
to unexpected rewards (US). This is slowly transferred to the initiation of a predictive cue (CS).
Eventually, dopamine firing only increases upon presentation of the CS.
B: CSC prediction error, 𝛿 , dynamics. Equivalent to A for early and late trials, but 𝛿 slowly
backpropagates across the interval (orange).
C: As B for TD(𝜆)-RL, with 𝛿 transferred directly to CS during learning (orange).
D: CSC representation of stimuli. Each timestep during CS presentation (green) is represented by
its own 𝑥𝑖 𝑗 vector.
E: (Top) TD(𝜆)-RL stimulus representation, a binary vector, 𝑥𝑖 , produced for both CS (green) and
US (blue) initiation. (Bottom) The associated eligibility traces produced for CS and US initiation.
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transfersdirectly to theCSpresentation. Thisdisparity canbe solved throughan eligibility

trace172,173.

2.3.2.2 Recordingmemory - 𝜆

Sutton and Barto172,174 adapted Eq. 2.3 in a model they named TD(𝜆)-RL. This algorithm

replaces the individual component representations, 𝑗 , with an eligibility trace, 𝜀𝑖 ,

that records the memory of previous states. The weights are then able to update

proportionally to the temporal interval since the associated discriminative stimulus

occurred.

In its simplest form, this is represented by an exponential decay function (Eq. 2.5) and an

adaptation of the previous update rule given by Eq. 2.3 (Eq. 2.6):

𝜀𝑖 (𝑡 + 1) = 𝜆𝜀𝑖 (𝑡 ) + 𝑥𝑖 (𝑡 ) (2.5)

𝑤𝑖 (𝑡 + 1) = 𝑤𝑖 (𝑡 ) + 𝛼𝑣𝛿𝑣 𝜀𝑖 (𝑡 ) (2.6)

where: 𝜆 = memory decay parameter,

𝜀 = eligibility trace.

In other words, the eligibility trace controls the duration for which a weight remains

plastic (i.e., can update) and decays at a rate of 𝜆. Note that if 𝜆 is set to 0, Eq. 2.3 and

Eq. 2.6 are equivalent for a given vector component, 𝑗 (where for TD(𝜆)-RL, 𝑗 is fixed to

1).

A larger𝜆 value (0 ≤ 𝜆 < 1) will hold thememory for longer, which results in the associated

weights learning faster and being able to associate stimuli and reinforcers over greater

intervals.

Then, as before, the total ‘value’,𝑉 , is calculated by summing the stimuli-presence values,

𝑥𝑖 , at the current timestep, modified by their associated weight (Eq. 2.7).

𝑉 (𝑡 ) =
𝑛∑︁
𝑖=1

𝑤𝑖 (𝑡 )𝑥𝑖 (𝑡 ) (2.7)
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Fig. 2.3C and 2.3E demonstrate how the eligibility trace offers an elegant solution to

the initial problem of backpropagation - now that the weights are specific to a given

stimulus, 𝑖 , (rather than its compound elements), credit can be assigned directly instead

of travelling through the interim.

In Chapter 3, wewill explore a biologically-plausible alternative to the decaying eligibility

trace which better replicates many features of the dopamine RPE signals175,176.

TD-RL, and extensions thereon, have been applied to neuroscientific models with

great success171,177–180. The next section investigates how the BG may employ these

mechanisms.

2.3.3 Modelling the basal ganglia

One of the earliest influential BG models that incorporates TD-RL is the actor-critic

model.

Alongside his PhD thesis in which TD-RL was first developed, Sutton collaborated

with Barto to propose an RL machine capable of solving a variety of tasks in an

unsupervised manner181,182. A few years later, Houk et al.183 explored how the BG could

employ such an actor-critic model to select actions most likely to result in valuable

consequences, by comparing different mathematical variables of the TD-RL RPE against

the pharmacokinetics of dopamine signals (for a review of the actor-critic model’s

development, see Joel et al.184).

In the actor-critic algorithm, a critic is proposed to compare the outcomes received to

those expected by the model in its current state, essentially calculating the potential

value,𝑉 (𝑠 ), of the environment. The actor receives the state information and the critic’s

assessmentof theenvironment andusesboth todirectlydetermine thepolicy,𝜋 (𝑎 |𝑠 ), that

is most likely to maximise the utility of the action executed. Variations and adaptations

of the actor-critic model have been proposed and are still employed to this day184–188.

However, the mapping onto BG anatomy is inconsistent between successive iterations.

The initial Houk et al.183 formulation did not separate the BG into the anatomical regions

described in Section 2.2.1. Rather, it defined the critic as the subset of ‘striosomal SPNs’
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which make up ∼5% of the SPN population and project to the VTA and SNc. The actor

encompassed the remaining ∼95% of thalamus-projecting ‘matrix SPNs’.

Later models have instead associated the critic with the ‘value-pure’ VS and the actor

with the ‘motor’ DS184,186,189. This latter definition arises from its similarity to our

understanding of the ventral-dorsal functional separation of the striatum and the

mesolimbic and nigrostriatal dopamine pathways discussed in Section 2.1.3.

The actor-critic algorithmcanbemathematically represented using simplifiedRLupdate

rules which only care for the immediate reward. For a given policy, 𝜋 , the critic and actor

are respectively described by Eq. 2.8 and Eq. 2.9.

𝑉 𝜋 (𝑠 , 𝑡 + 1) =𝑉 𝜋 (𝑠 , 𝑡 ) + 𝛼
(
𝑅 (𝑡 ) −𝑉 𝜋 (𝑠 , 𝑡 )

)
(2.8)

𝑄𝜋
𝑎 (𝑠 , 𝑡 + 1) = 𝑄𝜋

𝑎 (𝑠 , 𝑡 ) + 𝛼
(
𝑅 (𝑡 ) −𝑉 𝜋 (𝑠 , 𝑡 )

)
(2.9)

where: 𝑠 = state,

𝑎 = action,

𝑅 = reward,

𝜋 = policy,

𝑉 = expected value in state, 𝑠 ,

𝑄𝑎 = expected value for action, 𝑎 , in state, 𝑠 ,

𝛼 = learning rate,

𝑡 = trial.

A second category of BG models do not separate policy and value assessment, as the

actor-critic does, and instead develop the action-state relationships directly. These are

the ‘Q-learning’ models. First proposed by Watkins159, Q-learning algorithms learn a

single function,𝑄𝑎 (𝑠 ), which associates expected action-values to the states directly.

In Watkins’ algorithm, the complete PE includes the reward in the current state,

discounted by all rewards available in the next state if the optimal action is selected (Eq.

2.10):

𝑄𝑎 (𝑠 , 𝑡 ) = 𝑄𝑎 (𝑠 , 𝑡 ) + 𝛼
(
𝑅 (𝑡 + 1) +𝛾 max

𝑎
𝑄𝑎 (𝑠 , 𝑡 + 1) −𝑄𝑎 (𝑠 , 𝑡 )

)
(2.10)
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where: 𝛾 = discount factor,

𝑅 = reward.

Note that Eq. 2.10 can be extended to work over near continuous time by altering the

interpretation of 𝑡 from a trial to a timestep. This equation can also be adapted to work in

a model-free manner by changing the formulation of the RPE to use simplified terms (as

in Eq. 2.8 and Eq. 2.9) :

𝑄𝑎 (𝑠 , 𝑡 + 1) = 𝑄𝑎 (𝑠 , 𝑡 ) + 𝛼
(
𝑅 (𝑡 ) −𝑄𝑎 (𝑠 , 𝑡 )

)
(2.11)

An alternative update rule is provided by the State-Action-Reward-State-Action (SARSA)

model190, whichassumes that the agentwill continue to select the current action. Indoing

so, its learning rule is comparable to the value-based TD-RL (Eq. 2.2), now with the value

dependent on the action executed:

𝛿𝑄𝑎 (𝑠 , 𝑡 ) = 𝑅 (𝑡 ) +𝛾 𝑄𝑎 (𝑠 , 𝑡 ) −𝑄𝑎 (𝑠 , 𝑡 − 1) (2.12)

𝑄𝑎 (𝑠 , 𝑡 ) = 𝑄𝑎 (𝑠 , 𝑡 − 1) + 𝛼𝛿𝑄𝑎 (𝑠 , 𝑡 ) (2.13)

where: 𝛿𝑄𝑎 = reward prediction error, given action.

Q-learning, SARSA and the actor-critic algorithms are all model-free and, in their

earliest forms, did not consider the difference between habitual and goal-directed action

selection.

2.3.4 Making choices

The learning models discussed above are core algorithms used to calculate the expected

state/action-value. However, an RL agent also requires an ‘observationmodel’191 through

which it can select and execute an action.
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2.3.4.1 Softmax

Classically, Q-learning, SARSA and actor-critic algorithms work on a trial-by-trial basis

(Eq. 2.8 - 2.13), such that each update of the𝑄/𝑉 variable is immediately followed by the

occurrence of a new action.

Though it may appear beneficial to consistently select whichever action has the

highest expected value in all trials, this method is incapable of adapting to a changing

environment - the optimal decision cannot be determined without sampling the other

options. This is known as the ‘exploration-exploitation trade-off’192,193. Balancing these

two approaches can be resolved through observation functions that introduce a degree

of stochasticity. The softmax algorithm is one such application (Eq. 2.14).

𝑃 (𝑎 = 𝑐 |𝑠 , 𝑡 ) = 𝑒 𝛽𝑄𝑐∑︁
𝑗≠𝑐

𝑒 𝛽𝑄 𝑗

(2.14)

where: 𝛽 = inverse temperature parameter.

Observation functions allow for simulations of action selection to be performed, but also

aid in fitting parameters to real data, as will be explored in Chapters 4 and 6. The pattern

of choices made by participants in different environments, under experimental tasks or

across psychopathologies, have been analysed using these models to provide multiple

interpretations of their influences on action selection53,193–201.

2.3.4.2 Introducing reaction times

The choices we make are not the only variable affected by a dual-process action

selection method. Experimentalists can also measure a participant’s reaction time (RT)

distribution. Analysing how the RTs change across learning202, task complexity203–205

and environmental context206–210 has revealed a multitude of factors influencing how

individuals make choices.

One overarching feature of these studies is the well-established ‘speed-accuracy
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trade-off’211,212 - the longer a participant is given to consider their options, themore likely

they are to make the correct choice.

The balance of speed and accuracy is often discussed in the context of the two-process

action selection theory213,214. In speeded-decision experiments, this effect can be

parameterised by comparing the RT distributions for the correct vs. incorrect choices,

as the phenomena of ‘fast’ errors (defined relative to ‘slow’ correct choices) will shift the

average RT earlier.

However, as task complexity increases or if a participant is asked to prioritise their

accuracy, ‘slow’ errors can emerge215,216, which are believed to result from cognitive

uncertainty. Recently, Damaso et al.216 proposed that these should instead be considered

as fast response-speed errors, versus slow evidence-quality errors. In unlimited time

conditions, the main source of error-trials will be due to the subject being unsure of

the correct response. These trials would therefore be associated with a greater degree of

deliberation than when the participant strongly believes their answer to be correct and,

consequently, the error RT will slow.

Figure 2.4: Evidence AccumulationModels.
A schematic representation of a trial for two EAMs. For both models, choice and RT are
determined when the accumulator (purple) passes a threshold.
A, The Drift Diffusion Model: A single accumulator, 𝑋 , (purple) drifts according to a Wiener
process (Eq. 2.15). Between-trial variance comes from the start point, 𝑧 , and the drift-rate, 𝜇,
whose mean value is determined by the relative evidence for choice A versus B. The distance
between boundaries is a fixed value, 𝜃 .
B, TheRaceDiffusionModel: A single accumulator,𝑋𝑎 , (purple) races againstmany others (grey)
to reach threshold, 𝜃 , first. All stochasticity is determined within the trial through the Wiener
process. The drift-rate, 𝜇𝑎 , represents the absolute evidence for the associated choice, 𝑎 , and the
distance to threshold is fixed to 𝜃 .
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Mechanistically, these experiments have been modelled (and these phenomena

explained) using evidence accumulation models (EAMs). This section focusses on two

established algorithms: the drift diffusion model (DDM) and the race diffusion model

(RDM) (Fig. 2.4).

The two models address different experimental contexts but they apply the same

underlying assumption; speeded-decision making results from an information

accumulation process and a motor action is launched when an accumulator reaches a

threshold activity level.

Some core shared components are that (1) the accumulator’s drift-rate, 𝜇, represents the

degree of evidence for a choice and accumulates according to aWiener process (Eq. 2.15),

(2) the RT of any given trial is determined when the accumulator reaches a threshold

value, and (3) total RT includes the accumulation process plus some ‘non-decision time’

which accounts for stimulus processing andmotor execution.

Further, all EAMmodels require stochasticity within their algorithms to replicate the RT

distribution, remove determinism from action selection and reproduce the existence of

both fast and slow errors.

The DDM was developed first. Defined by Ratcliff in 1978217, it works in a two-alternate

forced choice system. This binary system can be described in a multitude of ways (e.g.,

correct/incorrect, left/right, go/no-go) but the mathematics remain the same.

A single accumulator drifts between an upper and lower threshold (often set to 𝜃 and 0,

respectively), according to aWiener-diffusion process (Eq. 2.15), and crossing a threshold

determines the choice and RT of that trial. The drift-rate, 𝜇, is defined as the relative

evidence for the two options, which are always in direct competition. The accumulator

begins each trial at a starting-point, 𝑧 , that lies between the two boundaries and is able

to represent an inherent bias towards either choice.

𝑋 (𝑡 ) = 𝑋 (𝑡 − 1) +𝑁 (𝜇, 𝜎2), 𝑋 (0) = 𝑧 (2.15)

where: 𝑋 = accumulator activity,

𝑡 = timestep,
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𝜇 = drift-rate,

𝜎 = noise,

𝑧 = starting point.

DDM introduces a few sources of variance. The first, within-trial variance, is produced

through the stochastic Wiener diffusion process. It has been shown that the noise

parameter, 𝜎 , at each timestep allows DDM to provide a good estimation of the

RT distribution. However, the relative nature of the drift-rate renders within-trial

stochasticity insufficient to replicate the existenceof slowerrors - each timestep is equally

noisy for both choices. To solve this, between-trial variability in 𝜇 was introduced.

DDM algorithms can also include between-trial variability in starting-point and

non-decision time, which has been shown to provide better fits in particular cases218.

Today, DDMs are still widely influential and have been expanded to incorporate features

such as collapsing thresholds219,220 and multiple drift-rates221–223. However, the enforced

binary system is a core limitation in the modelling of multi-alternate forced choice

experiments.

The introduction of competing accumulators racing towards a single boundary resolves

this issue. Whichever accumulator passes the shared threshold first ‘wins’ the trial and

the associated choice is executed. Some early examples of these algorithms include

the ‘leaky, competing accumulator model’224 and ‘interactive race model’225, which both

incorporate features to replicate direct competition between accumulators.

The RDM is one such model and employs multiple random-walk accumulators. In its

simplest form, these accumulators are independent and their drift-rate represents the

absolute evidence for an outcome, rather than relative. However, independence is not a

requirement and adjustments can bemade to allow for competition between choices226.

Importantly, theRDMis able to replicateRTdistributions and fast/slowerror effects using

a single source of variation - the stochastic randomwalk. Tillman et al.227 showed that the

use of absolute evidence drift-rates renders between-trial variation in both the drift-rate

and start-point obsolete.
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2.3.4.3 Combining learning and action-timing

In the past decade, a new field of action-selection models have arisen - the

reinforcement-learning evidence accumulation models (RL-EAMs).

Classical RL observation models (such as softmax) aim to replicate choice behaviour

and accuracy, with a complete indifference to the RT distribution despite the insights

this can provide on the underlying causes of inter-individual differences226,228. However,

integrating DDM as the observation model has mathematically been shown to be

functionally equivalent to softmax in its capacity to replicate choice behaviour228,229 and

produces amoremechanistic interpretation of the inverse temperature parameter, 𝛽 (Eq.

2.14).

Several forms of RL-EAM exist, with different combinations of RL and EAM algorithms,

but they largely follow the same format:

1. A trial begins and the EAM determines the choice and RT.

2. An action is executed and the RLmodel is given the external feedback.

3. The RLmodel updates its action- or state-value estimations (e.g., Q-value).

4. These variables are then used to determine the drift-rates on the following trial.

For this thesis, the most relevant algorithm is the reinforcement-learning race diffusion

model (RL-RDM), developedbyMiletić et al.226, whichdefines an accumulator’s drift-rate

through various combinations of𝑄 -values. Miletić’s RL-RDM and other RL-EAMs will be

discussed further in Chapter 6, in the context of our novel ‘two-drift’ RL-RDM.

2.4 Action Prediction Errors

The previous three sections of this chapter have provided a background on models of

action selection within the neuroscientific and computational fields. Now, our attention

turns to defining the overarching issue this thesis aims to help address - what are habits?
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2.4.1 Reward-based habits - an oxymoron

We have seen that a leading computational proposal of the dual-process action selection

mechanism applies a model-based/model-free dichotomy (Section 2.3.3), which is

regularly implemented using either an actor-critic or Q-learning RL update rule. The

justification for this approach relies principally on the relative inflexibility and reduced

planning capacity of the model-free system.

However, it is in fundamental opposition to the key experimental feature which first

defined habits - their reward-insensitive nature. As outlined in Section 2.1, habitual

actions are synonymous with S-R relationships and placed in juxtaposition with the

goal-directedA-Oassociation. As such, they containnomemory of, and are uninfluenced

by, any rewards which occur. How, then, could they learn from an RPE?

This question was posed by Miller et al.1, who proposed that this computational

understanding of action selection should be replaced by a ‘value-based’ versus

‘value-free’ dichotomy. Their argument was two-fold.

First, they expressed that the evidence for dissociable neural correlates for model-based

and model-free signals is inadequate164,230,231, especially in comparison to the DS lesion

studies which cleanly separated goal-directed actions from habits54,73,81,145. For example,

studies have reported that measures of model-free learning were uncorrelated to habit

strength232 and potentially required as much effort as model-based learning231, which is

incompatible with a resource-efficient habit. If there was a 1-1 correlation between the

two definitions, as proposed by Daw et al.47, then this dissociation should be replicated

in the data.

Second, they restated an argument previously given by Dezfouli and Balleine233;

model-free RL algorithms cannot reproduce the experimental results of resistance to A-O

contingency degradation tests. The model-free system learns the action-value of a given

state (as in Eq. 2.9 and Eq. 2.11). Therefore, it should have the capacity to learn that

execution of an action now leads to a negative outcome (reward delay) and that selecting

to perform ‘no action’ is more valuable.
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It is becoming increasingly clear that the previous model-based/model-free dichotomy

is insufficient to describe the separation of habits and goal-directed behaviour. This is

further evidenced by Daw et al.’s17,165 later proposal of model-free goal-directed signals

and the convincingmodel-basedhabitual algorithmoutlinedbyDezfouli andBalleine233.

Miller et al.1 argue that the answer lies in replacing RPEs with action prediction errors

(APEs).

2.4.2 Defining an action prediction error

Conceptually, APEs provide an intuitively appealing solution for an S-R learning

mechanism. S-R habits learn to mimic actions which have previously been executed

in the current context. So, by its nature, the PE in such a system must measure how

successfully the agent expected the antecedent action, rather than the outcome. For

example, in an instrumental association task, the first time an action ismade in response

to a cue, a large APE would occur and the habit system would update to expect that

particular action slightly more when the cue is next experienced.

The precise formulation for an APE-based habit system is not fixed, but some properties

are fundamental. An APE should (1) display a peak following unexpected actions, (2) shift

to predictive cues during learning, and (3) be entirely reward-insensitive.

To date, two key models have been developed that employ APEs. Namely, Miller et

al.’s1 value-free habit system (henceforth referred to as the ‘value-free model’ for ease

of communication) and Bogacz’s2 DopAct model, which directly relates APE signals and

their associated habits with features of the BG’s dopaminergic system. Both models are

able to replicate reversal learning, devaluation and contingency degradation effects, as

well as providing explanations for why VI schedules promote habit expression (Section

3.4.3). They are described in more detail below.

2.4.2.1 The value-free model

The value-free model works on a trial-by-trial basis and can be defined as a combination

of three algorithms, which Miller et al.1 label as the ‘habit controller’, ‘goal-directed
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controller’ and ‘arbiter’ (schematised in Fig. 2.5).

In a given trial, the habit system receives information about the action executed, 𝑎 , and

updates its expectation of future actions,𝐻𝑎 , in the current state, 𝑠 .

𝛿𝐻𝑎 (𝑡 ) = 𝑎 (𝑡 ) −𝐻𝑎 (𝑡 ) (2.16)

𝐻𝑎 (𝑡 + 1) = 𝐻𝑎 (𝑡 ) + 𝛼ℎ𝛿𝐻𝑎 (𝑡 ) (2.17)

where: 𝐻𝑎 = habit strength for action, 𝑎 ,

𝑎 = action,

𝑡 = trial number,

𝛿𝐻𝑎 = action prediction error,

𝛼ℎ = habit learning rate.

In their original paper, the goal-directed system differentiated between different types

of rewards, 𝑚, allowing the model to adapt under changing homeostatic requirements.

For comparability, this dimensionality is removed here, and the algorithm is reduced to a

single reward type.

𝛿𝑄𝑎 = 𝑅 (𝑡 ) −𝑄𝑎 (𝑡 ) (2.18)

Figure 2.5: The Value-free Habit Model.
A schematisation of the value-free model’s
dynamics within a trial. The agent receives the
action (𝑎) and reinforcement (𝑅) that occurred
on the previous trial. This information is
used to update the two controllers (red and
blue, for habit and goal-directed, respectively)
via an APE and RPE, modified by a learning
rate, 𝛼. The variables, 𝑄𝑎 and 𝐻𝑎 , are
then communicated to the arbiter (purple).
The arbiter combines these values according
to two constant scaling terms, 𝛽𝑞 and 𝛽ℎ
and a ‘weight’ variable, 𝑤 , which measures
the variance for both 𝑄𝑎 and 𝐻𝑎 . The
resulting 𝐷𝑎 values are passed through a
softmax function to produce the policies, 𝜋𝑎 ,
for that trial. Finally, 𝜋𝑎 is communicated to
the goal-directed controller ahead of next trial.
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𝑄𝑎 (𝑡 + 1) = 𝑄𝑎 (𝑡 ) + 𝛼𝑞𝛿𝑄𝑎 (𝑡 ) (2.19)

where: 𝑄𝑎 = action value,

𝑅 = reinforcement magnitude,

𝛿𝑄𝑎 = reward prediction error,

𝛼𝑞 = learning rate for𝑄 .

To determine the relative contributions of the two controllers, the arbiter explicitly

computes A-O contingency, 𝑔 , and ‘habitisation’, ℎ. These are measures of the variance

within𝑄𝑎 and𝐻𝑎 values, respectively.

𝑔 (𝑡 ) =

√√√∑︁
𝑎

𝜋𝑎

(
𝑄𝑎 (𝑡 ) −

∑︁
𝑎 ′
𝜋𝑎 ′𝑄𝑎 ′ (𝑡 )

)2
(2.20)

ℎ (𝑡 ) =

√√∑︁
𝑎

(
𝐻𝑎 (𝑡 ) −

〈
𝐻𝑎 (𝑡 )

〉)2
(2.21)

𝑤 (𝑡 ) = 1
1 + exp(𝑤𝑔 𝑔 (𝑡 ) −𝑤ℎℎ (𝑡 ) −𝑤0)

(2.22)

where: 𝑔 = A-O contingency,

ℎ = habitisation,

𝑤 = mixing weight,

𝑤𝑔 ,ℎ,0 = constant weight parameters for 𝑔 , ℎ, and a fixed bias,

𝜋𝑎 = policy for action, 𝑎 .

Finally, the arbiter calculates an overall ‘drive’, 𝐷𝑎 , towards a given action, which is then

converted into a policy, 𝜋𝑎 , via a softmax function.

𝐷𝑎 (𝑡 ) = 𝑤 (𝑡 )
(
𝛽ℎ𝐻𝑎 (𝑡 )

)
+

(
1 −𝑤 (𝑡 )

) (
𝛽𝑔𝑄𝑎 (𝑡 )

)
(2.23)

𝜋𝑎 (𝑡 ) =
𝑒𝐷𝑎 (𝑡 )∑
𝑎 ′ 𝑒

𝐷𝑎′ (𝑡 )
(2.24)

where: 𝐷𝑎 = drive towards action, 𝑎 ,

𝛽𝑔 ,ℎ = scaling parameters for goal-directed and habit controllers.
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The key features of this algorithm are the model-based nature of the goal-directed

controller, the explicitly encoded arbiter and the use of variance (i.e., uncertainty) to

determine the relative weighting of the two controllers.

Miller et al.’s1 paper later simulated free-operant tasks by extending the model to

represent actions as continuous ‘rates’ (e.g., of lever presses), which allows it to maintain

its trial-by-trial nature.

2.4.2.2 The DopAct model

Soon after, Bogacz2 presented an alternative framework, where an APE-based habit

is combined with Friston’s ‘active inference’ algorithm234, and directly related it to

biologically-plausible computations within the BG.

The DopAct model is formed around three axioms:

1. PEs are produced constantly, bothwhen learning fromoutcomes and during action

planning. The model parameters update to minimise these errors.

2. Striatal dopaminergic signals are heterogeneous and the habit system learns from

an APE which is encoded by distinct dopamine populations from the value-based

RPE.

3. Value, goal-directed choices and habits can be mapped to the ascending spiral

theory of the BG (schematised in Fig. 2.6). DopAct only explicitly encodes the latter

two and assumes value to be calculated accurately according to the homeostatic

needs of the agent.

Many have now proposed that the strict divisions across the striatum are manufactured

and that the BG can instead be conceptualised as a gradual gradient of function,

created by small parameter adaptations to a shared computational unit127. Fig. 2.6

shows how DopAct develops upon this argument when introducing habits. There is no

computational difference in connectivity for the three striatal loops. Rather, the three

variables arise from the disparate information contained in their inputs.

Mathematically, by applying the active inference algorithmand selecting actions through

Bayesian inference2, DopAct is able to work explicitly with probability functions and
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Figure 2.6: DopAct in the Basal Ganglia.
A flowchart schematisation of DopAct overlaid
on BG anatomy of Fig. 2.2.
(Top) The value, 𝑉 , (grey), goal-directed,
𝑄𝑎 , (blue), and habit, 𝐻𝑎 , (red) systems are
contained with ascending striatal spirals from
the NAcc to putamen. The dopaminergic nuclei
receive (1) input from the associated striatum,
modulated by the cortical ‘state’ signal and
(2) information about relevant external events
(reinforcement, 𝑅 , and action intensity, 𝐴). PEs
are produced and dopamine signals modulate
the corresponding corticostriatal synapses. The
thalamus receives striatal input and applies
these to select an action according to Bayesian
inference.
(Bottom) A representation of the probabilistic
structure for a single DopAct trial. The
goal-directed 𝑃 (𝑅 |𝐴, 𝑠 ) and habitual 𝑃 (𝐴 |𝑠 )
distributions have mean values 𝐴𝑠𝑄𝑎 and 𝑠𝐻𝑎

respectively. These are convolved to produce
the 𝑃 (𝐴 |𝑅, 𝑠 ), whose maximal value determines
action intensity, 𝐴.

free-energy theory.

The inference dynamics and the derivations which produce the below algorithm,

well-summarised in the original paper2, are not included here as our interest lies more

specifically in the application of APEs in the learning rules.

To begin, a Bayesian rule for action selection is defined, which executes the associated

action with the most probable action intensity: 𝑃 (𝐴 |𝑅, 𝑠 ). This is then converted into an

objective loss function,𝐹 , that canbeminimised throughparameterupdates. Note that in

the followingdiscussion, this algorithmdetermines the optimal action intensity of a given

action, 𝐴𝑎 (𝑡 ), rather than choosing betweenmultiple actions. DopAct can be extended to

consider the latter scenario.

𝑃 (𝐴 |𝑅, 𝑠 ) = 𝑃 (𝑅 |𝐴, 𝑠 )𝑃 (𝐴 |𝑠 )
𝑃 (𝑅 |𝑠 ) (2.25)

𝐹 = ln
(
𝑃 (𝑅 |𝐴, 𝑠 )𝑃 (𝐴 |𝑠 )

)
(2.26)

where: 𝑅 = reward,
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𝐴 = action intensity,

𝑠 = state,

𝐹 = free energy function, to be minimised.

These probabilities are mapped to the three BG loops:

1. The valueof a given state is themeasureof howmuch reward is potentially available,

𝑃 (𝑅 |𝑠 ), in the VS.

2. A goal-directed system calculates the predicted value which can be achieved by a

given action intensity in that state, 𝑃 (𝑅 |𝐴, 𝑠 ), in the DMS.

3. A value-free habit variable learns to predict which action intensity is likely in a state

according to past experience, 𝑃 (𝐴 |𝑠 ), in the DLS.

The choice probabilities are assumed to follow Gaussian distributions:

𝑓 (𝑥 ;𝜇, Σ) = 𝑋 ∼ 𝑁 (𝜇, Σ) (2.27)

𝑃 (𝑅 |𝐴𝑎 , 𝑠 ) = 𝑓 (𝑅 ; 𝑠𝐴𝑎𝑄𝑎 , Σ𝑔 ), 𝑃 (𝐴)𝑎 |𝑠 ) = 𝑓 (𝐴𝑎 ; 𝑠𝐻𝑎 , Σℎ) (2.28)

where: 𝑄𝑎 = goal-directed strength,

𝐻𝑎 = habit strength,

𝑠 = stimulus intensity,

Σ𝑔 ,ℎ = distribution variance (uncertainty).

In the full DopAct algorithm, the variance terms, Σ𝑔 and Σℎ , scale the relative

contributions of𝑄𝑎 and𝐻𝑎 . This is simplified below under an assumption of Σ𝑔 = Σℎ = 1,

which allows 𝐹 to be rewritten in straightforward prediction error terms.

𝐹 = −1
2
(𝛿 2𝑄𝑎

+ 𝛿 2𝐻𝑎
) (2.29)

𝛿𝑄𝑎 = 𝑅 − 𝑠𝐴𝑎𝑄𝑎 , 𝛿𝐻𝑎 = 𝐴𝑎 − 𝑠𝐻𝑎 (2.30)

where: 𝛿𝑄𝑎 = reward prediction error,

𝛿𝐻𝑎 = action prediction error.
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Deriving the gradient of 𝐹 as a function of𝑄𝑎 and𝐻𝑎 gives the following update rules.

𝑄𝑎 (𝑡 + 1) = 𝑄𝑎 (𝑡 ) + 𝛼𝑞𝛿𝑄𝑎 (𝑡 )𝐴𝑎 (𝑡 )𝑠 (𝑡 ) (2.31)

𝐻𝑎 (𝑡 + 1) = 𝐻𝑎 (𝑡 ) + 𝛼ℎ𝛿𝐻𝑎 (𝑡 )𝑠 (𝑡 ) (2.32)

where: 𝛼𝑞 = goal-directed learning rate,

𝛼ℎ = habit learning rate.

These update rules are near-equivalent to Eq. 2.17 and Eq. 2.19, save for an additional

factor - learning is now scaled by both the action and stimulus intensity on a given trial.

Under an assumption that 𝐴𝑎 (𝑡 ) and 𝑠 (𝑡 ) represent binary vectors, the value-freemodel’s

update rules are reproduced with an additional integrated gating function such that the

values only update when their distribution’s given variables are present.

In summary, DopAct and the value-free model share both a trial-by-trial nature and the

useof variance toweight the two systems. InusingBayesianmethods, the action selection

and gating of learning are inherent features of DopAct’s biologically-plausible dynamics.

Aswith the value-freemodel, interpreting action intensity as a ratemeasure allows for the

variable SOR effects to be understood.

The current two theoretical models for APE-based habits provide elegant solutions to

simulate trial-by-trial experiments. However, further expansions on these models are

required to answer several key questions.

2.4.3 Current questions

As stated in the introduction, this thesis addresses the following questions;

1. Can habit learning be generalised to continuous and scalar actions?

2. Can evidence of action prediction errors be found in striatal dopamine?

3. Can the process by which habits affect choices and RTs be mechanistically

described?

4. Can the impact of habits in human behavioural data be quantified?
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The first two questions are addressed in Chapters 3 and 4, and required the explicit

modelling of within-trial learning, analogous to the difference between TD-RL and

the trial-by-trial models described by Eq. 2.9 and Eq. 2.11. By developing a learning

algorithm which closely aligns APE theory with the current mechanistic and biological

understanding of dopamine signals, we are able to distinguish the effects of action

‘intensity’ and action ‘rate’ (e.g., a mouse may run very quickly to a button and press

it with a lot of force, but only do it once or twice in a trial) and it becomes possible to

interrogate whether APEs exist in neural data.

Further, within-trial processes also affect behaviour beyond choice. As discussed in

Section 2.3.4, accounting for RT distributions reveals a wealth of information regarding

the underlying processes during speeded decision making. DopAct and the value-free

model use Bayesian inference and softmax as observation rules, respectively, which do

not account for these details.

To answer the latter two questions, we developed an alternative observation function in

the form of an RL-EAM that can account for the proposed different temporal dynamics

of habit and goal-directed systems in a multi-alternate task. Incorporating this added

dimensionality is particularly attractive given that imposing limits on RTs has proven to

be an effective method to unmask habits in human participants (Section 2.1.3.4).

2.5 Summary

This chapter has presented an overview of the literature and research underpinning

computationalmodels ofhabit formation. Tobegin, Section2.1 described thebehavioural

and neuroscientific studies which first defined habits as stimulus-response behaviours

within a two-process action selection framework and linked them to the dorsal striatum.

Section 2.2 expanded on the role of dopamine as a heterogeneous neural prediction error

signal, involved in both reward learning andmotor control. Next, Section 2.3 outlined the

key mathematical models in the field, including a discussion of reinforcement learning

algorithms and the benefits of different observation models. Section 2.4 then indicated

how the above literature has led to the proposal of value-free, APE-based habit formation
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in the striatum, before summarising the value-free1 and DopAct2 models.

Finally, the four research questions interrogated over the course of this thesis were

restated, in the context of the current literature.
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3.1 Introduction

To interrogate whether striatal dopaminergic signals truly encode APEs, we must first

form testable predictions regarding the expected shape and temporal dynamics of these

neurotransmitters.

As described in Section 2.4.2, Miller et al.1 and Bogacz2 have provided clear rules on how

an APE should behave: (1) spiking after an unexpected action, (2) decreasing in size

as the action becomes expected, and (3) dipping below tonic levels when the expected

action does not occur (see Section 2.4). However, these previous models function on a

trial-by-trial basis,whereinanAPE isonly calculatedonceper trial for a static actionvalue.

51
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There are two key limitations to this approach.

First, this ‘trial-chunked’ APE cannot describe (nor provide accurate predictions for) the

temporal dynamics of dopamine during the trial. Indeed, to the best of our knowledge,

the algorithm we developed in the course of this project is the first mechanistic model

that links the value-free APE concept to current neuroscientific understandings of the

temporal dopamine dynamics in the BG. The development of such a model is crucial in

determining the existence of APEswithin striatal dopaminergic signals and to distinguish

them from RPEs.

Second, modelling actions with a single PE and action value per ‘trial’ is an unrealistic

portrayal of how animals actually engage with the world. Our lives do not consist of a

sequence of clearly defined trials and our actions are neither instantaneous nor constant

- we continuously adapt to new information and each movement is made up of a range

of ‘intensities’, whether that be strength, speed or something else. For example, in an

arm-reach task, the speedof the limbwill rampup to a peak velocity before slowing again,

and thepeak velocitywill be influencedby thewidth of the target235. Inmodelling such an

experiment, the impact of this variable speed on the expected APEmust be considered.

In this chapter, our novel temporal-difference action learning (TD-AL) algorithm is

defined, which extends the original APE proposals to evolve across continuous time

and predict when a continuous action will be made, relative to the predictive external

cues. Simulations of its behaviour are later compared to current established models of

dopaminergic PEs.

TD-AL is a biologically-plausible generalisation of themechanistic TD-RLmodel106,176,236

and learns to predict the total expected (future) action in a given context, based on

previous experience.

Importantly, this learningmodeldemonstrateshowa single computational algorithmcan

underlie learning of both reward and habits across diverse striatal regions.
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3.2 The Mathematical Model

TD-AL is an extension of Sutton and Barto’s172,174 TD(𝜆)-RL model, described in Section

2.3.2. This next section outlines the mathematical adaptations we implemented to

introduce realistic neural representations of an APE and the theoretical assumptions that

motivated these choices.

3.2.1 Microstimuli - a new eligibility trace

To improve the biological-plausibility of the temporal APE model, we applied an

extension that was originally designed for TD-RL to allow the timings of rewards to be

learnt in a more realistic manner.

Since the development of TD(𝜆)-RL, several alternate formulations of eligibility traces

have been introduced. One such algorithm, the microstimulus model, developed by

Ludvig et al.176, produces a temporal trace which better replicates the magnitude of

depression in dopamine firing upon reward omission67,176, including the absence of

dopamine depression when a reward is received earlier than expected237.

Thismodel proposes that when a stimulus occurs in theworld, a series of𝑚microstimuli

are produced, which are represented by Gaussian basis functions that track the decaying

stimulus trace over time (Fig. 3.1). These microstimuli reformulate the independent

elements of the CSC TD-RL binary vector, 𝑥𝑖 𝑗 , (Section 2.3.2.1) as overlapping ‘temporal

receptive fields’.

Mathematically, a decaying memory trace, 𝑦𝑖 , is produced for each event - similar in

formulation to 𝜀𝑖 for TD(𝜆)-RL (Eq. 2.5):

𝑑𝑦𝑖

𝑑𝑡
= −𝜆𝑦𝑖 , 𝑦1 = 1 (3.1)

where: 𝜆 = memory decay parameter,

𝑦 = memory trace,

𝑡 = timestep,

𝑖 = stimulus.
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This trace is convolvedwith a uniformly distributed sequence ofGaussian curves (Eq. 3.2)

and results in the final microstimuli (Eq. 3.3).

𝑓 (𝑦 , 𝜇, 𝜎) = 1
√
2𝜋

exp
(
− (𝑦 − 𝜇)2

2𝜎2

)
(3.2)

𝑥𝑖 𝑗 (𝑡 ) = 𝑓

(
𝑦𝑖 (𝑡 ),

𝑗

𝑚
, 𝜎𝑚

)
𝑦𝑖 (𝑡 ) (3.3)

where: 𝜇 = Gaussian centre,

𝜎 = width of each curve,

𝑖 = stimulus,

𝑗 = microstimulus,

𝑚 = total number of microstimuli for any stimulus, 𝑖 .

Fig. 3.1A andFig. 3.1B demonstrate the dynamics of themicrostimuli produced for a single

event, 𝑖 , and a cue-action-reward series, respectively. Note that this algorithm produces

Figure 3.1: Understanding Microstimuli.
A: An example of microstimuli dynamics
following a single ‘cue’ event. Parameters
are taken from Table 3.1, with only 6
microstimuli shown here (dashed lines).
The peak firing rate is uniformly distributed
and decays across time. The activity of
microstimulus 𝑥cue,4 (solid line) at 1 second
after the event is 0.2, as demonstratedby the
red line.
B: Together these two panels portrays how
the value function is produced by the
microstimuli.
(Top) An example simulation of a single
trial, with three events: cue, action and
reward. Each event produces its own
microstimuli. The opacity is adjusted
to their relative weighting after TD-RL is
trained on 200 trials (𝛼𝑣 = 0.1,𝛾𝑣 =

0.97). Microstimuli with negative weights
areplottedbelow the zero line for additional
clarity.
(Bottom) The value function resulting from
the same simulation.
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curves with uniformly distributed peaks (as 𝜇 = 𝑗/𝑚) and increasing widths, which

replicates the decreasing temporal accuracy as the delay increases.

Aswith theCSCmodel, the value,𝑉 , at anygiven time is calculatedby the summedactivity

of all microstimuli, 𝑥𝑖 𝑗 , modulated by their corresponding weights,𝑤𝑉 ,𝑖 𝑗 .

𝑉 (𝑡 ) =
𝑛∑︁
𝑖=1

𝑚∑︁
𝑗=1

𝑥𝑖 𝑗 (𝑡 )𝑤𝑉 ,𝑖 𝑗 (𝑡 ) (3.4)

where: 𝑉 = expected future value,

𝑛 = total number of events,

𝑤𝑉 ,𝑖 𝑗 = value system’s weight for the 𝑗 th microstimulus from event, 𝑖 .

As such, it is once again, the weights that update at each timestep, rather than a

conceptual variable 𝑉 , and our update rule is changed from Eq. 2.6 to Eq. 3.5. The

equation to calculate 𝛿𝑉 is unchanged (Eq. 2.2).

𝑤𝑉 ,𝑖 𝑗 (𝑡 + 1) = 𝑤𝑉 ,𝑖 𝑗 (𝑡 ) + 𝛼𝑣𝛿𝑉 𝑥𝑖 𝑗 (𝑡 ) (3.5)

where: 𝛼𝑣 = learning rate for𝑉 ,

𝛿𝑉 = reward prediction error.

Fig. 3.1B helps to provide an intuition for how Eq. 3.4 behaves. Each microstimulus’

weight, and thus, its contribution to the final value, is represented by its relative opacity.

Their weighted sum results in the ‘value’ curve shown. Consecutive predictive cues

provide more microstimuli with steadily increasing weights and the model’s expectation

of future reward increases. Note that the reward microstimuli are negatively weighted,

as reception of the reinforcer indicates that no future reward will arrive and they

counterbalance the positive weighting of the other microstimuli to return𝑉 to 0.

In their initial formulation, Ludvig et al.175,176 included an eligibility trace for each 𝑥𝑖 𝑗 .

However, we found that the impact of including 𝜀𝑖 was minimal given that 𝑥𝑖 𝑗 is already

spread across time and is sufficient to resolve the credit assignment problem (Section

3.3.1). Consequently, it was not included in this thesis’ algorithms. In real terms, this



56 3. Temporal Difference Action Learning

represents an assumption that synaptic plasticity (weight updates) requires pre-synaptic

activity (the presence of the respective microstimulus).

The microstimulus model offers several advantages. Primarily, it aligns with our current

understanding of striatal connectivity and is more mechanistic than the standard

eligibility trace. For example, the microstimuli could be implemented by cortical inputs

to the striatum or striatal sub-populations with different temporal dynamics following

salient stimuli. Such time-dependent firing patterns have been observed in the BG’s

medium spiny neurons238 and cortical oscillators have previously been proposed as the

source of a striatal ‘internal clock’239,240. Further, dopamine influences the strength

of synaptic connectivity via Hebbian learning (Section 2.2.4), which can be concretely

correlated to these individual weights. Finally, Ludvig175,176 showed that microstimuli

did indeed reproduce more realistic temporal dynamics than classic TD(𝜆)-RL, across a

variety of different experimental simulations.

For the purposes of this thesis, parameter values are fixed to those used by Ludvig et al.175

and are applied for all simulations in Chapters 3 and 4 (Table 3.1).

Parameter Symbol Value Equation

Learning Rate 𝛼𝑣 0-1 3.5
Discount Factor 𝛾𝑣 0-1 2.2

Number of Microstimuli m 12 3.3
Decay Rate 𝜆 0.985 3.1

Microstimulus Width 𝜎𝑚 0.08 3.3

Table 3.1: TD-RL parameter values, including microstimuli.

Unless otherwise stated, all futurementions of ‘TD-RL’ in this thesis will specifically refer

to the microstimulus algorithm.

3.2.2 Introducing action learning

The APE proposal2 fundamentally presumes that habit formation is not unique when

compared to amodel-free goal-directed TD-RL system; habits are pure action predictors

which learn from the dopamine signals that represent an APE. As such, the key axioms
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on which the TD-AL algorithm is founded are that (1) the BG is formed of parallel

computational units and (2) the information a given system represents is determined by

its input.

3.2.2.1 Theoretical assumptions

As theorganisational structureof the striatumutilises loopswithparallel connectivity59,61,

many have posited that these loops should, logically, manipulate the contained data in

an identical manner2,186,241,242. This formulation proposes that the information being

predicted within a given region of the striatum is determined entirely by the outcome

recorded by the corresponding PE signal, which can vary along a gradient from pure

reward (VS) to pure action (DLS, or the TS).

Accordingly, TD-AL assumes that dopamine performs the same computational role

throughout theBG.Moreprecisely, as thisproject aims toproduceabiologically-plausible

model, wemaintain that (1) phasic dopamine dynamics contain a neural PE signal which

determines the direction and magnitude of synaptic plasticity changes in the striatum

and (2) this PE can be produced by heterogeneous events in the environment.

3.2.2.2 Learning to predict actions

To represent an action-based value-free habit, TD-AL learns to estimate the future action

intensity, 𝐻𝑎 (Eq. 3.6), by minimising PEs. Specifically, for each potential action, 𝑎 , the

‘striatal’ activity predicts future expected action intensity, 𝐴𝑎 (𝑡 ), given the current state.

As discussed in Section 3.3, 𝐴 is continuous and can last (i.e., have a non-zero value) for

several timesteps.

𝐻𝑎 (𝑡 )∗ = 𝐸
[ ∞∑︁
𝑘=1

𝛾𝑘−1ℎ 𝐴𝑎 (𝑡 + 𝑘 )
]

(3.6)

where: 𝐻𝑎 = expected future intensity of action, 𝑎 ,

𝛾ℎ = action discount factor,

𝐴𝑎 (𝑡 ) = action intensity of action, 𝑎 , at time, 𝑡 .

Thus, the computational structure of the PE itself is unchanged, the outcome variable is
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simply altered from reward to action intensity. At each timestep, the APE is produced:

𝛿𝐻𝑎 (𝑡 ) = 𝐴𝑎 (𝑡 ) +𝛾ℎ𝐻𝑎 (𝑡 ) −𝐻𝑎 (𝑡 − 1) (3.7)

where: 𝛿𝐻𝑎 = action prediction error.

One critical new feature of our model is its ability to predict when an action usually

occurs after the associated stimulus has been perceived. As discussed in Section 2.1.2,

the strength and behaviour of habits are time-dependent15 and variable SORs are more

likely to result in delayed extinction behaviour42. Therefore, the ability to interrogate

how temporal delays influence the strength of habit versus goal-directed actions is

advantageous. To achieve this, TD-AL applies the microstimulus formulation described

above (Section 3.2.1, Table 3.1) to model the expected duration between cue and action.

For every event, 𝑖 , that occurs (e.g., cues, actions and rewards), 𝑚 microstimuli are

produced. The total habit value, 𝐻𝑎 , at any given time is composed of the current

microstimulus activity, 𝑥𝑖 𝑗 , modulated by their relative weights,𝑤𝐻𝑎 ,𝑖 𝑗 . So Eq. 3.4 and Eq.

3.5 become:

𝐻𝑎 (𝑡 ) =
𝑛∑︁
𝑖=1

𝑚∑︁
𝑗=1

𝑥𝑖 𝑗 (𝑡 )𝑤𝐻𝑎 ,𝑖 𝑗 (𝑡 ) (3.8)

𝑤𝐻𝑎 ,𝑖 𝑗 (𝑡 + 1) = 𝑤𝐻𝑎 ,𝑖 𝑗 (𝑡 ) + 𝛼ℎ𝛿𝐻𝑎𝑥𝑖 𝑗 (𝑡 ) (3.9)

where: 𝑤𝐻𝑎 ,𝑖 𝑗 = weight of𝐻𝑎 for the 𝑗 th microstimulus produced by event, 𝑖 ,

𝛼ℎ = habit learning rate,

𝑛 = total number of events experienced.

Note that the microstimuli activity levels, 𝑥𝑖 𝑗 , are shared across all habit and value

variables as they represent the external state/context. Instead, it is the weights

that contain the information learnt about the measured outcome (i.e., the specific

action/reward). Again, allmicrostimulus parameters are fixed to the values listed in Table

3.1.
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3.2.3 Making choices

In the context of habits and choice, allmodels require a clear definitionof howanaction is

mathematically represented. For the purposes of this thesis, and thework presented here

and inChapter 4, a choice is defined as the action plan selected; for example, classifying a

choice as pressing the ‘left’ or ‘right’ lever, rather than total relative position or individual

changes inmuscle groups. For an action innear-continuous time, thiswill be represented

by a single continuous curve which ramps up and down as movement is initiated and

ended.

This simplification is based on, and validated by, prior work into goal-directed action

modelling1,2,243,244. It assumes that the BG are responsible for filtering between plans

presentedby the cortex, rather than controlling themechanical executionof the action - a

processwhich canoccur downstreamand ismore often attributed to the cerebellum183,245

(another site of much neuroscientific RL research246–248).

The wider implications of this assumption are further explored in Section 7.3.1 alongside

a discussion of how this may be extended in future work.

Critically, TD-AL does not describe how value and habits influence the selection of

actions. Rather, it demonstrates how habits can evolve by learning to copy the choices

previously made by the goal-directed system.

The selection of an appropriate observation model can in many ways be orthogonal to

that used for learning (Section 2.3.4), though they may influence each other. Rather, the

most applicable observation model is contingent on the behaviour it aims to replicate.

For example, if an experiment measures RT as its dependent variable, an EAM will be

more appropriate than the softmax choice function.

The advantage of TD-AL over previous APE models is its ability to work over

(near-)continuous time. As such, it is likely that future applications of this model will be

interested in replicating within-trial behaviours - be that RTs, action intensities or other.

Thus, TD-AL lends itself to the RL-EAM family of observation functions (Section 2.3.4).

It would be particularly interesting in future research to explore how the influence of

predictive cues on the temporal dynamics of𝐻𝑎 versus𝑉 could influence error rates and



60 3. Temporal Difference Action Learning

RTs using these more mechanistic observation models.

One natural solution may be to include a time-variable RL-EAM drift-rate as a function

of 𝐻𝑎 and 𝑉 . However, as will be explored in Chapter 5, it becomes exceedingly

computationally expensive to apply this information in continuous time and it is largely

intractable to fit such amodel to real data. Chapter 7 discusses these potential algorithms

as future avenues of work with TD-AL, but this thesis does not apply a continuous-time

observation model. Instead, for the simulations presented in this chapter (Section 3.3),

all actions are artificially represented by a fixed Gaussian curve, with a duration of 0.5

seconds and a peak value of 0.65.

3.3 Classical Experiment Simulations

This section illustrates how TD-AL behaves through the simulation of two classic

experiments in which the activity of dopamine neurons projecting to the VS was

recorded67,249 (Section 2.1.3). Fivemodels, whose key characteristics are outlined in Table

3.2, are compared to interrogate three factors:

1. How does the APE differ from the better-known RPE (Model A vs. others)?

2. Howdoes theAPEchange ifwe consider the temporal dynamics of the action, rather

than the initiation alone (Model B vs. Model C vs. Model D)?

3. What is the influence of the 𝛾ℎ term on both the APE and 𝐻𝑎 variable (Model D vs.

Model E)?

Label Algorithm Outcome 𝛼 𝛾

A TD-RL Reward 𝛼𝑣 = 0.1 𝛾𝑣 = 0.97
B TD-AL Action initiation 𝛼ℎ = 0.1 𝛾ℎ = 0.97
C TD-AL Action presence 𝛼ℎ = 0.1 𝛾ℎ = 0.97
D TD-AL Action intensity 𝛼ℎ = 0.1 𝛾ℎ = 0.97
E TD-AL Action intensity 𝛼ℎ = 0.025 𝛾ℎ = 0

Table 3.2: Key characteristics of the five models simulated in Section 3.3.

Note that 𝛼ℎ has been decreased for Model E to keep the size of weight updates easily

comparable betweenmodels.
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3.3.1 Instrumental association tasks

As discussed in Section 2.1.2, instrumental association experiments were key in

developing TD-RL and S-R theory15,29,250. In their simplest form, an animal learns to

perform an action in response to a neutral stimulus to gain a reward by repeatedly

experiencing a cue-action-reward sequence (as inFig. 3.1B) anddeveloping anestimation

of both S-R and A-O contiguities15,34,251.

In the following simulations, all models (A-E) experienced 200 instances of the

cue-action-reward sequence, with a delay of 10dt between each event (1dt = 0.05s) and a

7.5s inter-trial interval (ITI). The results of their learning are shown in Fig. 3.2.

3.3.1.1 Models A and B - Confirming RPE and APE predictions

Model A behaves exactly as predicted of a TD-RL model (see Section 2.3.2.1 and Fig. 2.3).

The RPE transfers from unexpected reward to earlier predictive cues before converging

on the earliest and 𝑉 learns to increase with each consecutive cue until the expected

reward is received. The temporary response to action initiation results from the explicit

assumption that theaction itself triggers its ownsetofmicrostimuli and thereforebehaves

as a predictive cue.

Model B uses the TD-AL algorithm to predict when an action will begin. Information

about the structure of the action itself has not been provided. This is the closest to the

formulation from Miller et al.1, as the presence or absence of action is indicated by a

binary vector. Fig. 3.2B shows all the features predicted for an APE in Section 2.4: (1) it

is movement-locked to the unexpected action, (2) the APE shifts to the predictive cue as

learning occurs, and (3) it is reward-insensitive.

3.3.1.2 Model C - Action on-off

Model C presents an intermediate betweenModels B and D in that it provides a measure

of action duration, but receives no information about the intensity or dynamic changes

of the movement.
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Figure 3.2: Instrumental
Association Simulations.
The evolution of five models learning
a simulated instrumental association
task. Each model experienced 200
trials, where cue, action initiation and
reward were 0.5s apart, with a 7.5s
ITI. (Top) The measured outcome
value. (Middle) The prediction error
from early to late trials. (Bottom)
The estimated outcome learnt by the
model from early to late trials.
Model A: The results of a TD-RLmodel
(𝛼𝑣 = 0.1,𝛾𝑣 = 0.97) from early trials
(red) to late in learning (yellow).
Model B: The results of a TD-AL
model which learns to predict action
initiation (𝛼ℎ = 0.1,𝛾ℎ = 0.97)
from early trials (blue) to late in
learning (green). Both 𝛿𝐻𝑎

and 𝐻𝑎 are
insensitive to reward.
Model C: As B, but with a constant
‘action presence’ measure represented
by a binary vector, such that 𝐴 = 1
when the action is present.
Model D: As C, but learning
a continuous action intensity
represented by a Gaussian curve.
Model E: As D, but learning
instantaneous action intensity rather
than future action (𝛼ℎ = 0.01,𝛾ℎ = 0).
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The resulting traces differ from B in three ways: (1) the behaviour of 𝐻𝑎 after action

initiation, (2) the pattern of 𝛿𝐻𝑎 following action initiation during early trials, and (3)

the final magnitude of the cue-locked 𝛿𝐻𝑎 peak. All three effects can be explained by the

difference in the sum of the action variable experienced by the model in each trial.

Model B learns to expect a single peak of 𝐴𝑎 (𝑡 ) = 1 at action initiation. Therefore, once the

action has been initiated, 𝐻𝑎 does not expect any future actions to begin and returns to

baseline. In contrast,𝐻𝑎 forModelCneeds topredict a temporally discounted integration

of the remaining action which will occur during the trial. Until the action is completed,

𝐴𝑎 (𝑡 ) has a non-zero value and𝐻𝑎 continues to be positive.

Similarly, during the early trials, the 𝛿𝐻𝑎 dynamics are locked to the duration for which

𝐴𝑎 (𝑡 ) ≠ 0. For B, this means that once the action is initiated there is no prediction error

since 𝐴𝑎 (𝑡 ) = 0 for all futuremoments, whereas forModel C, 𝛿𝐻𝑎 remains slightly elevated

until action termination.

In late trials, the model learns to successfully predict the duration of the action and

the entire APE transfers to the preceding cue. Thus, at convergence, the magnitude of

the cue-locked peak is determined by the total sum of 𝐴𝑎 predicted by the associated

microstimulus. Model B’s 𝛿𝐻𝑎 simply tends towards 1 at convergence, while the APE for C

converges at a discounted integration of total future expected action presence.

Interestingly, in attempting to replicate the abrupt beginning and end of an ‘action’

using curved Gaussian basis functions, action termination results in a temporary dip in

𝛿𝐻𝑎 . Similar ‘action-off’ dips have been reported in SNc recordings, such that dopamine

levels peak at action initiation and dip below baseline at action termination130,132. In

simulating an instrumental association task, the 𝛿𝐻𝑎 peak transfers to the predictive cue

across training. However, theoretically, the closest predictive cue for self-initiated actions

would be the initiation of the action itself. As such, Model C should reproduce these

dopaminergic action-on/off dynamics. Indeed, as shown in Fig. 3.2C, 𝛿𝐻𝑎 is temporarily

responsive to action initiation.

The behaviour of TD-AL across self-initiated actions is explored further below (Section

3.3.2).
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3.3.1.3 Model D - Considering action intensity

Model D introduces the continuous scalar action discussed in Section 3.2.3. Its dynamics

closely resemble those of Model C, such that: (1) 𝐻𝑎 remains positive during execution

of the action and calculates a temporally discounted integration of the expected future

action intensity, (2) the predictive 𝛿𝐻𝑎 peaks are larger in magnitude than for Model B,

and (3) the pattern of 𝛿𝐻𝑎 following action initiation is influenced by the structure of the

action itself.

However, where Model C simply estimates the duration of the action, 𝛿𝐻𝑎 in Model D

initially copies the dynamic structure of the action intensity itself until 𝐻𝑎 ’s predictions

improve. Further, while it is difficult to visually differentiate the 𝐻𝑎 dynamics during

action, Model D does replicate the Gaussian structure with sigmoidal decay curve,

whereas 𝐻𝑎 for Model C approximates a linear decrease until action termination as best

it can using Gaussian basis functions.

It is also worth noting that, during the final trials, Model D loses the negative prediction

error at action termination, instead resulting in a minor (relatively insignificant) peak

produced by a temporarily negative 𝐻𝑎 . Unlike the consistent dip produced by Model

C, this increase is an inconsistent artifact produced by replicating the continuous action

with the microstimuli which causes𝐻𝑎 to oscillate about 0 towards the end of the action.

3.3.1.4 Model E - Interrogating the discount factor,𝛾

One parameter worth investigating further in our model is the discount factor, 𝛾 .

In TD-RL, 𝛾𝑣 determines the degree to which the model expects and predicts future

rewards. However, when considering actions, this parameter can arguably be considered

superfluous. It is unclear whether it would be more beneficial for the striatum to predict

which action should bemade right now, or to prepare for the amount of action, and thus

future effort, that is usually executed in its current context.

Given that a key theoretical proposal for the function of the basal ganglia includes

a VS-DLS gradient of representations, from reward through goal-directed selection to

habits55 across a common computational unit, TD-AL makes no claim as to the likely
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value of𝛾ℎ . The degree towhich future outcomes are discounted could vary across striatal

regions, and so, the inclusion or exclusion of 𝛾ℎ are not incompatible outcomes - both

versions of the learning algorithm could be utilised in the striatum to different ends.

Making a prior assumption of 𝛾ℎ will only be necessary if 𝐻𝑎 is used in an observation

function, as it influences our interpretation of the variable.

Comparing Models D and E (Fig. 3.2D and 3.2E) allows us to explore how a 𝛾ℎ value of

0.97 or 0 will influence the evolution and final structure of 𝐻𝑎 and 𝛿𝐻𝑎 . Two key features

develop.

First, as shown in Fig. 3.2,𝐻𝑎 behaves similarly to𝑉 in TD-RL for Models C and D. Action

expectation increases when the predictive cue occurs and the expected amount of future

action intensity is calculated once the action has begun. Model D demonstrates this with

a gradual decrease in 𝐻𝑎 after action initiation, which integrates to the total amount of

movement that has not yet occurred, rather than the sharp drop visible for Model B. In

contrast, Fig. 3.2E indicates that𝐻𝑎 learns to predict the immediate continuous structure

of the action (here a Gaussian curve), as well as it can be approximated from a Gaussian

microstimulus basis function.

Second, Model E’s 𝛿𝐻𝑎 does not show the transfer of dopamine PEs to the earliest

predictive cue – despite this being a key characteristic demonstrated in TD-RL (Section

2.3.2). Instead, the APE converges to 0. However, this does not mean that experiencing

the cue has no influence on action expectation, as proven by the increase in𝐻𝑎 just prior

to initiation. The cue microstimuli have non-zero weights and the presence of these

microstimuli causes an expectation of action to build. As such, the cue is still vital to

the prediction of action timing, but the microstimuli are not linked to an instantaneous

action change, and so, no PE occurs.

Intriguingly, this formulation therefore implies that, when an S-R relationship has been

learnt, Model E predicts that no associated dopaminergic signals would be present

or detectable. As such, cue-locked dopamine activity is no longer a requirement to

determine that RL is occurring and so, future researchmay need to rely on omission trials

to detect a𝛾ℎ-less APE.
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3.3.2 Prior training and weight initialisation

In the above simulations, all themicrostimuli weights were initiated at 0 which produces

agents that begin as entirely naive to all events. However, it could alternatively be

assumed that, since animals will have previously experienced the executed movement

in other contexts, the action-based microstimuli weights would have already learnt and

converged, especially if this action has the same temporal/intensity profile across many

settings.

To explore the influence of this assumption on APE dynamics, the instrumental

association simulation was repeated with another iteration ofModel D, but only after the

agent has experienced 200 trials of the action alone, in the absence of cues and rewards.

Model D was selected for this and future simulations (Section 3.3.3) as it provides a more

realistic and detailed approximation of action-learning across continuous time than B

or C. Further, Model E is a special formulation of D with 𝛾ℎ fixed to 0, so we elected to

interrogate the more general model.

Fig. 3.3 shows the APE evolution produced by Model D over two stages.

Figure 3.3: Comparing Continuous Actions.
An iteration of Model D (𝛼ℎ = 0.1,𝛾ℎ = 0.97) in a two-stage learning environment. (Top) The
measured outcome value. (Middle) The prediction error from early to late trials. (Bottom) The
estimated outcome learnt by the model from early to late trials.
A: The first 200 trials, with action as the only event that occurred. The model learns to predict the
total remaining amount of action from the microstimuli produced at its initiation.
B: Simulation of an instrumental association task (as in Section 3.3.1) run using the iteration of
Model D from Fig. 3.3A. 𝐻𝑎 evolves to the same structure as Fig. 3.2C, while 𝛿𝐻𝑎

more closely
resembles Fig. 3.2B.
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1. Prior learning: In thefirst 200 trials (Fig. 3.3A), the action-associatedmicrostimulus

weights learn that the initiation itself is predictive of future movement (the 𝛿𝐻𝑎

peak converges to the start of the action) and 𝐻𝑎 at every timestep represents an

integration of the future action intensity remaining (modulated by𝛾ℎ).

2. Cued Actions: Strikingly, as a result of this early learning, 𝛿𝐻𝑎 is nearly

indistinguishable in Fig. 3.3B fromModel B in Fig. 3.2 - only the transfer of APE from

one predictive cue to an earlier one is seen. The details of themovement profile are

no longer surprising to the model, and therefore are irrelevant to learning.

Thus, when animals are not naive to an action, measuring dopamine during learning

alone may not be sufficient to differentiate whether Model B or D underlie the data.

3.3.3 Omission responses

Next, we replicated the experimental results of reward/cue omission studies. These were

presented in the initial paper by Schultz et al.67 and have since been explored in other

contexts15,252.

One established property of TD-RL, and the dopaminergic theory of value learning, is

that when an expected reward does not arrive, dopamine firing is partially suppressed67.

Further, the absence of associated cues will decrease the predicted future reward, and so,

a PE will reappear when/if the reward arrives.

The following simulations were performed on an iteration of Model D which had been

previously trained on 200 instrumental association trials as in Section 3.3.1. This explores

the changes in 𝛿𝐻𝑎 across three experimental conditions:

1. When the initial predictive cue is omitted.

2. When the expected action is not performed.

3. When the expected reward is not received.

Several predictions for how theTD-AL-basedmodels shouldbehave canbemade for each

condition and the results are shown in Fig. 3.4.
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Figure 3.4: Omission Trials.
The results of simulating omission trials on the trained Model A andModel D from Fig. 3.2. From
top to bottom: 𝛿𝑉 ,𝑉 , 𝛿𝐻𝑎

, 𝐻𝑎 .
A: The dynamics in the final trial from the instrumental association simulations. Both models
have approached convergence.
B: A single trial with cue omitted (dotted line) overlaid on the trained dynamics from A.
C: As B, with action omitted (dotted line) rather than cue.
D: As B, with reward omitted (dotted line). 𝐻𝑎 and 𝛿𝐻𝑎

are completely insensitive.

3.3.3.1 Condition 1 - Cue omission

There should be no response at the usual timing of the cue, as there was no expectation

for this to occur - the initiation of a trial does not producemicrostimuli, so themodel has

no indication that the ITI has ended. As a result, arrival of the action is surprising and

should produce a larger APE than for a completely trained model. However, since Model

D learns a continuous action, the difference in PE is mitigated and will be smaller than

for a completely unexpected action to a naive model.

This is indeed seen in Fig. 3.4B, where the action-based microstimuli result in a small

surprise for bothmodels since the influence andweighting of the cue-basedmicrostimuli

is missing.

For Model A, the early action microstimuli are weakly weighted as, by this point in

training, the cue is the greatest predictor. The minimal change in 𝑉 caused by action

in the trained model shows this. However, the increasing contribution of the action
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microstimuli to𝑉 as the reward approaches results in only a minor difference of RPE at

reward.

ForModel D, there is a larger change in 𝛿𝐻𝑎 at action initiation, but this is still not as large

as for an entirely naive model since the action itself produces microstimuli which allow

𝐻𝑎 to predict a portion of the expected future action. By the time the reward arrives, the

omission trial for Model D is once more indistinguishable from the trained model.

3.3.3.2 Condition 2 - Action omission

Action omission for an APE-based RL algorithm should behave in a comparable way to

reward omission in an RPE model. As shown in Fig. 3.4C, there is no effect on 𝛿𝐻𝑎 or 𝐻𝑎

until we surpass the usual time of action. At which point, the PE is temporarily depressed

until the expectation of an action fades and𝐻𝑎 returns to baseline.

Model A treats action omission similarly to cue omission, as they both represent

predictive stimuli for future reward. When the action does not arrive, the expectation

built from the cue begins to decrease and the eventual reward is more surprising as a

result.

3.3.3.3 Condition 3 - Reward omission

APE-based habits are reward-insensitive, and so, there should be no change from the

usual behaviour of the model. Fig. 3.4D clearly confirms this, by showing that the

reward-linked microstimuli weights 𝑤𝐻𝑎 ,𝑖 𝑗 have not shifted from 0 - reward does not

predict future or current action.

The simulationof rewardomission forModelAdemonstrates oneof the key advantagesof

applying Ludvig’s176 microstimulus formulation. Rather than a sharp dip at the expected

time of reward, the temporal ‘smearing’ of the Gaussian basis functions results in a slow

decay of 𝑉 and an extended mild depression of 𝛿𝑉 which more closely represents the

results seen in real dopaminergic data92.
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3.4 Discussion

3.4.1 Summary

In this chapter, the development of the TD-AL algorithm was outlined, a

biologically-plausible and mechanistic learning model which applies an APE to

estimate the expected future intensity of actions based on previous experience. Next,

the core assumptions made during this thesis regarding the definition of an action were

described. Alternative conceptualisations will be expanded upon further in Chapter 7.

Finally, simulations of two classic instrumental association experiments were used to

define the key predictions that canbemade regarding themodel’s behaviour. Specifically,

the influence of action structure and naive weighting on 𝛿𝐻𝑎 dynamics was discussed,

alongside an investigation into how 𝛾ℎ inclusion alters the predictions made by 𝐻𝑎 .

These simulations also confirm that TD-AL obeys the omission patterns predicted for

TD-RL.

These findings were published in the proceedings of CCN 2023253 and presented at IBAGS

XIV254, before being later confirmed by Lee et al.255, who included a similar algorithm

when describing their feature-specific model of dopaminergic heterogeneity.

3.4.2 TD-AL predictions

Throughout this chapter, brief references have been made to previous TD-RL models

which fulfil a similar purpose to TD-AL - producing testable predictions for dopamine

signal dynamics.

TD-AL is a direct adaptation of Ludvig’s microstimulus model176 and so, naturally, these

models share many features: (1) under the assumption that 𝛾ℎ > 0, the APEs transfer

directly to earlier predictive cues, (2) temporal precision worsens as the time interval

betweenevents increases, and (3) omissionof the associated actionproduces aprolonged

decrease in firing with a smaller magnitude than the positive PEs.

Further, TD-AL APEs, by definition, maintain the properties described by the DopAct

model (Section 2.4.2); the dopaminergic signal should be (1) reward insensitive and (2)
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movement-locked.

However, as demonstrated in Section 3.3, TD-AL also provides some unique predictions:

1. The absence of dopaminergic peaks at predictive cues is not sufficient to disprove

the presence of APEs, as this can be explained through specific parameter settings

(𝛾ℎ = 0).

2. An established APE-based habit will show decreased dopaminergic firing when an

expected action is omitted, regardless of𝛾ℎ .

3. Action initiation acts as the final predictive cue for action completion and this is

temporarily reflected in the APE signal when 𝛾ℎ > 0, before earlier predictive cues

dominate the signal.

3.4.3 Comparison to previous APEmodels

This chapter concludes with a more in-depth comparison of the assumptions made by

TD-AL and the previous APE models, i.e., DopAct2 and the value-free model1 (Section

2.4.3).

3.4.3.1 Defining an action

As stated in this chapter’s introduction, the previous APE-based habit models were

designed on a trial-by-trial basis, with a single static value for action in each trial. Both

Bogacz’s2 and Miller et al.’s1 papers presented a version of their model that allowed

habits to learn from a continuous scalar action intensity with different interpretations

depending on the task being simulated. TD-AL likewise encodes a continuous action

intensity, but introduces variation across time.

Understanding what is meant by action intensity may be less intuitive than recognising

the ‘value’ of a reward. We can intuit that a bar of chocolate is oftenmore appealing than

a salad or that the concentration of sucrose provided will influence how much work a

hungry rat is willing to perform256,257. This concept of scalar value is often implemented

in behavioural experiments, where we can measure how the quantity of an expected

reward will impact the amount of effort an animal will apply258,259, the pattern of action
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selection260–262 or the changing size of corresponding dopamine spikes252,262,263.

In the same way, an animal’s environmental context may not only change which actions

are made, but also how they are made. This property has already been implemented in

previous studies where the amount of effort an animal/subject will make (e.g., the rate

and force with which a mouse presses a touchscreen264) is measured as an indicator of

the underlying motivation for the eventual outcome265,266.

For the simulations presented in this chapter, the models experienced an identical

Gaussian action in every trial. As such, the associated 𝐻𝑎 values learnt quickly and

would have high certainty in the action profile they predict once trained. Thus, the APE

presented were able to converge relatively quickly. However, as we will demonstrate

in Chapter 4, the ability to match action intensity to behavioural data is valuable in

producing realistic predictions of dopamine dynamics between trials.

3.4.3.2 Describing SOR effects

Despite their trial-by-trial nature, both previous APE models provided theoretical

accounts for the influence of VI SORs in promoting habit strength, relative to VR (Section

2.1.2).

Their explanations align with the ‘response rate - reward rate correlation’ theory given

by Dickinson44 which states that VR schedules produce linear relationships between

press rate and reward, and therefore maintain a strong A-O contingency. The value-free

model explicitly calculates this value (namely, 𝑔 , in Eq. 2.20) and uses it to bias the

arbiter towards the goal-directed system. In contrast, the VI SORs have a sub-linear

relationship between press rate and reward, thus reducing 𝑔 , so that the agent relies on

habits much earlier. DopAct similarly explains this SOR effect through the accuracy of

(and so, confidence in) the reward predictions produced by the goal-directed system at a

given press-rate2.

In contrast, the TD-AL model can be used to partially interpret SOR effects according

to DeRusso’s43 temporal action-contiguity hypothesis, though the balance of the two

systems cannot be fully explained without a specific observation function. Under a
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free-operant task, the goal-directed system relies on previous actions to behave as

predictive cues for later rewards. When there is a consistent temporal A-O contiguity, the

prediction error is minimised, the same microstimulus weights are updated and𝑄𝑎 will

be large and precise. Accordingly, the greater the variation in the action-reward interval,

the weaker the goal-directed system will be.

The habit system does not suffer this disadvantage, as both VI and VR schedules produce

linear response rates (see Fig. 2.1) - the interval between lever-presses remains constant,

and so, actions are able to serve as strong predictors for themselves. However, the

scalloping of FI responses will weaken the action-to-action contiguity and 𝐻𝑎 instead

must increasingly rely on the previous rewards to behave as the primary predictor.

Overall, TD-AL provides a theoretical, biologically-plausible and mechanistic model of

APE-based habits in the brain, with unique and testable predictions. In the next chapter,

we explore the ability of this algorithm to describe real neural data.
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4.1 Introduction

The second goal of this PhDwas to interrogatewhether an APE-like signal could be found

withinneural data. AsproposedbyBogacz2 anddiscussed inChapter 3, striatal dopamine

represents the most likely neural correlate for an APE, similarly to the better established

RPE.

In the previous chapter, we outlined the novel TD-AL model and posited that the

continuous temporal dynamics of the associated PE could be used to test Bogacz’

proposal.

Historically, research into nigrostriatal dopaminergic signals has largely been linked to

motor vigour, movement kinematics and action initiation126,127,130,131,139 (Section 2.2.3).

75
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More recently, PE-likedynamicshavebeen found inSNc signals andhavebeenassociated

with multiple types of information, such as different reward features107, novelty103 and

aversive outcomes110,111. It is likely that heterogeneity in dopamine signalling allows it to

cover most, if not all, of these aspects, particularly given recent evidence that distinct

genetic subtypes of dopaminergic neurons express differential sensitivities to rewards,

threats and movement kinematics132.

However, as discussed in Chapter 2, S-R-based value-free habits could not form from a

reward or aversion PE as they are, by definition, outcome-insensitive. Some studies have

interrogated the role of novelty in action selection267–269 but, in isolation, novelty is not

sufficient to form S-R relationships.

Further, DS recordings have shown that dopamine release (1) is specifically responsive to

actions that have been learnt during an instrumental association task and (2) influences

learning of both A-O and S-R contingencies137–139,147.

Crucially, Greenstreet et al.3 recently published dLight recordings from the TS that

appear to exhibit all the properties required of a dopaminergic APE signal, i.e., they are

movement-locked, decay over trials and are unchanged by the presence or omission of

a reward (Section 3.4.2). Thus, their study presents a rich dataset with the potential to

confirm the existence of APEs in the brain.

This chapter provides both (1) a proof-of-concept that TD-AL can be used to test real

neural data for APEs and (2) evidence that supports the existence of APE signals in rodent

dopaminergic recordings.

We begin with a description of the experiment and relevant results from Greenstreet et

al.3, followed by an analysis of the extent to which these data can be explained by TD-AL

or TD-RL, using Bayesian model selection (BMS) methods270.

4.2 Study by Greenstreet et al., 2025

As stated above, an APE-like signal was recently reported by Greenstreet et al.3. This

section provides a brief overview of the pertinent experimental methods and results,

which are schematised in Fig. 4.1. A full description is provided in Greenstreet et al.3.
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Figure 4.1: Greenstreet et al. 2025, Experimental Design and Results.
A: A schematic overview of the CoT task. Trials are self-initiated through a held nose-poke in the
centreport (100-300ms), thenanauditory cue indicateswhichportwill producea reward following
a nose-poke.
B: A recreation of the example mouse dLight recordings in their original paper, aligned to
movement initiation. Each line is an average of 200 consecutive trials, from early (blue) to late
(green) in learning. The first and final 200 trials are indicated by thicker lines.
C: Regression coefficients across time for the TS (top) and VS (bottom) aligned to separate trial
events, from their original paper.
(Left) The regression coefficients for the two cues are not significantly different. Both the TS and
VS show a slight, non-specific increase 0.25s following cue.
(Centre) As with left, but aligned to action initiation and separated between ipsilateral and
contralateral trials. There is a significant difference in the coefficients for the TS, indicated by
the yellow highlighted region.
(Right) As centre, but aligned to expected outcome timing and separated between rewarded
(correct) and unrewarded (incorrect) trials. The TS shows no response in either kernel. As
expected, the VS shows a significant response to reward.

This dataset recorded the dopaminergic signals of water-deprived mice in either the VS

or TS during a two-choice cloud of tones (CoT) task271 (Fig. 4.1A).

The mice were placed in a box with ports on three walls (left, centre and right) and could

self-initiate a trial by holding a nose-poke in the centre port for 100-300ms whenever a

centre LED was lit. A successful initiation poke resulted in the centre LED turning off

and an auditory cue sounding 0-50ms later. The physical distance between the ports and

the hold requirements were designed to increase the temporal separation between cues,

actions and rewards. The frequency of the auditory cue (high or low, selected between

two octaves) indicated which port (left or right) would produce a reward (2𝜇l of water)

following the corresponding nose-poke. The mapping between frequency and port was

counterbalanced between animals. Mice completed this task for over 10,000 trials and
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successfully learned to differentiate high- and low-pitched tones. For the training task

that provided the results used in Section 4.3, water-delivery was deterministic - as long as

the mouse made the correct choice, it would receive a reward.

Greenstreet et al.3 employed afluorescence recordingmethod tomeasure dopamine272 in

which an artificial dopamine receptor, dLight, is injected into the relevant neural region

using a viral vector. These receptors emit a known amount of light for each molecule

of dopamine that binds to them, allowing the quantity of the monoamine in the given

area to be measured. Photometric dLight recordings began immediately after the initial

habituation period. The researchers elected to record from two neural locations, the VS

and TS. The former acted as a control and showed the clear RPE signals that have been

regularly reported and are well-established92.

Interestingly, despite the historical association of DLS with expression of S-R behaviours

(Section 2.1.3), this study chose to interrogate the TS, rather than the DLS. This decision

was motivated by the fact that, of all the striatal structures, the TS is located the furthest

away from the reward-associated VS and receives no efferent signals from the VTA. As

such, it is the least likely region to express RPE signals, which may mask the presence of

APEs.

Three key results were reported, which align with Bogacz’s2 predictions for the properties

of an APE (Section 3.4.2):

1. TS dopamine expressed a peak that was locked to movement initiation and

decreased across trials from early to late in learning (Fig. 4.1B).

2. Regression analysis showed that this peak was significantly larger for contralateral

actions in the 1s following action initiation (Fig 4.1C, top, middle). The VS response

during movement was non-specific (Fig 4.1C, bottom, middle).

3. The TS signal was reward-insensitive (Fig. 4.1C, top, right).

The original paper also completed several other tests of the TS dopamine to establish a

series of other results supporting its role in habits.

As part of these, they concluded that both an intact TS and efferent dopaminergic

signalling were necessary for themice to learn the CoT task. Specifically, TS ablations and
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6-OHDA lesions caused a reduction in learning rate and performance level. The degree

to which the learning rate decreased was correlated with the size of the 6-OHDA lesions

and these had no influence on the kinematics of expressed behaviour. Additionally, when

trained animals completed a learnt action in response to a novel cue (white noise), the

movement-locked dopaminergic peak increased itsmagnitude oncemore. Overall, these

results imply that TS dopamine is acting as a learning signal.

Further, optogenetic inhibition of D1R-expressing SPNs biased the mice towards the

ipsilateral choice and vice-versa for D2R-expressing SPNs. This suggests that the TS SPNs

are involved in selection and execution of learnt behaviour, not just in discrimination of

auditory signals.

Thus, the dopaminergic and striatal signals are action-sensitive, play a role in habit

formation and demonstrate key features of an APE. We extend on this body of work

by interrogating whether the complex dopaminergic dynamics can be explained by our

mechanistic APEmodel.

4.3 Methods

The results by Greenstreet et al.3 present a perfect opportunity to test whether TD-AL

provides a good description of apparent APE signals in dopaminergic data. Further, this

data can be used to determine whether TD-AL replicates the temporal dynamics of these

signals over and above a model-free RPE.

This next section first outlines the mathematical details of the models to be compared

and justifies their selection. Then, it recounts the methodological analysis employed

to calculate the best-fitting parameters and determine a model’s goodness-of-fit.

Specifically, we test the learning models’ capacity to reproduce each individual mouse’s

dopaminergic signal over time, as presented in Fig. 4.1B.

4.3.1 Five potential models

In our study of the dopaminergic data, we aimed to interrogate two key factors:
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1. Does TD-AL, rather that TD-RL, provide the best fit to the data?

2. Is there evidence for a temporal discount factor,𝛾 , in the data?

In total, five model combinations were fit to the data. Their formulations and equations

are outlined below and summarised in Table 4.1.

Label Algorithm 𝛾 𝛼 𝜅

Action-only TD-AL 0 0 analytic
TD-AL0 TD-AL 0 Free (0-1) analytic
TD-AL𝛾 TD-AL Free (0-1) Free (0-1) analytic
TD-RL0 TD-RL 0 Free (0-1) analytic
TD-RL𝛾 TD-RL Free (0-1) Free (0-1) analytic

Table 4.1: An overview of the five models tested on data from Greenstreet et al.3.

4.3.1.1 The learningmodels

The overarching goal of this subproject was to directly test whether the data described

above could be better explained by TD-AL than the gold-standard TD-RL model. As

described in Chapter 3, Ludvig et al.’s176 microstimulus formulation was applied for both

of these models (Section 3.2.1), using the fixed parameters outlined in Table 3.1. These

algorithms contain two free parameters - the learning rate, 𝛼, and the discount factor,𝛾 -

which can both be fit to neural data with the fitting procedure described in Section 4.3.2.

For ease of reference, the models’ equations are restated below:

TD-RL

𝑉 (𝑡 ) =
𝑛∑︁
𝑖=1

𝑚∑︁
𝑗=1

𝑥𝑖 𝑗 (𝑡 )𝑤𝑉 ,𝑖 𝑗 (𝑡 ) (3.4)

𝛿𝑉 (𝑡 ) = 𝑅 (𝑡 ) +𝛾𝑣𝑉 (𝑡 ) −𝑉 (𝑡 − 1) (2.2)

𝑤𝑉 ,𝑖 𝑗 (𝑡 + 1) = 𝑤𝑉 ,𝑖 𝑗 (𝑡 ) + 𝛼𝑣𝛿𝑉 𝑥𝑖 𝑗 (𝑡 ) (3.5)

TD-AL

𝐻𝑎 (𝑡 ) =
𝑛∑︁
𝑖=1

𝑚∑︁
𝑗=1

𝑥𝑖 𝑗 (𝑡 )𝑤𝐻𝑎 ,𝑖 𝑗 (𝑡 ) (3.8)

𝛿𝐻𝑎 (𝑡 ) = 𝐴𝑎 (𝑡 ) +𝛾ℎ𝐻𝑎 (𝑡 ) −𝐻𝑎 (𝑡 − 1) (3.7)

𝑤𝐻𝑎 ,𝑖 𝑗 (𝑡 + 1) = 𝑤𝐻𝑎 ,𝑖 𝑗 (𝑡 ) + 𝛼ℎ𝛿𝐻𝑎𝑥𝑖 𝑗 (𝑡 ) (3.9)

where: 𝑖 = stimulus,

𝑗 = microstimulus,

𝑚 = total number of microstimuli for any stimulus, 𝑖 ,
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𝑛 = total number of events experienced,

𝑉 = expected future value of reward, 𝑅 ,

𝑥𝑖 𝑗 = activity level of the individual microstimulus, 𝑗 , for event, 𝑖 ,

𝑤𝑉 ,𝑖 𝑗 =𝑉 weight for microstimulus, 𝑗 , produced by event, 𝑖 ,

𝐻𝑎 = expected future intensity of action, 𝑎 ,

𝑤𝐻𝑎 ,𝑖 𝑗 = 𝐻𝑎 weight for microstimulus, 𝑗 , produced by event, 𝑖 ,

𝛿𝑣 = reward prediction error,

𝑅 = reward,

𝛿𝐻𝑎 = action prediction error,

𝑎 = action,

𝐴𝑎 = action intensity of action, 𝑎 ,

𝛼𝑣 = value learning rate,

𝛾𝑣 = reward discount factor,

𝛼ℎ = habit learning rate,

𝛾ℎ = action discount factor.

While this data appears to contain all the elements required of an APE, i.e., a

movement-locked peak that decreases over learning and is reward insensitive (Section

3.4.2), an alternative interpretation exists; the collapse in dopamine over trials could

simply be a reflection of the movement kinematics, which improve with training, rather

than a true representation of a learning signal.

Previous studies have detected dopaminergic responses to movement vigour and

initiation123,125,126 and performance on this CoT task speeds with experience. Thus, it is

not implausible that dopamine responses to movement would appear to collapse as the

time to travel between ports decreases across learning.

To account for this possible effect, a model was included in our analysis for which no

learning occurs at all. This action-only model is equivalent to setting the learning rate,

𝛼, to 0. As a result, the microstimulus weights, 𝑤𝑖 𝑗 , never update and the PE becomes a
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direct measure of action intensity (Eq. 4.2).

𝐻𝑎 (𝑡 ) =
𝑛∑︁
𝑖=1

𝑚∑︁
𝑗=1

0𝑥𝑖 𝑗 = 0 (4.1)

𝛿𝐻𝑎 = 𝐴𝑎 (𝑡 ) + 0𝛾ℎ − 0 = 𝐴𝑎 (𝑡 ) (4.2)

4.3.1.2 Altering𝛾

In the previous chapter (Section 3.3.1.4), the influence of the discount factor, 𝛾 , was

explored through simulations. Classically, 𝛾𝑣 is set close to 1 when fitting dopaminergic

data, a value that has previously provided good replications of RPE-like signals175,273,274.

However, this parameter is not necessary for the model to learn. As shown in Chapter 3,

when𝛾ℎ = 0,𝐻𝑎 becomes an estimate of the action intensity usually taken at that point in

time, rather than a calculation of howmuch future action canbe expected. Consequently,

this formulation results in an absenceof PEs in trained agents at themoment of predictive

cues - apropertydescribedbyGreenstreet et al.3whose regressionmodel (Fig. 4.1C) shows

an insensitivity to the frequency of the predictive auditory cue. Though themice learn to

use this information in order to discriminate between trials, the dopaminergic signals do

not reflect a difference in reward/action expectation produced by one cue over the other.

Accordingly, we elected to include two further models in our analysis, with 𝛾 fixed to

0. This was not necessary for the action-only model, in the absence of any associated

learning rule.

4.3.1.3 A scaling parameter, 𝜅

Given the unitless nature of the PEs anddopaminergic data, an additional free parameter,

𝜅 , was included in the analysis to scale the simulated PEs and minimise their difference

from the true neural data. Thankfully, an analytical solution exists that calculates the

optimal scaling parameter (Section 4.3.2, Eq. 4.3).
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4.3.2 Fitting procedure

The dataset provided byGreenstreet et al.3 is rich, withmultiplemice completing roughly

10,000 trials while camera tracking and dLight measurements were recorded. This next

section outlines the key details of the additional data preprocessing completed andfitting

procedure thatwas applied tomatchmodel PEs to the dopaminergic signals. A schematic

overview of the fitting procedure is provided by Fig. 4.2.

Figure 4.2: Model Fitting Procedure.
A: Camera tracking data was used to extract the speed of the mouse (averaged between nose and
ears) from the time it left the centre port (0s) until it entered the side port.
B: The dLight data processed as in Fig. 4.1B.
C: For a given set of parameters, the model learns from the behavioural data and the associated
PE is calculated. These trials are then averaged over 200 consecutive events.
D: The temporal dynamics of dLight fluorescence. This is convolved with the PE to produce an
equivalent signal to the experimental data, as though the same methodology was used to record
both the PE and dopaminergic data.
E: The resulting convolved PE.
F: The cost function is calculated as the SSE of the averaged dopaminergic signals (B) and
convolved PEs (E) in the 0.5s following action initiation. The parameters update in order to
minimise this cost. C-F repeats until the best-fitting parameters are returned.
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4.3.2.1 Behavioural simulation

Each learning model was provided with a simplified series of continuous events

determined by the real experiences of a givenmouse. Thus, as illustrated in Fig. 4.3, trials

obeyed the following sequence of steps:

1. An auditory cue sounds (either high or low).

2. The mouse exits the centre nose port (the action is initiated) and the choice is

determined by the port entered (either left or right).

3. The continuous intensity of the trial’s action is set to themouse’s speed, as extracted

from the camera tracking data and averaged between the nose and ear movement.

4. If the mouse makes the correct action, it receives a reward.

Figure 4.3: A Simulated Trial.
Following an ITI (yellow), duringwhich all previousmicrostimuli are allowed tofinish and thenext
trial begins, the ‘go’ tone initiates the associated cuemicrostimuli (either 𝑆high or 𝑆low). The action
microstimuli (𝐴left or 𝐴right) begin when the mouse leaves the centre port. The action intensity
dynamics, 𝐴𝑎 (𝑡 ), are determined by the speed of the mouse and continue until the mouse enters
the associated port. If the correct choice ismade, a reward (𝑅) is received, the rewardmicrostimuli
are produced and the next ITI begins.

In summary, there were five potential events that produced microstimuli (two cues, two

actions and a reward), resulting in 60 weights, 𝑤𝑖 𝑗 , (𝑚 = 12 per event) which update at

every timestep (dt = 0.05s) according to either Eq. 3.5 or Eq. 3.9. The delays between these

events were determined by those actually experienced by the mouse on the associated

trial. At the end of the trial, a fixed ITI of 30dt (1.5s) was given, such that all microstimuli

from theprevious trial had ended and themodel couldnot learn to expect the subsequent

auditory cue.

Speed was selected as the measure of action intensity for two reasons. First, speed is

a continuous measure which remains positive regardless of the choice made, whereas
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position, for example, would need to be corrected relative to a starting point. This

allowed for minimal preprocessing to be required and for the two actions’ 𝐻𝑎 variables

to receive equivalent information. Second, as described above (Section 4.3.1), experience

and training lead to an increased speed and reduced trial duration. In using thismeasure

directly as the learnt output, we can partially control for these training effects on the APEs

and resulting dopaminergic signals.

4.3.2.2 Processing dLight data

All preprocessing described by Greenstreet et al.3 had been completed prior to our data

access. The original dopaminergic signal had a resolution of 10,000 Hz and so, following

a rolling Z-score across a window of 1.6s, the frequency was reduced to a timestep of

0.05s viaMATLAB’s resample function, which uses linear interpolation to calculate new

values based on averages from the true datapoints.

To reproduce Greenstreet et al.’s3 results for eachmouse (as in Fig 4.1B) the dopaminergic

data was divided into individual trials comprising of a 1.5s window centred around

action initiation. Using the subset of trials in which the contralateral port was cued, the

dopaminergic curves were averaged across 200 consecutive trials to produce a series of

movement-locked peaks. A total of six mice completed this task with TS recordings. The

resulting signals are shown in Fig. 4.4.

Figure 4.4: Dopamine Signals for Individual Mice.
Each panel provides the data of a differentmouse, from the subset of trials where the contralateral
action was cued. The dLight signal is aligned to action initiation. Each line represents an average
of 200 consecutive trials in training from early (blue) to late (green), with thicker lines for the first
and final 200 trials.
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4.3.2.3 Fitting the PEs

Once a simulation is run with the given dataset and model parameters (𝛼 and 𝛾 ),

the resulting PE signal can be compared to the dopaminergic data to calculate the

goodness-of-fit.

The time course of the dLight fluorescence contaminates the dopaminergic signal with a

consistent artifact. Thus, to produce comparable PE signals, we convolved the 𝛿 variable

with a kernel representing the temporal effect of dopamine binding on the sensor (Fig.

4.2D), using MATLAB’s conv function. The rise and fall time of these kernels were set to

𝜏 1
2
= 9.5ms and 90ms, respectively, as reported in Patriarchi et al.272.

The convolved PE signal is processed in an equivalentmanner to the dopaminergic signal

to produce trial averages over training, as shown in Fig. 4.4.

A scaling parameter, 𝜅 , is then determined such that the difference between the two

figures is minimised, via Eq. 4.3.

𝜅 =

∑
𝑡

(
𝛿conv(𝑡 )𝐷 (𝑡 )

)
∑
𝑡 𝛿conv(𝑡 )2

(4.3)

where: 𝜅 = scaling factor,

𝛿conv = convolved PE signal,

𝐷 = dopaminergic signal,

𝑡 = timestep.

Finally, the cost function of the current simulation is calculated as the sum squared error

(SSE) in the 0.5s (10 timesteps) following action initiation for the averaged dopaminergic

data and the scaled, averaged and convolved PE data, as specified in Eq. 4.4 (and

mentioned in Fig. 4.2E):

SSE =
∑︁
𝑡

((
𝜅 ∗ 𝛿conv(𝑡 ) −𝐷 (𝑡 )

)2)
(4.4)

where: SSE = cost function for a given dataset and parameter combination.
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The cost function is minimised over several iterations of the above simulations, using

MATLAB’s fmincon function, until the best-fitting parameters are established.

The recovered model for each mouse is determined via Bayesian information criterion

(BIC) analysis275, such that a lower BIC implies a better fitting model, though the Akaike

information criterion (AIC)276 is also reported.

These values represent a measure of model fit that includes a penalty for additional

parameters to counteract the risk of overfitting. As our likelihood measure is

approximated using an SSE cost function, the equations to calculate BIC and AIC differ

slightly from the standard in order to account for the Gaussian distribution of errors277.

Thus, the values reported in this chapter are calculated using Eq. 4.5 and Eq. 4.6:

𝐵𝐼𝐶 = 𝑡 log
(
SSE
𝑡

)
+ 𝑝 log(𝑡 ) (4.5)

𝐴𝐼𝐶 = 𝑡 log
(
SSE
𝑡

)
+ 2𝑝 (4.6)

where: 𝑝 = number of free parameters in the model,

𝑡 = number of datapoints used to calculate the SSE.

4.4 Results

4.4.1 Individual mice

To begin, we illustrate the similarity of the true data to the PEs produced from each

model’s best fitting parameters (Fig. 4.5, Table 4.3). This allows us to examine the success

of recovery. Should none of the simulations provide qualitatively good results then the

statistical BIC analysis would simply tell us which model was ‘least poor’, rather than

providing evidence for a given underlying mechanistic model.
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Figure 4.5: Best-fitting Simulations.
Each panel represents the corresponding signal averaged over 200 consecutive trials from early
(blue) to late (green) in learning, aligned to action-initiation. Each column contains the results
for a given mouse. The first row provides the true dopaminergic signal as given in Fig. 4.4. Rows
2-6 show the simulated and convolved PEs produced by the best fitting parameters (Table 4.3).
From top to bottom: the action-only model, TD-AL0, TD-AL𝛾 , TD-RL0 and TD-RL𝛾 . Note that,
as 𝜅 is optimised to average over all lines and timesteps, the scale of the y-axis varies between
models.

Visually, we can see the degree to which TD-RL provides a poor fit for these data as the

simulated results do not resemble the dopaminergic signal at all. A significant delay

between action-initiation and reward was enforced, so the corresponding RPE peaks

arrive much later than is seen in the dopaminergic data. Further, if they contain any

structure at all, the peaks sometimes increase in size across learning.

In contrast, the two TD-AL models and the action-only model largely appear to

qualitatively capture the timing of the peaks and the pattern of collapse. We can therefore

continue and interrogate the degree to which these models quantitatively replicate the

data. The best fitting model and corresponding BIC results for each mouse are provided

in Table 4.2.
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It is worth noting that, when the number of datapoints used to calculate BIC is large,

BIC may over-penalise additional parameters and incorrectly prefer a model that is too

simple, though this is partially mitigated by our use of the SSE-adapted BIC calculation

(Eq. 4.5). This is a particular risk here, as we use many datapoints per trial and so the

BIC values are penalised twice as strongly as AIC. Further, given that the dopaminergic

data is quite complex and the maximum number of parameters for any model is three,

overfitting due to increased model complexity is not likely. Thus, we also report the AIC

values in Table 4.2 and will consider these results when looking at the visualisation of the

best-fitting model simulations.

Mouse Action-only TD-AL0 TD-AL𝛾 TD-RL0 TD-RL𝛾 Preferred Model

BI
C

16 -283 -332 -330 -119 -138 TD-AL0
17 -220 -283 -285 -131 -158 TD-AL𝛾
18 -99.9 -146 -167 -24.3 -42.4 TD-AL𝛾
21 -169 -194 -190 -78.2 -97.5 TD-AL0
22 -185 -191 -270 -105 -138 TD-AL𝛾
26 -100 -115 -120 -34.8 -52.3 TD-AL𝛾

AI
C

16 -286 -337 -338 -124 -145 TD-AL𝛾
17 -223 -289 -293 -137 -166 TD-AL𝛾
18 -102 -150 -172 -28.2 -48.2 TD-AL𝛾
21 -171 -198 -196 -83 -104 TD-AL0
22 -188 -196 -278 -110 -145 TD-AL𝛾
26 -102 -120 -127 -39.3 -59.0 TD-AL𝛾

Table 4.2: The BIC/AIC values and associated preferred model produced by the best-fitting
parameters for each mouse. The lowest value for each mouse is highlighted in bold.

Overall, according to both BIC and AICmeasures, allmice preferred a TD-ALmodel, thus

providing strong evidence that these dopaminergic dynamics represent an action-based

learning signal, rather than an RPE or a simple representation of movement kinematics.

The introduction of the third discount parameter, 𝛾ℎ , has different impacts on the BIC

andAICof eachmouse. Logically, themagnitudeof thebest-fitting𝛾ℎ parameterwill likely

influence thedegree towhichTD-AL𝛾 is preferred relative to TD-AL0. So, if a large𝛾ℎ value

is required to replicate the dopaminergic data, the underlying model will potentially be
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Action-Only TD-AL0 TD-AL𝛾 TD-RL0 TD-RL𝛾

Mouse 𝜅 𝜅 𝛼ℎ 𝜅 𝛼ℎ 𝛾ℎ 𝜅 𝛼𝑣 𝜅 𝛼𝑣 𝛾𝑣

16 0.0171 0.0255 4.197 x 10−4 0.0255 6.429x 10−4 0.3516 2.5243 0.6723 3.4604 0.3554 0.9381

17 0.0165 0.0369 9.264x 10−4 0.0396 0.0022 0.5236 1.2945 6.588x 10−12 5.3225 0.0288 0.9540

18 0.0209 0.0633 0.0021 0.0573 0.0036 0.5260 0.9150 6.0822x 10−10 4.3305 0.0307 0.9360

21 0.0146 0.0251 4.832x 10−4 0.0251 4.8333x 10−4 1.069x 10−5 7.8124 1 11.8394 0.3233 0.8356

22 0.0168 0.0276 5.659x 10−4 0.0384 0.0044 0.8366 0.7526 1 4.2435 1 1

26 0.0237 0.2421 1 0.1475 0.0534 0.6337 -1.5110 0.0312 3.0659 0.0271 0.9978

Table 4.3: The best-fitting parameters for each mouse andmodel.
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more likely to include this term.

The primary influence of 𝛾ℎ is the gradual transfer of PE to earlier time-points, which

is visualised by the dopaminergic peak shifting to the left as training progresses.

Qualitatively, mouse 22 shows the most notable forward shift in the TD-AL𝛾 simulation,

relative to TD-AL0 (Fig. 4.5), and has the largest𝛾ℎ value at 0.837, which likely account for

its strong preference.

At the other end of the spectrum, mouse 21 produced the only dataset to consistently

favour TD-AL0 with bothmetrics. This is perhaps unsurprising given that the best-fitting

𝛾ℎ was 1.07 ×10−5, which is magnitudes smaller than the 𝛾ℎ values reported for all other

mice. Such a small parameter value suggests that, even if TD-AL𝛾 is the correct model

used by this mouse, the difference between the outputs is statistically insignificant and

so the simpler 2-parameter model will be preferred.

Accordingly, the mouse with the second lowest 𝛾ℎ value (mouse 16, 𝛾ℎ = 0.352) provided

the only other dataset to be recovered as TD-AL0 byourBIC analysis. When theparameter

penalty is reduced by AIC, the preferred model returns to TD-AL𝛾 in line with all other

subjects.

An additional feature of interest is that mouse 26’s dataset was the only one that returned

a scaling factor > 0.075 for the action-based models, as 𝜅 = 0.242 and 0.148 for TD-AL0

and TD-AL𝛾 , respectively. These models also had the largest 𝛼ℎ values at 1 and 0.053,

respectively. All other mice had 𝛼ℎ values of less than 0.005 - smaller by a factor of 10. In

conjunction, this suggests that the data provided for this mouse was recovered the least

well, as canbe confirmedwith the lack of visual synchronicity between all the simulations

and the true dopaminergic data. This poorer fit is further reflected in the BIC and AIC

values for the three action-based models, which are less negative for mouse 26 than any

of the other mice. It is difficult to determine why this dataset in particular struggled

to recover, though it possibly results from the model’s attempt to replicate the negative

dopaminergic signal at the start of the action.

Nevertheless, these measures are still significantly better than those for the TD-RL

models, providing further evidence that the recorded dopaminergic signals are more



92 4. Analysis of Neurophysiological Data

likely to be action-based signals than reward-based, even when TD-AL struggles to

recover appropriate parameters.

In sum, for all mice, we can confirm that there is evidence of an action-based learning

signal which is not simply a record of current kinematics. The comparison of TD-AL𝛾

and TD-AL0 is strongly influenced by the magnitude of the best-fitting 𝛾ℎ and requires a

subjective consideration of whether their BIC and AIC preferences result from overfitting

or capture a real difference in information contained within the signals. Unfortunately,

as will be explained in Section 4.5, it has not been possible to quantitatively analyse

the reliability of our model recovery, which would have been particularly useful when

considering nested models such as those presented here.

Next, we extend these results to consider whether evidence for APEs and, more

specifically, whether TD-AL can be uncovered at a population-wide level.

4.4.2 Group Bayesianmodel selection

An additional post-hoc BMS analysis was completed. Using the BIC and AIC values as a

stand-in for model evidence, this method allowed us to explore the model fits at a group

level (see Stephan et al.278 and Rigoux et al.270 for full details). It removes the common

assumption that a single model is shared by all members of a population (a ‘fixed effects’

comparison) and, instead, calculates the likelihood of the model distribution.

BMS assumes that the ratio of models within a population takes the form of a Dirichlet

distribution, such that each model, 𝑘 , occurs with a probability, 𝑟 , given the number

of unobserved occurrences, 𝛼𝑘 (Eq. 4.7). Additionally, this method presumes that the

models compared are the only models present in the population and thus, all 𝑟 sum to

1.

𝑃 (𝑟 |𝛼) = Dir(𝑟 , 𝛼) =
Γ
(∑

𝑘 𝛼𝑘
)∏

𝑘 Γ
(
𝛼𝑘

) ∏
𝑘

𝑟
𝛼𝑘−1
𝑘

(4.7)

where: 𝑟 = probability of model in population,

Γ = the gamma function,

𝛼 = unobserved occurrence of models in population,
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𝑘 = a given model within the population set.

Stephen et al.278 proposed that the model likelihoods can be compared according to the

conditionalmodelprobability,𝑃 (𝑟 |𝑦 ;𝛼), where 𝑦 represents theactual dataobserved. The

resulting exceedance probability, 𝜙𝑘 , can be interpreted as a measure of how likely it is

that a given model, 𝑘 , is the most prevalent model in a population (Eq. 4.8).

∀𝑗 ∈ {1...𝐾 |𝑗 ≠ 𝑘 } : 𝜙𝑘 = 𝑃 (𝑟𝑘 > 𝑟𝑗 |𝑦 ;𝛼) (4.8)

where: 𝜙𝑘 = exceedance probability for the model, 𝑘 ,

𝐾 = total number of models.

Rigoux et al.270 further extend this measure to produce the protected exceedance

probability, 𝜙𝑘 , which considers an error rate, or ‘Bayesian omnibus risk’, and calculates

how likely a givenmodel, 𝑘 , is to be themost prevalentmodel, over and above chance (Eq.

4.9).

∀𝑗 ∈ {1...𝐾 |𝑗 ≠ 𝑘 } : 𝜙𝑘 = 𝑃 (𝑟𝑘 > 𝑟𝑗 |𝑦 ;𝛼,𝐻0, 𝐻1) (4.9)

where: 𝜙𝑘 = protected exceedance probability for the model, 𝑘 ,

𝐻0 = null hypothesis that all models are equally frequent,

𝐻1 = alternative hypothesis that all models are not equally frequent.

These were calculated using the bms function created by Gershman279 and the protected

exceedance probabilities are reported in Fig. 4.6B.

For consistency with the common literature, we also indicate the distribution of BIC and

AIC values. Under an assumption that all members of a population utilise the same

model, thefixedeffect comparisonmethod191,278 expects the correctmodel to consistently

have the lowest (here, most negative) BIC across all subjects (Fig. 4.6A).

The fixed effect analysis confirms that the non-TD-RL models have significantly lower

BICs and AICs and, of these, TD-AL𝛾 is the best fitting model on average, but this

difference is negligible relative to TD-AL0. As expected, TD-RL performs the worst.
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Figure 4.6: Group Analysis of Model Fits.
A:A fixed effects comparison of themean BIC (blue) and AIC (red) values produced by each of the
models. The standard error of the mean is reported in the error bars.
B: A comparison of the protected exceedance probabilities, 𝜙𝑘 , for eachmodel using BIC and AIC
as approximations for model likelihood.

In contrast, the results from our BMS analysis are much clearer. Under the assumption

that some mice may use alternative (potentially nested) models, the protected

exceedance probability gives a 77.2% likelihood that TD-AL𝛾 is themost prevalent model

within the population, over and above chance. TD-AL0 is the next most likely at 10.8%.

This separation of 𝜙𝑘 between the two TD-ALmodels is exacerbated when the additional

parameter is penalised less strongly, with probabilities of 90.8% and 3.0%, respectively.

Thus, according to AIC, there is a 93.8% likelihood that, of our 5models, TD-AL underlies

the dopaminergic signal for most of the population, with a significant portion of these

applying a𝛾ℎ ≠ 0.

In all cases, TD-AL far exceeds the presence of action-only and TD-RL models, therefore

providing strong evidence that, for this population of mice, the dopaminergic signal is

more likely to contain an APE than an RPE.

4.4.3 Representing habits

Finally, although TD-AL makes no assumption about how 𝐻𝑎 values may influence the

selection and intensity of future actions, a complementary exploration of how well the

learnt𝐻𝑎 variables were able to describe the real action in the world was undertaken.

Given that TD-AL provided the best fit for the majority of models and that, when 𝛾ℎ = 0,

𝐻𝑎 is a direct representation of current expected action, a comparison of the resulting𝐻𝑎
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values to the speed in each trial is possible. Fig. 4.7 demonstrates the results for mouse

17, which was the example mouse shown in Greenstreet et al.3. This was a visual analysis

only and no quantitative tests were taken.

Figure 4.7: Speed and𝐻𝑎 Estimation.
A: The average speed of mouse 17 across
50 consecutive trials from early (blue) to
late (green) in training, aligned to action
initiation.
B: The average 𝐻𝑎 estimate for the same
trials as A, produced by TD-AL0 using the
best-fitting parameters.

The speed estimation on these trials is not perfect, as determined by the non-zero

APE signal and the delay in 𝐻𝑎 ’s decay following the peak speed. Nonetheless, Fig. 4.7

illustrates how, with training,𝐻𝑎 is able to expect action initiation and the time at which

the peak speed will be reached.

The slower rate of decay for 𝐻𝑎 is due to the microstimulus formulation as the model

attempts to replicate a non-Gaussian speed with a series of Gaussian basis functions

that have increasingly poor temporal accuracy (Fig. 3.1A) and without new microstimuli

being produced at the peak speed. This could potentially be ameliorated by increasing

the number of microstimuli produced by each event (currently, 𝑚 = 12); however, this

would rapidly become computationally expensive as the number of weights, and thus,

calculations, increases proportionally.

Ultimately, it would be beneficial to record corresponding efferent signals from the

striatum, to test whether the TS SPN themselves contain such a habit signal, just as value

signals have been found in the VS280.
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4.5 Discussion

4.5.1 Summary

This chapter has described the application of the TD-AL model developed in Chapter 3

to real dopaminergic data collected in from the TS of six mice during a two-choice CoT

task.

Five models were compared overall: TD-AL and TD-RL (both with and without 𝛾 ) and

an action-only model which did not learn to predict future actions. Across these models,

strong preference was found for TD-AL over TD-RL and the action-only model.

The existence of a non-zero 𝛾ℎ parameter was less apparent for two of the mice, whose

BICvalues are lower forTD-AL0. However, the significanceof this result isweakenedwhen

we consider the negligible difference between the TD-ALmodels’ BIC and AIC values for

these mice and the fact that TD-AL0 is a nested model within TD-AL𝛾 .

In future, repeating this analysis with a greater number ofmice and trials would be useful.

Of themice data provided by Greenstreet et al.3, three weremissing a significant number

of trials due to a recording error, which rendered it difficult to extract a good-fitting

learning model since the data during learning is absent. Further, to confirm that RPEs

are present in other striatal regions, an additional control couldbe completedby applying

the same fitting pipeline to data collected in the VS. Unfortunately, as this data was not

provided, the proposed analysis could not be undertaken at this stage.

4.5.2 TD-AL performance and limitations

Overall, the results presented in this chapter provide evidence that it is possible tomodel

APE-like signals using real neurophysiological data. The simulated APEs are categorically

distinct from RPEs and are more than a pure kinematic signal.

With a minimal number of free parameters, TD-AL is able to capture a significant degree

of the temporal dynamics in dopaminergic signalling. Even for the mice with a reduced

number of recorded trials, Fig 4.5 shows how well this model can qualitatively match the

collapse in peak magnitude as well as the forward shift in timing.
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Moreover, the fitting procedure uses real behavioural data to represent action intensity,

thus reducing the number of assumptions required when fitting the learning model.

The simulations from Chapter 3 (Section 3.3) applied a fixed Gaussian curve in each

trial and TD-AL was naturally able to learn this structure well, given the Gaussian basis

functions which underlie the microstimuli. In contrast, the real speed of the mice is far

less stereotyped, with the action duration and acceleration varying between every trial.

Impressively, despite this variability, TD-AL was still able to capture the dopaminergic

dynamics (Fig. 4.5) and produce a good estimate of future speed (Fig. 4.7).

One key limitation of using TD-AL, as presented in this chapter, is the absence of an

observation function. Without the ability to predict how this learning model would

influence real action, we are unable to (1) determine how the resultant habit influences

subsequent speed and choice and (2) produce surrogate data with which we could assess

model and parameter recovery.

This latter issue is particularly pertinent given the difference seen in our BIC and

AIC results. Successful model recovery analysis would confirm the degree to which

BIC overestimates the influence of additional parameters, while also introducing the

possibility to quantitatively determine how the number of trials included alters the

confidence with which we can recover the correct model. A deeper discussion regarding

the use of penalised fit metrics is provided in Section 7.2.1.2.

However, several factors render the development of such a model intractable. Most

pertinently, the continuous nature of this model across time- and action-space

necessarily implies that an observation function would not only need to select which

choice is made (left port or right), but also be capable of establishing both when an

action should be initiated and the temporal dynamics of the resultant action intensity.

Further, the goal-directed system must be defined and an assumption made on how

the two processes interact to produce actions. The data interrogated in this chapter

would be insufficient to extract the best fitting parameters for a goal-directed model

and, behaviourally, the mice are too stereotyped to isolate the extent to which habitual

learning controls actions. The introduction of additional constraints (for example, by
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including reversal trials) would allow for clearer disentanglement of the two processes.

Alternatively, though behavioural surrogate data cannot be produced, a less extensive

form of parameter and model recovery could be undertaken by creating simulated

PE signals from the behavioural data of each individual mouse across a systematic

range of parameters. This work would confirm whether the forward (leftward) shift in

dopaminergic peaks across training is sufficient to constrain 𝛾ℎ and, in concert with

a comparison to VS data, would reduce our reliance on BIC and AIC when drawing

conclusions regarding the nature of the underlying PE.

A second limitation in fitting models to this study arises from the inconsistent temporal

separation between the auditory cues and action initiation.

As the fitting procedure compares TD-AL to a dLight signal which is centred at the start

of movement and averaged across 200 trials, the temporal dynamics at cue presentation

are lost. Regrettably, the variable delay between the go-cue and action initiation fromone

trial to another prevented the inclusion of any cue-evoked dopaminergic dynamics since

doing so would mask the action-related information.

It would be particularly beneficial to repeat the fitting procedure described in Section

4.3.2 on a dataset which enforces a constant delay between the go-cue and action

initiation. The regression analysis completed in the original paper by Greenstreet et al.3

provides evidence supporting a lack of cue-response in the TS data and, thus, implies an

absence of𝛾ℎ . This contradicts our results which indicate thatmost of the datasets prefer

TD-AL𝛾 . Introducing the cue-responses as an additional constraint on𝛾ℎ would improve

the reliability of our model recovery and confidence in our parameter estimations.

Despite this, it is encouraging that the 𝛾ℎ values reported appear to correlate with real

information within the signals, which suggests some success in the constraining of

their final value. Though a peak at the predictive cue is the clearest indicator of a

non-zero 𝛾ℎ value, in Chapter 3, the simulations of models D and E (Fig. 3.2D and Fig.

3.2E, respectively) demonstrate that the 𝛿𝐻𝑎 dynamics following action initiation are also

influenced by𝛾ℎ and so, it is possible that these differences may be detectable here.

It is also notable that our 𝛾ℎ parameters remained lower than those usually reported for
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RPE models. This aligns with our discussion in Section 3.3.1.4, which explains that the

ability to calculate a continuous average of all expected future actions may confer less

of an advantage than the knowledge of what action should be occurring immediately.

A 𝛾ℎ value of 0 represents this argument taken to the extreme. For similar reasons, in

their implementation of an APE learning rule, Lee et al.255 compromised between the

two options and set the APE discount factor to 0.5. It is possible that this lowered 𝛾 may

be sufficient to obscure any cue-associated dopaminergic peaks in the data collected by

Greenstreet et al.3.

4.5.3 Dopamine in the TS

Finally, this chapter aimed to establish whether APE signals exist in the striatum.

Asbrieflydescribed in Section 4.2, the additional analysis completedbyGreenstreet et al.3

provided strong evidence supporting the existence of a learning signal that is associated

with action kinematics.

The application of a biologically-plausible TD-AL model has further established that

a realistic and mechanistic APE model is capable of reproducing these recorded

dopaminergic dynamics, using an identical computational unit to that normally assumed

for RPEs in the VS. Indeed, TD-AL provides a better fit for this data than an RPE-based

model. Both value-based goals and value-free habits can be learnt over continuous

time using the same neural pattern of connectivity, simply by altering the information

provided to the dopaminergic system.

RPEs andAPEs are not the only signals proposed to be containedwithin TS dopaminergic

dynamics. The TS has also been strongly associated with threat prediction errors (TPEs)

as part of the ‘weal andwoe’ theory of dopamine104, which posits that the caudal TS learns

to respond to aversive stimuli with avoidant actions, in contrast to the approach response

to rewards encoded in the more ventro-medial areas.

Greenstreet et al.3 do report seeing such TPEs during a threat-based looming-stimulus

experiment, within the samemice that were reported as showing an APE. However, these

signals were distinct from the APEs and optogenetic stimulation during this task did not
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increase aversive responses, where it had previously been shown to influencemovement

kinematics during action learning (Section 4.2).

Thus, these variables could feasibly be encoded in a separate subpopulation of

dopaminergic cells132 and their existence is not sufficient to disprove TS-located APE

signals, nor do they contradict the use of TD-AL as an explanatory model.

Overall, the data provided by Greenstreet et al.281 appears to show a real APE contained

within dopaminergic data. This signal is described by the TD-AL model over and above

both TD-RL algorithms and an action-only non-learning variable.

In the next chapter, we develop an observationmodel which accounts for the influence of

habits onboth choiceand RTand, inChapter 7, wediscussways inwhich this observation

model may be extended to utilise TD-AL.
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5.1 Introduction

The third researchquestion for this PhDaddresses the influence of habits onboth choices

and RTs.

As discussed in Section 2.1.3.4, isolating the expression of habits in humans poses a

significant challenge. So far, the primary solution has been to influence ‘slips-in-action’

by constraining the ability of the goal-directed system.

As S-R relationships are beneficial due to their efficiency in both time and cognitive

resources required, reducing the availability of said resources should logically increase

the expression of these habits while impairing the capacity of the goal-directed system.

To use the terms provided byDamaso et al.216, constraining the time available to react will

increase the number of fast ‘response-speed’ errors. If an S-R association has developed

during the task and is no longer appropriate, there should be a period of time for which

101
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these fast errors will bemore likely to express the habitual action over other chance errors

(induced by a lack of processing time).

In Chapter 6, we will interrogate data from Hardwick et al.4 who applied precisely this

logic to expose human habits and posited that habits will have a stronger effect on

actions with shorter RTs. However, Hardwick et al.4 were unable to test their data with

a mechanistic model since, to date, no RL-EAM has been developed which is able to

describe a system with multiple (>2) alternative choices and within-trial changes to

drift-rates.

The creation of an observation model imparts several advantages, as briefly discussed

in the previous chapter (Section 4.5). Specifically, determining how a subject utilises

information to guide future actions allows for this aspect to be considered during model

fitting. Thus, we can assess the likelihood that a subject’s behaviour was generated by

the model and the probability that a given action will be made in the future. Further, the

observation model can be used to produce surrogate data which enables the analysis of

the fitting procedure’s reliability.

Inspired by the proposal of a two-process time-dependency in habit expression and the

increasing prevalence of RL-EAMs (Section 2.3.4.2), we elected to develop an observation

model that could account for the influence of habits on RTs and replicate slips-of-action

under constrained time conditions.

In this chapter, themathematical equations underlying our novel two-drift race diffusion

model (TD-RDM) are outlined and a simplified value-free habit learning algorithm is

proposed. We thenpresent anear-analytical cost functionwhichcanbeused toefficiently

fit the TD-RDM algorithm to real data. The chapter ends with a discussion of the

predictions made by a value-free habit TD-RDM on choices and RTs, alongside potential

future extensions to both the learning and observation models.

5.2 The Mathematical Model

This section begins with a description of the mathematical algorithm underlying the

two-process race model. Subsequently, a potential value-free habit learning system is
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outlined.

Fig. 5.1 provides a schematic framework of both the learning and observation models

within a single trial.

Figure 5.1: The Habit-Race TD-RDM.
Top: A visualisation of the learning model
described in Section 5.2.2. The two
drift-rates in a given trial are extracted from
approximations of APE-based habits and
RPE-based ‘action-value’ variables.
Bottom: A schematic representation of the
evidence accumulation process in a single
trial, using the formulation developed in
Section 5.2.1. For each potential action,
after a non-decision time, 𝑡1, accumulation
begins with a constant drift-rate, 𝜇1,𝑎 .
If an action has not been selected by 𝑡2,
the drift-rate changes to a sum of habit
and goal-directed evidence, 𝜇2,𝑎 . The first
accumulator to reach a threshold value, 𝜃 ,
determines the choice and RT of the trial.

When developing the TD-RDM, we explored trial-by-trial observation models for two

reasons.

Firstly, when working in continuous time (as TD-AL does) it rapidly becomes

computationally intractable to use perpetually evolving variables (e.g., 𝐻𝑎 and 𝑄𝑎) to

predict a subject’s choices and RTs (Section 4.5.2). This is in large part due to the absence

of any analytical solution which can describe the probability of the action’s temporal

dynamics alongside choice and RT. Thus, even if such an observation model existed, the

processing power required to simulate each timestep within the data would far exceed

what is currently available.

Moreover, the measurements that TD-RDM replicates (choice and RT) do not require

continuous simulation, as the action intensity itself is not recorded. Each trial contains

only two datapoints, so increasing the model complexity confers no advantage and

trial-by-trial RL-EAMs are sufficient.
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5.2.1 Two-drift observationmodel

Individually, the multi-alternate forced choice scenario and changing drift-rate

requirements have both been solved by different models. The former was explicitly

addressed by the RL-RDM226, while the latter has been developed in an adaptation of the

DDM framework221,282. However, to our knowledge, no cohesive combination of the two

elements has previously been presented.

We elected to extend the RL-RDM framework to include time-dependent drift-rates,

rather thanworkingwith the RL-DDM for several reasons. Specifically, (1) thewithin-trial

noise is sufficient to account for both fast and slow errors227, rendering the start-point

variability unnecessary, (2) the RT distribution of a single RDM accumulator follows

an inverse Gaussian distribution function226,283, and (3) each accumulator evolves

independently of all others. These factors vastly simplify the resulting analytical

probability function (Section 5.3) of our TD-RDM.

Mathematically, within a trial, the activity of each accumulator, 𝑋𝑎 , drifts according

to a Wiener diffusion process. Accumulation with the first drift-rate, 𝜇1,𝑎 , begins at a

non-decision time, 𝑡1, and switches to a second drift-rate, 𝜇2,𝑎 , at a fixed time, 𝑡2, as

calculated in Eq. 5.1 and schematically shown in Fig. 5.1.

𝑑𝑋𝑎 (𝑇 ) =


𝜇1,𝑎𝑑𝑇 + 𝜎𝑑𝑊 (𝑇 ) if 𝑡1 ≤ 𝑇 < 𝑡2

𝜇2,𝑎𝑑𝑇 + 𝜎𝑑𝑊 (𝑇 ) if𝑇 ≥ 𝑡2

(5.1)

where: 𝑋𝑎 = accumulator activity for action, 𝑎 ,

𝜇1,𝑎 = first drift-rate for action, 𝑎 ,

𝜇2,𝑎 = second drift-rate for action, 𝑎 ,

𝑡1 = non-decision time,

𝑡2 = time at which the second process starts,

𝑇 = timestep within the trial,

𝑑𝑊 (𝑇 ) = Wiener process,

𝜎 = standard deviation of noise.
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As with RDM, the choice and RT of a trial is determined by the earliest time at which any

accumulator crosses a shared threshold value, 𝜃 .

5.2.2 Habit RLmodel

The TD-RDM observation function is generalisable and can flexibly be adapted to

multiple RL frameworks. Fig. 5.1 portrays one such algorithm, henceforth termed the

Habit-Racemodel. This model adapts the value-free system developed byMiller et al.1 to

a simpler, two-equation learning framework, while TD-RDM replaces the explicit arbiter

used in the original algorithm (Section 2.4.2).

For this Habit-Race model, the action-value variable, 𝑄𝑎 , and value-free habit variable,

𝐻𝑎 , learn from an RPE and APE, respectively, on any given trial (Eq. 5.2 and Eq. 5.3).

Note that an additional condition exists for the goal-directed learning rule (Eq. 5.2) which

does not for habit (Eq. 5.3) - the𝑄𝑎 values only update when the associated action, 𝑎 , has

occurred on that trial, such that 𝐴𝑎 (𝑡 ) = 1. This is equivalent to an assumption that the

agent only learns from the consequences of the executed choice since no information

has been provided regarding the potential value of the unselected action. In contrast, the

habits associated with all available actions update on every trial, wherein 𝐴𝑎 (𝑡 ) = 1 for

the executed choice and 𝐴𝑎 (𝑡 ) = 0 for all other potential actions. So the S-R relationship,

and thus,𝐻𝑎 , is weakened when the associated response is not made in a given state.

𝑄𝑎 (𝑠 , 𝑡 + 1) = 𝑄𝑎 (𝑠 , 𝑡 ) + 𝛼𝑞
(
𝑅 (𝑡 ) −𝑄𝑎 (𝑠 , 𝑡 )

)
𝐴𝑎 (𝑡 ) (5.2)

𝐻𝑎 (𝑠 , 𝑡 + 1) = 𝐻𝑎 (𝑠 , 𝑡 ) + 𝛼ℎ
(
𝐴𝑎 (𝑡 ) −𝐻𝑎 (𝑠 , 𝑡 )

)
(5.3)

where: 𝑄𝑎 = estimated value for action, 𝑎 ,

𝐻𝑎 = habit variable for action, 𝑎 ,

𝑡 = trial number,

𝑠 = state (or, stimulus seen),

𝑅 (𝑡 ) = reward received on trial, 𝑡 ,

𝐴𝑎 (𝑡 ) = action intensity for action, 𝑎 , on trial, 𝑡 ,

𝛼𝑞/ℎ = learning rate for𝑄𝑎 and𝐻𝑎 , respectively.
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These values are then translated into drift-rates for the subsequent trial (Eq. 5.4 and Eq.

5.5). In the Habit-Race model, the second drift-rate is the sum of the two variables,

modulated by two ‘temperature parameters’, 𝛽𝑞/ℎ . Thus, for the current state, 𝑠 , at trial, 𝑡 ;

𝜇1,𝑎 (𝑡 ) = 𝛽ℎ𝐻𝑎 (𝑠 , 𝑡 ) (5.4)

𝜇2,𝑎 (𝑡 ) = 𝛽ℎ𝐻𝑎 (𝑠 , 𝑡 ) + 𝛽𝑞𝑄𝑎 (𝑠 , 𝑡 ) (5.5)

where: 𝛽𝑞/ℎ = constant temperature parameter for𝑄𝑎 and𝐻𝑎 , respectively.

This simple formulation is not an absolute requirement of the TD-RDM and the

application of the learnt variables can be made more complicated; for example, through

a constant decay rate or by introducing competition between accumulators. Some

alternatives are discussed further in Section 5.4.

5.3 A Near-Analytical Cost Function

Simply establishing the trial-by-trial dynamics of the TD-RDM is only the first step in

applying RL-EAMs to explain behavioural data. Though this can be used to produce

surrogate data, it is also beneficial to be able to calculate the probability of both choice

and RT, given the previous experience of an agent. Doing so allows for the model’s

parameters, and thus, predicted output, to be specifically adapted tomatch the empirical

data of a given subject. This provides the possibility to compare (1) the relative likelihood

of various model formulations and (2) quantifiable parameters across subjects and/or

conditions.

To increase the efficiency of the fitting procedure, we have devised a near-analytical cost

function throughwhich the expectedmodel behaviour can be compared to experimental

results.

Specifically, this model can be exposed to two potential types of trial:

1. Free-RT trials: The agent is free tomake an actionwith no explicit time constraints,

i.e., when the accumulator passes a threshold value.
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2. Time-controlled trials: The preparation time given to the agent is externally

enforced such that the trial’s RT is fixed. Thus, its action is determined bywhichever

accumulator is highest at this point.

The cost function is unique in both of these, as the former requires the calculation of

𝑃 (𝑐 , 𝑅𝑇 ) and the latter, 𝑃 (𝑐 |𝑅𝑇 ).

5.3.1 Free-RT trials

The first trial type, wherein the agent is told to respond as fast as possible but is free to

act whenever it chooses, is the framework classically modelled using EAMs - a stimulus

is presented and cognitively processed, before the evidence for all available actions

accumulates until the first to reach the threshold activity level is executed. Fig. 5.2A

provides a schematic illustration of how this can be mathematically represented.

Figure 5.2: TD-RDM Free-RT Trials.
A: A schematic representation of the evidence accumulation process when the agent is free to
react at any time. Between 𝑡1 and 𝑡2 (red), the accumulator drifts with a mean rate 𝜇1 towards
a threshold 𝜃 . The associated RTs follow an inverse Gaussian distribution. In the second stage
(purple), the accumulator drifts at a mean rate 𝜇2,𝑎 . The new start point of each accumulator is
determined by its activity level at 𝑡2. Their distribution at this time follows the solution to the BVP
(Section 5.3.1.2).
B: A simulation replicating a free-RT trial as in A, for 10 trials with the parameter values outlined
in Table 5.1.
C: The RT distributions in a three choice context. The accumulator fromB (red) competes against
two others, purple (𝜇1 = 5, 𝜇2 = 5) and blue (𝜇1 = 1, 𝜇2 = 10). The RT distributions from 10,000
simulated trials are well approximated by the analytical solution (solid line).

The probability that accumulator, 𝑖 , reaches threshold activity level, 𝜃 , at time 𝑇 before

all others can be calculated through Eq. 5.6:
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𝑃 (𝐴𝑖 = 1,𝑇 = 𝑅𝑇 ) = 𝑓𝑖 (𝑇 )
∏
𝑗≠𝑖

(1 − 𝐹𝑗 (𝑇 )) (5.6)

where: 𝑓𝑖 = RT distribution’s probability density function (pdf) for action, 𝑖 ,

𝐹𝑗 = RT distribution’s cumulative density function (cdf) for action, 𝑗 .

This equation states that the likelihoodof anyaction canbedeterminedby theprobability

that the associated accumulator, 𝑖 , has reached the threshold activity level (𝑓𝑖 (𝑇 )) while

all other accumulators, 𝑗 , have not (1 − 𝐹𝑗 (𝑇 )).

At its core, this premise is simple enough. However, the complexity arises in providing

an analytical solution of the RT distribution for any given accumulator which requires a

consideration of the change in dynamics before and after 𝑡2. Specifically, we can redefine

𝑓𝑖 (𝑇 ) and 𝐹𝑖 (𝑇 ) as two separate formulae, such that:

𝑓𝑖 (𝑇 ) =



𝑓𝑖 ,1(𝑇 ) if 𝑡1 ≤ 𝑇 < 𝑡2

𝑓𝑖 ,2(𝑇 ) if𝑇 ≥ 𝑡2

0 otherwise

(5.7) 𝐹𝑖 (𝑇 ) =



𝐹𝑖 ,1(𝑇 ) if 𝑡1 ≤ 𝑇 < 𝑡2

𝐹𝑖 ,2(𝑇 ) if𝑇 ≥ 𝑡2

0 otherwise

(5.8)

5.3.1.1 Before 𝑡2

During the first stage of accumulation (𝑡1 ≤ 𝑇 < 𝑡2), the TD-RDM distribution is

the same as in the standard RDM framework. Anders et al.283 demonstrated how the

first-passage time of a Brownian accumulator diffusing towards a single threshold can

be approximated by the ‘inverse Gaussian’ (or shifted Wald) distribution (Eq. 5.9).

𝑇 ∼ 𝐼𝐺

(
Θ

𝜇
,

(
Θ

𝜎

)2)
, 𝑓1(𝑇 ;𝜇, 𝜎,Θ) =

Θ

Θ
√
2𝜋𝑇 3

𝑒
− (Θ−𝜇𝑇 )2

2𝜎2𝑇 (5.9)

where: 𝑇 = time to reach threshold,

Θ = distance from start point to threshold (𝜃 − 𝑧),

𝜇 = mean drift-rate,

𝜎 = standard deviation of diffusion.
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Similarly, the cdf of the inverseGaussiandistributionalreadyhas anestablishedanalytical

solution (Eq. 5.10):

𝐹1(𝑇 ;𝜇, 𝜎,Θ) = Φ

(√︂
𝜆

𝑇

(
𝜇𝑇

Θ
− 1

))
+ exp

(
2𝜆𝜇
Θ

)
·Φ

(
−
√︂
𝜆

𝜈

(
𝜇𝑇

Θ
+ 1

))
, 𝜆 =

(
Θ

𝜎

)2
(5.10)

where: Φ(𝑥) = cdf of the standard Normal distribution at 𝑥 .

For Fig. 5.2A, this period corresponds to the first accumulation time (red) and the pdf

function begins by following an inverse Gaussian distribution. Fig. 5.2B illustrates the

same formulation, as produced by 10 trials of a single accumulator, using the parameters

given in Table 5.1.

Parameter 𝜇1 𝜇2 𝜃 𝑡1 𝑡2 𝜎

Value 10 1 4.5 0 0.4 1

Table 5.1: Parameter values used to produce simulations in Fig. 5.2 and Fig. 5.3.

5.3.1.2 After 𝑡2

Following the drift-rate change, calculating the pdf becomes more complex.

Theoretically, each accumulator should continue to produce an inverse Gaussian

distribution with the new parameter settings. However, the distance to threshold, Θ, is

no longer a fixed value. Instead, it is dependent on the distribution of the accumulator’s

potential activity at 𝑡2, which is limited by the absorbing boundary at threshold.

Calculating the distribution of a Wiener accumulator’s activity as it approaches a single,

non-zero, absorbing boundary, 𝜃 , is also known as the ‘boundary value problem (BVP)’.

Thankfully, this already has an established solution284–286 (Eq. 5.11).

bvd(𝑧,𝑇 ;𝜇, 𝜎,Θ) = 1
√
2𝜋𝜎2𝑇

exp
(
−(𝑧 − 𝜇𝑇 )2

2𝜎2𝑇

)
− exp

(
2𝜇Θ
𝜎2

)
exp

(
−(𝑧 − 2Θ − 𝜇𝑇 )2

2𝜎2𝑇

)
(5.11)

where: 𝑧 = start point of second accumulator,

bvd = boundary value distribution of 𝑧 .
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Thus, we have all the elements necessary to calculate the cdf of our RT distribution

following 𝑡2, using Eq. 5.9, Eq. 5.10 and Eq. 5.11, by combining the cdf of the first

accumulation period with an integration of the second phase’s cdf across all potential

remaining distances to threshold (Eq. 5.12).

𝐹𝑖 ,2(𝑇 ;𝜇1, 𝜇2, 𝑡1, 𝜎, 𝜃 ) = 𝐹𝑖 ,1(𝑡2 − 𝑡1;𝜇1, 𝜎, 𝜃 )

+
∫ 𝜃

−𝜃
𝐹𝑖 ,1(𝑇 − 𝑡2;𝜇2, 𝜎, 𝜃 − 𝑧) · bvd(𝑧, 𝑡2 − 𝑡1;𝜇1, 𝜎, 𝜃 ) 𝑑𝑧 (5.12)

Unfortunately, determining the pdf of these trials analytically is intractable, as Eq. 5.12

cannot be differentiated. However, the pdf at any RT can be rapidly approximated

numerically as follows:

𝑓𝑖 ,2(𝑇 ;𝜇1, 𝜇2, 𝑡1, 𝜎, 𝜃 ) =
𝐹𝑖 ,2(𝑇 + 𝑑𝑡 ) − 𝐹𝑖 ,2(𝑇 − 𝑑𝑡 )

2𝑑𝑡
(5.13)

The requirement of this numerical approximation is what renders the whole solution

presented herenear-analytical. Regardless, it remainsmore efficient than the completely

numerical method of approximating the RT distribution for every combination of

parameters via simulation. Fig. 5.2C portrays the equivalency of these twomethods. The

near-analytical solution provides a good fit to the simulated RT distributions for each

choice.

5.3.2 Time-controlled trials

Calculating the cost function for the second trial type is much simpler as it has an

entirely analytical solution. The action selected in these trials is determinedbywhichever

accumulator has the highest activity at the externally enforced response time, and thus,

the lack of a threshold removes any need to consider the BVP. As such, the cost function

is consistent regardless of RT and amounts to a summation of the Normal distributions

for each potential accumulation step. Specifically, at any given RT, the activity of any

individual accumulator, 𝑋𝑎 , follows a Normal distribution (Eq. 5.14) whose mean and

standard deviation are determined by the time elapsed and the drift-rates experienced.
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𝑋𝑎 (𝑇 ) ∼



0 if𝑇 < 𝑡1

𝑁 (𝜇1,𝑎 (𝑇 − 𝑡1), 𝜎
√
𝑇 − 𝑡1) if 𝑡1 ≤ 𝑇 < 𝑡2

𝑁 (𝜇1,𝑎 (𝑡2 − 𝑡1) + 𝜇2,𝑎 (𝑇 − 𝑡2), 𝜎
√
𝑇 − 𝑡1) if𝑇 ≥ 𝑡2

(5.14)

where: 𝑁 (𝜇, 𝜎) = Normally distributed variable with mean, 𝜇, and s.d., 𝜎 .

Fig. 5.3A and 5.3B show the within-trial evolution of an accumulator and associated

activity distribution schematically and during numerical simulations, respectively. The

same parameter values (Table 5.1) are used for Fig. 5.3B as in Fig. 5.2B, with the clear

exception of 𝜃 . Fig 5.3B confirms the Normal distribution of a single accumulator across

10 trials (shown), as predicted in Fig. 5.3A.

Figure 5.3: TD-RDM Time-Controlled Trials.
A: A schematic representation of the evidence accumulation process when the agent needs to
hold responding until a predetermined response time. As there is no threshold, the accumulator’s
activity follows a Normal distribution throughout accumulation. The mean drift-rate of each
accumulation step is𝜇1,𝑎 during the first accumulation period (red) and switches to𝜇2,𝑎 following
𝑡2 (purple).
B:A simulation replicating the time-controlled trials as inA, for 10 trials with the parameter values
given in Table 5.1. The 𝜃 value from Fig. 5.2B is included for comparison.
C: The probability distribution of choices across different RTs for the three accumulators in Fig.
5.2C. The numerical solution from 10,000 trials (dashed lines) is overlaid on the analytical solution
(coloured lines).

Finally, to determine the likelihood of a given choice being made at the predetermined

RT, we must establish the probability that one accumulator has a higher activity than all

others at that point in time. This can be calculated through Eq. 5.15.
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𝑃 (𝐴𝑖 = 1|𝑅𝑇 = 𝑇 ) = 𝑃 (𝑋𝑖 (𝑇 ) > 𝑋 𝑗 (𝑇 ) |𝑇 ) =
∫ ∞

−∞
𝜙𝑖 (𝑥)

∏
𝑗≠𝑖

Φ𝑗 (𝑥)𝑑𝑥 (5.15)

where: 𝜙𝑖 = Normal pdf of 𝑋𝑖 at time𝑇 ,

Φ𝑗 = Normal cdf of 𝑋 𝑗 at time𝑇 .

Fig. 5.3C exhibits the probability dynamics in the same three choice scenario provided in

Section 5.3.1.1, calculated analytically through Eq. 5.15 and numerically via the simulation

of 10,000 trials.

Comparing the dynamics of the red (𝜇1 > 𝜇2) and blue (𝜇2 > 𝜇1) accumulators

highlights how a two-stage drift system should theoretically replicate slips-of-action

in time-constrained conditions. In a scenario where the habitual action and optimal

goal-directed choice are different, the former accumulator will have the larger 𝜇1 and

so will approach the threshold rapidly during the first time period. Thus, just as the

probability of the red choice approaches 1, any actions made during this time will be

biased towards those that have been repeated often in the past.

In contrast, the goal-directed system contributes to the drift-rate at a later timepoint, and

so, the latter choice with a strong𝑄𝑎 but weak𝐻𝑎 will requiremore time after 𝑡2 to gain on

and surpass the activity of the habitual ‘error’ accumulator. The larger the RT, the more

likely the agent is to execute the optimal, goal-directed, action.

5.4 Discussion

5.4.1 Summary

In this chapter, our novel RL-EAM was introduced, a model capable of simulating many

choices (> 2) whilst also providing a time-dependent drift-rate.

First, themathematical equations underlying the EAM framework, extended fromMiletić

et al.’s RL-RDM226 were presented. Then, we outlined how one potential RL algorithm

with value-free habits (simplified from Miller et al.’s formulation1) can be used in

conjunction.
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The following sectiondescribes thenear-analytical solutionwedeveloped to calculate the

probability of any choice and RT for a given trial and parameter combination, regardless

of whether (1) the actionwasmade before or after the drift-rate changes and (2) the agent

was free to react at any timeorhadanexternally enforcedpreparation time. Aspart of this,

we confirmed that the novel analytical pdf and cdf equations successfully replicate the

numerical approximations produced through simulations. Importantly, these equations

work on a trial-by-trial basis, such that the drift-rates can update between trials, as well

as changing within, through various RL algorithms.

This chapter concludeswith a brief overview of the predictionsmade for both the general

TD-RDMand amore specific habit-based TD-RDM, followed by a discussion of potential

alternative frameworks and future extensions.

5.4.2 Predictions of the TD-RDM

Several predictions can be made about the RT and choice distributions produced by a

TD-RDM framework.

Some are shared with other RL-EAMs, such as the assumption that, if choices with a

greater amount of evidence have larger drift-rates, then they are both more likely to be

selected over the alternatives and executed at an earlier RT. Further, RL frameworks tell

us that the RT distribution of an optimal choice should speed (left-shift) with training as

the drift-rates update and increase.

Additionally, the TD-RDM algorithm treats each accumulator as independent from all

others. When the diffusion process considers absolute evidence in this way, we predict

that two accumulators with equal levels of evidence will have identical mean drift-rates,

and thus, will produce identically speeded RT distributions regardless of whether the

other choice is available to execute. This assumption can be contrasted with DDMs,

where two actions are always placed in direct opposition and a single accumulator drifts

according to the relative evidence (𝜇 = 𝜇𝑎 − 𝜇𝑏 ). If the two options have equivalent

evidence, the drift-rates cancel out and the accumulator will take much longer to reach

either threshold, forcibly slowing the RTs.
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Similarly, the two drift-rates of a given accumulator within a trial can be made

independent (depending on how they form from the RL algorithm). As such, a strong

𝜇2 in a TD-RDM framework does not necessarily imply a faster RT if 𝜇1 remains low.

Moreover, when the drift-rates are in agreement and positive, the RT distribution speeds

andprobability of action execution increases, as the distance to threshold is continuously

reduced.

The Habit-Race TD-RDM framework provides two additional predictions. Most

pertinently, subjects are more likely to make habitual errors at fast RTs, as posited by

Hardwick et al.4. This assumption is an extension of the generalised speed-accuracy

trade-offand introduces a temporary additionalbias towardshabitual errorsover random

errors between 𝑡1 and 𝑡2.

Further, as with all value-free habitmodels, we can also predict that execution of habitual

actions will continually reinforce them. Thus, if an agent is made to react before 𝑡2

repeatedly, wewould expect that theywill bemore likely tomake habitual errors in future

trials than an agent that regularly acts after a long delay.

5.4.3 Potential alternative formulations

The Habit-Race framework presented in this chapter is vastly simplified and, when

appropriate, many additional elements can be introduced to both the RL and EAM

systems. Chapter 6 interrogates how adaptations to the learning rules influence the

predicted outcomes to determine whether human behavioural data provides evidence

of habits.

Despite our upcoming focus on the RL component of TD-RDM, a few keymanipulations

of the EAM are also available. The simplest of thesemay be a constant bias termwhereby

the drift-rate for any action is either increased or decreased by a fixed amount depending

on the individual’s preference for choosing that action. Equally, the internal motivation

of the animal could be modelled using an additive urgency signal,𝑈 , which is constant

across drift-rates but may adapt between trials287.

Notably, the TD-RDMas presented here does not apply the advantage framework288 used
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by Miletić et al.226. This modification introduces direct competition between choices.

Rather than each accumulator representing a single choice that drifts according to the

absolute evidence, the ‘advantage RDM’ calculates the drift-rates as a combination of (1)

the relative reward expectancy (Q-values) of a given pair of actions, (2) the sum of those

Q-values, and (3) a baseline urgency signal.

However, this rapidly becomes complicated for multi-alternate choice scenarios since

separate accumulators are required for each pair of available actions. As such, each

choice is present inmultiple accumulators andanadditional assumptionmustbeapplied

to determine how an action is triggered. Miletić et al.226 resolved this by modelling

action selection as the first choice for which all associated accumulators had crossed

threshold, with the RT determined by the accumulator with the latest first-passage time.

Although there are valid arguments supporting the application of this framework, we did

not explore this further since our decision to extend the RDMwas specifically motivated

by the straightforward inclusion of multi-alternate choices. Despite this, the TD-RDM

can easily be extended to apply this framework as the analytical solution is unaffected -

the cost functionmust simply be based on the slowest accumulator for any given choice.

Briefly, adaptations may also bemade to the way in which the RL algorithm is applied by

theEAM. For example, 𝛽𝑞/ℎ doesnot need tobe a constant termand couldbepermitted to

change both within and across trials. For the former, we can imagine a scenario in which

𝛽ℎ is reduced after 𝑡2 as the agent relies more strongly on the goal-directed evidence.

Adapting 𝛽 parameters across trials would allow for the introduction of an ‘arbiter’-like

term1. Consistently across models of action selection and habits, uncertainty is believed

to play a role in their expression (Section 2.1.2.3, Section 2.3.1). The value-free1 and

DopAct2 models both include this explicitly. Alternatively, a simpler trial-by-trial

formulationwas proposed byMikhael and Bogacz48 wherein the degree to which𝑄𝑎 (and

𝐻𝑎) fluctuates across trials, 𝑆𝑞/ℎ , is calculated through biologically-plausiblemechanisms

which take advantage of the D1R- andD2R-expressing SPNs. This uncertainty term could

either influence 𝛽 directly or be introduced as an additional variable when determining

drift-rates.
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Finally, the RL update rules themselves can be changed; for example, by introducing a

decay term to the 𝑄 -values so that they do not remain high when unselected for long

periods of time or by employing separate learning rates for positive and negative PEs.

The decision onwhether to include any of the potential adaptations proposed above rests

with the researcher’s interest in investigating whether the added complexity would allow

the model to better explain key features in the data.

In Chapter 6, we will explore and compare the extent to which four variations of the RL

model can explain the real human data collected by Hardwick et al.4 that inspired the

development of this model.
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6.1 Introduction

Having developed the TD-RDM in Chapter 5, we are now in a position to tackle our final

research question: is it possible to quantify the impact of habits in human behavioural

data?

As previously discussed (Section 2.1.3.4, Section 5.1), humans have a larger degree of

cognitive control over their actions and (are likely to) understand the experimental tasks

better than their rodent counterparts. One consequence of this is that it is much harder

to detect habits in humans through extinction tests, regardless of the method used

(devaluation, reversal tests or contingency degradation)82. Thus, human behavioural

research turned instead to manipulating participants’ capacity for cognitive control and

117
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interrogating whether habits emerge as a compensatory mechanism.

The novel TD-RDM provides a mechanistic structure with which we can test Hardwick

et al.’s4 proposal that, since the S-R relationship is quicker to process, habits can be used

to prepare a response while the slower, optimal goal-directed choice is being evaluated.

As a result, the effect of these habits would be entirely masked when a participant is able

to wait for the goal-directed information to arrive, irrespective of the amount of training

experienced.

In Chapter 5, we specifically demonstrated how introducing temporal constraints to

an agent using the Habit-Race model would predict an RT-dependent increase in the

number of slips-of-action produced, as was reported by Hardwick et al.4 during their

time-controlled trials.

Now, the TD-RDM is applied to investigate whether Hardwick et al.’s4 behavioural data

contains evidence of two processes with different temporal profiles. The mechanistic

model’s parameters can be further used to explore how individuals differ in their

expression of habits and how this is influenced by factors such as habit strength, the

relative weighting of S-R and A-O information, and the time required to process the

goal-directed expectations.

This chapter begins with an overview of the experimental methods and results presented

by Hardwick et al.4 in their study investigating the effect of time constraints on habit

expression. Following this, four RL-EAM algorithms are outlined, three of which are

variationsof theTD-RDMpresented in theprevious chapter. Ananalysis of themodel and

parameter recovery is provided before the models are fit to the human behavioural data

and the best-fitting parameters are analysed. Finally, we conclude with a brief discussion

of TD-RDM’s performance and limitations.

6.2 Study by Hardwick et al., 2019

Hardwick et al.4 interrogated the influence of time constraints on the expression of

human habits in a visuomotor association task with a novel paradigm (Fig. 6.1), in 22

participants (initially 24 with two incomplete datasets). The experiment can be broken
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down into three core components:

1. Initial learning

In the initial instrumental association task, participants were asked to maximise

reward by learning to respond to a visual stimulus with the correct computer

key-press. In each trial, one of four potential cues was shown (letters of the

Phoenician alphabet) and selection of the associated key would always produce a

reward (a pleasant sound), while errors triggered a ‘punishment’ (1 second delay

period with a buzzer noise) before the participant could attempt the trial again.

The participant group underwent two counterbalanced rounds of (1) minimal and

(2) extensive training, with distinct stimuli sets. During the extensive training

condition, participants completed an additional 4000 trials over a period of 4 days

prior to testing.

Participant accuracy was determined in a ‘criterion phase’; individuals could only

progress to the next stage when they correctly responded to five consecutive trials

Figure 6.1: Hardwick et al. 2019, Experimental Design.
A schematic overview of Hardwick et al.’s4 visuomotor association task. Participants learnt a
deterministic cue-key response mapping for four stimuli, before the relationship was switched
for two of the cues. Once participants achieved a high enough accuracy on the newmapping they
completed 500 trials under a time-controlled paradigm. Here, the participant had to respond
on the fourth tone, and the overall response time was externally determined by the interval
between stimulus presentation and the final tone. All phases of the task were performed twice
in a counterbalanced manner, once with minimal training and once with extended experience
(an additional 4000 trials).
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for each stimulus (thus, creating aminimum requirement of 20 trials). Theminimal

training condition began at this criterion phase and the task was learnt very quickly

by most participants (𝑛 = 52 ± 6 in the minimal training condition).

2. Reversal learning

Once participants had reached the required accuracy, the mapping of stimulus to

action was reversed for half of the cues. This resulted in two cues with ‘consistent’

mapping across all trials, and twowith a distinguishable ‘habitual error’ and correct

‘remapped’ response.

This stage is an identical criterion phase as for initial learning. Once participants

had reached the required accuracy they proceeded to the time-controlled trials.

Reversal learning required approximately 40 trials during the extended training

condition (𝑛 = 39± 4), which was statistically equivalent to their performance after

minimal training (𝑛 = 44 ± 5).

3. Time-controlled trials

The explicit testing of habit expression was performed in the final phase of the

experiment. Theoretically, since the reversal training was shorter than initial

learning under the extended condition, the habitual S-R associations should not

have changed substantially, even when their expression is masked by the updated

goal-directed A-Omapping.

In each trial, four toneswere sounded out in a regular rhythmandparticipantswere

instructed to respond simultaneously with the fourth. To control the participants’

preparation times for each trial, the presentation of the cue occurred at different

time intervals in relation to this final tone. The accuracy of actions across the range

of response durations was compared between (1) the stimuli with consistent S-R

and A-O relationships, (2) the habitual errors made, and (3) the actions that were

newly correct for the remapped cues.

As expected, Hardwick et al.4 reported no statistically significant difference between the

minimal and extended training conditions in either the RTmeasurements or the number

of trials-to-accuracy during the reversal phase. They found no evidence supporting the
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existence of habits following extended training when the participant is free to respond

at an internally generated RT. This result is in line with much of the literature on human

habits, which has rarely found a developed resistance to extinction (Section 2.1.3.4).

However, measurements during the time-controlled paradigm were markedly different.

As shown in Fig. 6.2, behaviour immediately following the initial processing period

temporarily reverted to habitual errors (∼ 300−600ms), before correcting to goal-directed

responses as the preparation time increased. This effect does not occur in the minimal

practice condition, nor for the stimuli with consistent cue-key associations.

Figure 6.2: Hardwick et al. 2019, Results.
The average behaviour of participant responses during the time-controlled trials in the minimal
and extended condition. Each line represents a moving average of how often the associated
response was selected as a function of time elapsed following stimulus presentation. Random
(non-habitual) errors are not shown.
MinimalTraining: Followinganon-decision timeof∼ 300ms, theproportionof correct responses
steadily increases for both the consistent (pink) and the remapped stimuli (blue). The habitual
errors (orange) decay to 0 as accuracy increases.
Extended Training: The curves show the same non-decision time and correct responses for
consistent stimuli (pink) as in the minimal condition. Between ∼ 300 to 600ms, when the
remapped stimuli are presented, there is a preference for selecting the habitual error (orange)
which delays the increase in correct remapped responses (blue). The saturation point for the blue
curve does not always reach 100%.

Hardwick et al.4 concluded that their results likely arose as a product of two parallel

processes with different non-decision times: a faster ‘habitual’ accumulator and a slower

‘goal-directed’ one. To test this proposal, they developed their ‘response-selection’model

(Fig. 6.3).
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This probabilistic model makes no assumptions about the mechanistic process

underlying the likelihood of an action being selected at a given timepoint. Instead, it

posits that the habitual and goal-directed processes work to prepare a response and the

time required for this preparation may vary between trials (Fig. 6.3A and Fig. 6.3C). In

TD-RDM terms, this can be conceptualised as allowing 𝑡1 and 𝑡2 to vary with a Gaussian

distribution (Eq. 6.1) whilst removing any drift-diffusion delays.

𝑡1 ∼ 𝑁 (𝜇1, 𝜎1), 𝑡2 ∼ 𝑁 (𝜇2, 𝜎2) (6.1)

Following presentation of a consistent stimulus, once the associated ‘preparation time’

has passed, the newly planned action has a set probability of occurring, 𝑞1, which was

set to 0.95 for Hardwick et al.’s4 analyses. All other actions are equally likely to happen

Figure 6.3: The Response-Selection Model.
A: The probability distribution of the response preparation time occurring when a consistent
stimulus is shown.
B: The probability of the correct choice being made in response to a consistent stimulus during a
time-controlled trial. Accuracy saturates at 𝑞1.
C: As A, for remapped stimuli. The parametrisation of 𝑡1 (orange), and thus the habitual error
being prepared, is unchanged since it experienced the same training as the consistent mapping.
The correct choice is prepared at time 𝑡2, and has a delayed and extended distribution (blue).
D: AsB, for remapped stimuli. There is an early period for which a habitual error is more likely to
occur (𝑡1 < 𝑡 < 𝑡2), after which the correct response dominates and saturates at 𝑞2. Habitual errors
continue to occur as there is a probability, 𝜌 , of the goal-directed action failing to replace habit.
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(Table 6.1). Since the prepared actions are non-specific (correct/incorrect, rather than a

fixed key), the Gaussian parameters are shared for all stimuli. Therefore, as RT lengthens,

the probability that 𝑡1 has occurred increases and so too does the likelihood of the correct

response being executed, until it saturates at 𝑞1 (Fig. 6.3B).

In the case of a remapped stimulus, two preparation time curves are produced: one

for the habitual error (𝑡1) and the other for the remapped action (𝑡2) (Fig. 6.3C). The

response-selection model assumes that, as both habitual errors and consistent stimulus

actions share the same training experience, the 𝑡1 distributionparameters andprobability

of action selection (𝑞1) are identical in both cases.

In contrast, the correct response to remapped stimuli is less established, and so, the

preparation time is delayed such that 𝜇𝑡1 < 𝜇𝑡2 and 𝜎𝑡1 < 𝜎𝑡2 . The new probability of

executing the correct response, 𝑞2, was allowed to vary between participants but not

across trials. Hardwick et al.4 further enforced that 𝑡1 must be less than 𝑡2 on any given

trial, so these curves are not entirely independent. Consequently, the proportion of

habitual actions being executed is determined by the probability that 𝑡1 has occurred and

𝑡2 has not, which produces the temporary expression of habits seen in Fig. 6.2D.

Interestingly, this model applies an ‘all-or-nothing’ policy - once the remapped action

is prepared, the probability of making a habitual error becomes equal to all other

actions (Table 6.1). Late habitual errors are accounted for using an additional probability

parameter, 𝜌 , which is superimposed over the response-selectionmodel and determines

whether the prepared goal-directed action fails to override the habitual error (i.e., a 𝑡2

Stimulus Seen Action t < t1 t ≥ t1

Consistent
Correct 0.25 𝑞1

Error 0.75 1 − 𝑞1

Stimulus Seen Action t < t1 t1 ≤ t < t2 t ≥ t2

Remapped
Correct 0.25 (1 − 𝑞1) · 1/3 𝑞2

Habitual Error 0.25 𝑞1 (1 − 𝑞2) · 1/3
Other Error 0.5 (1 − 𝑞1) · 2/3 (1 − 𝑞2) · 2/3

Table 6.1: The influence of stimulus and time on the probability of action selection in Hardwick
et al.’s4 response selection model.
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failure rate).

Using this model, Hardwick et al.4 showed that applying this two-curve setting for

remapped stimuli after extended training provided a better fit than a single distribution

alone for 17/22 participants.

However, though the response-selection framework provides a good visual

representation of the data, several core elements are absent in such probabilisticmodels.

Most importantly, they include no information regarding the individual participant’s

experience nor the process by which the non-response time distributions are formed.

Similarly, the all-or-nothing approach implies that, once the goal-directed system

has finished preparation, there is no bias towards habitual choices over completely

unrewarded errors. This is known to be false due to the incomplete saturation of the

correct choices on remapped trials and occasional late-RT habitual errors. The inclusion

of the 𝜌 term superimposes this effect with no mechanistic explanation.

With the same number of parameters, the TD-RDM algorithm can account for and

quantify these effects. Thus, in this chapter, we extend upon Hardwick et al.’s4 work to

directly test the two-accumulator theory using our mechanistic TD-RDM (Section 5.2).

6.3 Methods

The TD-RDMdescribed in Chapter 5 was developed in order tomathematically simulate

the time-dependent accumulation process proposed by Hardwick et al.4. In this chapter,

this newmechanistic model allows us to address two core questions:

1. Does Hardwick et al.’s4 data provide evidence for a time-dependent two-process

accumulation system?

2. If so, is one of these processes best explained by a value-free S-R association?

This section begins with a summary of the four models that we applied to the data

collected by Hardwick et al.4. Then, the method used to estimate the best-fitting

parameters for a given dataset is outlined. The section ends with a description of the

model and parameter recovery measures that are used to refine the fitting procedure

ahead of its application on real human data (Section 6.4).
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6.3.1 Four potential models

Section 5.4 discussed some potential adaptations to the TD-RDM learning rules and a

subset of these were tested here.

The first of these algorithms, the RL-Race model, is a simplified version of the RL-RDM

framework developed by Miletic et al.226 and acts as our control (Fig. 6.4A). Habits are

not included and all accumulators experience a single drift-rate. This can alternatively

be conceptualised as a special case of the TD-RDM where the drift-rate is unchanged at

𝑡2.

Second, a TD-RDMwithout value-free habits is included (Fig. 6.4B). TheRL2-Racemodel

instead initially drifts according to a 𝑄 -value with a lower learning rate than the latter

(𝛼𝑞1 << 𝛼𝑞2). This algorithm aligns with previous formulations of model-free habits, such

that the secondary process learns from an RPE but is slower to update, thus producing an

extended record of previously experienced A-O events.

Finally, we developed two versions of our APE-based Habit-Race model, presented in

Chapter 5 (Section 5.2), which differ in their calculation of 𝜇2,𝑎 . One, the Habit-Race1𝛽

model, applies the previously shown additive structure wherein the goal-directed

information is superimposed on a constant habit-based drift (Fig. 6.4C). This provides

the simplest conceptualisation of two independent processes. However, it brings the

unintended consequence that 𝜇2,𝑎 can never be smaller than 𝜇1,𝑎 , causing an action with

a strong habit to continue to race towards the threshold at the same speed, even when

the goal-directed information is in direct opposition.

To counteract this, we introduced the alternative Habit-Race2𝛽 algorithm with a

time-dependent 𝛽ℎ value (Fig. 6.4D). Specifically, the degree to which 𝐻𝑎 influences the

drift-rate changes at 𝑡2 from 𝛽ℎ1 to 𝛽ℎ2 , both of which are constant parameters. We make

no assumptions regarding the relative values of these two temperature terms.
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Figure 6.4: Four RL-EAMModels.
Eachmodel is separated into the learning rule (top), and the EAM (bottom). The associated graph
portrays a single free-RT trial.
A, RL-Race: a simplified RL-RDM with a single drift-rate. Between each trial, a Q-value of the
previously selected action (blue) updates according to the reward received and is then used to
determine the drift-rate on that subsequent trial (blue).
B, RL2-Race: a TD-RDM with no value-free habits. The first drift-rate is formed from𝑄1,𝑎 (light
blue)whichhas a slower learning rate than𝑄2,𝑎 (dark blue). These are summed to form𝜇2,𝑎 (blue).
C, Habit-Race1𝛽 : as presented in Chapter 5, Fig. 5.1.
D, Habit-Race2𝛽 : an extension of C, with two value-free habit temperature terms (red). The first,
𝛽ℎ1 is used to calculate the first drift-rate, 𝜇1,𝑎 (red), while 𝛽ℎ2 controls 𝐻𝑎 ’s contribution to 𝜇2,𝑎
(purple).
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For ease of reference, the equations used by all four models are repeated below.

Evidence Accumulation

𝑑𝑋𝑎 (𝑇 ) =


𝜇1,𝑎𝑑𝑇 + 𝜎𝑑𝑊 (𝑇 ) if 𝑡1 ≤ 𝑇 < 𝑡2

𝜇2,𝑎𝑑𝑇 + 𝜎𝑑𝑊 (𝑇 ) if𝑇 ≥ 𝑡2

(5.1)

Learning:

𝑄𝑎 (𝑠 , 𝑡 + 1) = 𝑄𝑎 (𝑠 , 𝑡 ) + 𝛼𝑞
(
𝑅 (𝑡 ) −𝑄𝑎 (𝑠 , 𝑡 )

)
𝐴𝑎 (𝑡 ) (5.2)

𝐻𝑎 (𝑠 , 𝑡 + 1) = 𝐻𝑎 (𝑠 , 𝑡 ) + 𝛼ℎ
(
𝐴𝑎 (𝑡 ) −𝐻𝑎 (𝑠 , 𝑡 )

)
(5.3)

Drift-rates:
t1 ≤ T < t2 T ≥ t2

RL-Race 𝛽𝑞𝑄𝑎 𝛽𝑞𝑄𝑎

RL2-Race 𝛽𝑞1𝑄1,𝑎 𝛽𝑞1𝑄1,𝑎 + 𝛽𝑞2𝑄2,𝑎

Habit-Race1𝛽 𝛽ℎ𝐻𝑎 𝛽ℎ𝐻𝑎 + 𝛽𝑞𝑄𝑎

Habit-Race2𝛽 𝛽ℎ1𝐻𝑎 𝛽ℎ2𝐻𝑎 + 𝛽𝑞𝑄𝑎

6.3.2 Fitting procedure

The fitting procedure applied in this chapter calculates the best-fitting parameters of a

givenmodel to each participant’s dataset throughmaximum likelihood estimation (MLE)

and the use ofMATLAB’s fmincon function (as in Chapter 4). The likelihood of any given

trial was calculated using the appropriate TD-RDM cost functions developed in Section

5.3.

We begin by specifying which trials are included in the fitting procedure, before

discussing the model parameterisation. Finally, we describe the mathematical details of

calculating the negative loglikelihood (NLL) when cost functions differ between trials.

6.3.2.1 Data preprocessing

When developing the fitting procedure, we initially had to decide which trials were

relevant and necessary to include.

Trialswhere theparticipant either respondedbefore 𝑡1, after 2 seconds, or didnot respond
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at all were omitted. This exclusion criteria arises from an assumption that such trials are

produced by a separate cognitive process or that the participant was not engaging with

the task.

The trials with long latencies or no response suggest that the participant was either

allowing a much greater degree of cognitive consideration or was not attempting to

respondasquickly as theycould. Ineither case, EAMsareno longer appropriate toexplain

the data. Hardwick et al.4 applied the same criteria in their analysis.

Removing trials prior to 𝑡1 is less common but is justified specifically when working with

time-controlled trials and the TD-RDM. Excluding very rapid trials (e.g., <100ms) is often

done under the assumption that these are aberrations, either due tomechanical errors in

recording or because the participant had already prepared a response before the stimulus

was seen (hence, as above, was not applying an EAM)289,290. Classically, the non-decision

time can then be constrained by the fastest of the remaining trials so no further exclusion

is necessary. However, as we will explore further below (Section 6.3.2.2), Hardwick et

al.’s4 time-controlled paradigm introduces multiple trials with responses before 𝑡1, and

so, before any accumulation can occur, thus obscuring parameter recovery.

While all remaining trials are included during the learning process, they do not

necessarily confer equal amounts of information regarding the underlying model.

Specifically, the extended condition of the Hardwick task comprises of roughly 4000 trials

of very deterministic data that vastly outnumbers all other trial typeswhile providing very

little information with which the parameters can be constrained.

Across all participants and conditions, 50 trials were sufficient for an individual to fully

learn the task. Therefore, to reduce the chance of over-representing this deterministic

subset of data, we elected to omit all but these first 50 trials from the initial learning phase

of the extended condition. No further trials were excluded from fitting in the reversal

or time-controlled phases. With this approach, we are still able to determine which

parameters will best replicate the learning behaviour of both the initial and reversal

mapping, as well as the responses to time-controlled trials.

Lastly, during the free-RT trials, when participants made a mistake, they were allowed
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to try again following a punishment delay period. These further attempts provided

the participants with additional information regarding the stimulus-key mapping and

so were included during the learning process. However, since the stimulus remained

consistent, we assume that preparation for the subsequent response occurred during the

punishment phase and could not be used for fitting the EAM.

6.3.2.2 Model parameterisation

All but two of the parameters included in this model are allowed to freely vary during

fitting.

Thefirst fixedparameter is the standarddeviationofnoise in theWeinerprocess,𝜎 , which

is typical when fitting diffusion models227. The absolute values of threshold, drift-rates

andnoise onlyhold value in relation to eachother, since it is their ratioswhichdetermines

the final behaviour of the model. As such, one of these values must be held constant in

order for any fitting procedure to be successful and 𝜎 is classically fixed at 1227. This has

the added benefit of simplifying many analytical equations.

The second fixed parameter, 𝑡1, requires a heuristic estimation due to its latent nature

during free-RT trials and our trial exclusion criteria affecting the time-controlled

responses. As briefly touched on, the estimation of a non-decision time is often

constrainedby a participant’s earliest RT.However, humans rarely act before 𝑡2 during the

free-RT trials, instead waiting for the goal-directed processing to complete before acting.

Equally, during the time-controlled trials, participants are required to act before 𝑡1 and

TD-RDM assumes that actions are selected with equal probability during these trials. As

a consequence, if 𝑡1 is allowed to freely vary and these trials are included during fitting,

then a strong local minima is produced when 𝑡1 collapses to the largest possible value.

This is further exacerbated when these trials are excluded as it will always be optimal for

thefinal solution tomake this value as large aspossible at the expenseof theoverallmodel

accuracy. Thus, 𝑡1 must be held constant and the earlier trials can be removed without

consequence.

We tested several potential methods to estimate 𝑡1 as the nature of TD-RDM’s masked
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habit process impairs our ability to constrain this parameter’s value.

Theoretically, 𝑡1 represents the earliest moment in which a participant uses information

to guide their actions, i.e., when the time-controlled responses deviate from random

selection. Ideally, this could be extracted from the standard deviation of the response

curves shown in Fig. 6.2, or in the mutual information between stimulus and response

at a given timepoint291. Unfortunately, for this dataset, the number of trials during

the time-controlled phase is insufficient to calculate either of these measures with any

accuracy. Instead, we must rely on a moving average when plotting the time-controlled

data. As a result, the value of these measures at any timepoint is strongly dependent on

thewindowused: too large and the time-controlled curves are too generalised topinpoint

an exact 𝑡1, while if it is too small, the resultant plots are pure noise.

Ultimately, we estimate 𝑡1 thanks to a specific feature of participant’s responses that

emerges during the extended condition only. As behaviour remains deterministic after

3000+ repetitions, participants increasingly express occasional trials with very rapid

responses. These trials are still within the range of realistic EAM responses (RT >

0.2s)289,290 and largely match the participant’s accuracy in surrounding trials, which

implies that visual processing of the stimulus is still occurring and that these aren’t

periods of random fast presses.

Under an assumption that 𝑡1 represents the insurmountable limitation in visual

processing and mechanistic execution of key-presses, then the shortest of these rapid

RTs can be used as a proxy heuristic. Thus, 𝑡1 is fixed to the fastest RT with a correct

response in the final 1000 trials of early learning. We further specify that only the first

action after presentation of a stimulus is included, for the same reasons outlined above

when excluding post-error trials fromfitting. Additional analyses confirm thatmodel and

parameter recovery are both robust to errors in 𝑡1 (Appendix A).

Our heuristic is specifically appropriate to the exact Hardwick et al.4 set-up. Other

experimental paradigms may be able to estimate 𝑡1 differently, particularly if there are a

sufficientnumberof trials to accuratelydeterminewhen themutual informationbetween

stimulus and response first increases.
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The limits of the remaining free parameters (𝛼𝑥 , 𝛽𝑥 , 𝜃 and 𝑡2) are summarised in Table

6.2. Note that 𝛼ℎ has very strict constraints because an APE-based 𝐻 variable is strongly

self-reinforcing; i.e., if the habit rapidly becomes very strong, the agent never explores

other options and is unable to learn the task. We further enforce that 𝛼𝑞1 must be smaller

than 𝛼𝑞2 for RL2-Race, to ensure that the𝑄1 variable is slower to update.

Parameter 𝛼𝑞/𝛼𝑞𝑥 𝛼ℎ 𝛽𝑥 𝑡1 𝑡2 𝜃 𝜎

Limits 0-1 0-0.005 0-100 Est. 𝑡1 - 0.6 0.1-100 1

Table 6.2: Limits placed on the value of parameters during MLE parameter estimation.

6.3.2.3 Calculating goodness-of-fit

The trial-by-trial nature of the TD-RDM ensures a simplistic learning process. For all

datapoints included in the learning simulation, the agent is provided with the stimulus

seen, choice made, RT and outcome experienced. From this, the model’s learning rules

extract all the information required to update the 𝑄𝑎 and (when included) 𝐻𝑎 variables

for that trial.

Once learning is complete, these variables can be used to calculate the associated

drift-rates and, thus, the likelihood of an action occurring at a given timepoint for each

relevant trial. Section 5.3 described the development of the TD-RDM cost functions in

detail, but their final equations are repeated here for reference. The likelihood for either a

free-RT trial, 𝐿 𝑓 , or a time-controlled trial, 𝐿𝑐 , are givenbyEq. 5.6 andEq. 5.15, respectively.

𝐿 𝑓 (𝑡 ) = 𝑃 (𝐴𝑖 = 1,𝑇 = 𝑅𝑇 ) = 𝑓𝑖 (𝑇 )
∏
𝑗≠𝑖

(1 − 𝐹𝑗 (𝑇 )) (5.6)

𝐿𝑐 (𝑡 ) = 𝑃 (𝐴𝑖 = 1|𝑅𝑇 = 𝑇 ) =
∫ ∞

−∞
𝜙𝑖 (𝑥)

∏
𝑗≠𝑖

Φ𝑗 (𝑥)𝑑𝑥 (5.15)

The calculation of the overall likelihood that a complete dataset was produced by a given

model and set of parameters is complicated by the inclusion of two trial types. More

specifically, not only do the cost functions for the free-RT and time-controlled trials differ,

but they also operate on a different number of trials.
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To account for these differenceswhen calculatingNLL, the free and time-controlled trials

are summed separately, before being weighted by an additional parameter,𝑤𝑐 (Eq. 6.2).

𝑁𝐿𝐿 = −
(
(1 −𝑤𝑐 )

𝑛 𝑓∑︁
𝑡=0

log(𝐿 𝑓 (𝑡 )) +𝑤𝑐

𝑛𝑐∑︁
𝑡=0

log(𝐿𝑐 (𝑡 ))
)

(6.2)

where: 𝑁𝐿𝐿 = negative loglikelihood of data given the model and parameters,

𝑤𝑐 = weighting towards time-controlled trials,

𝑛 𝑓 = number of free-RT trials included in fitting,

𝑛𝑐 = number of time-controlled trials included in fitting,

𝐿 𝑓 = likelihood of a free-RT trial,

𝐿𝑐 = likelihood of a time-controlled trial.

The fixed weight, 𝑤𝑐 , can be optimised through systematic testing in order to maximise

model recovery (Section 6.3.3.3). In the next section, we outline several quantifiable

measures that describe the efficacy of the fitting procedure.

Finally, as in Chapter 4, once the minimal NLL has been extracted, BIC analysis can

be used to assess which model best describes the data. However, as NLL is an explicit

likelihood, rather than an SSE approximation (Section 4.3.2), we return to the generalised

BIC and AIC equations275 (Eq. 6.3 and Eq. 6.4). Thereafter, group BMS analysis (Section

4.4.2) is completed to determine the probability that a given model is the most prevalent

in the population.

𝐵𝐼𝐶 = 2 · 𝑁𝐿𝐿 + 𝑝 log(𝑡 ) (6.3)

𝐴𝐼𝐶 = 2 · 𝑁𝐿𝐿 + 2log(𝑝) (6.4)

where: 𝑝 = number of free parameters in the model,

𝑡 = number of trials included in fitting.

6.3.3 Recovery analysis

This subproject includes a focussed analysis of our model and parameter recovery

methods. By assessing the reliability and accuracy of the fitting procedure, not only can
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we better establish our confidence in the results, but we are also able to optimise the𝑤𝑐

weighting parameter rather than using an arbitrary assumption.

6.3.3.1 Producing surrogate data

Performing parameter andmodel recovery analysis first requires the creation of surrogate

data via simulation. These datasets are created using the same experimental paradigm

as was experienced by the participants.

Since the trueunderlyingmodel andparameters are known,we are able to gain ameasure

of how reliably the parameter estimation and model selection provided by our fitting

procedure can be trusted.

For each potential model, 100 agents were randomly assigned a set of parameter

values from a fixed range (Table 6.3) which were confirmed to produce realistic results.

Specifically, simulations run with parameters outside this range were either incapable of

(1) learning the task at all, (2) completing either criterion phase within a realistic number

of trials or (3) producing RT distributions similar to those recorded by Hardwick et al.4.

Again, we further specified that 𝛼𝑞1 be smaller than 𝛼𝑞2 for the RL2-Race model datasets.

Parameter 𝛼𝑞/𝛼𝑞2 𝛼𝑞1 𝛼ℎ 𝛽𝑞/𝛽𝑞2 𝛽ℎ𝑥 /𝛽𝑞1 𝑡1 𝑡2 𝜃 𝜎

Minimum 0.1 0.001 0.001 5 1 0.2 𝑡1 2 1
Maximum 0.5 0.25 0.005 13 5 0.4 0.6 5 1

Table 6.3: The parameter values used to produce surrogate data of the Hardwick task.

The datasets themselves were simulated in two stages to replicate the minimal and

extended condition datasets following the sequence described in Section 6.2 and Fig.

6.1. The free-RT and time-controlled trials differed in how the choices and RTs were

generated, but not in their learning rules. For any given agent, the simulation of each

trial follows a set series of steps:

1. A stimulus, 𝑠 , (1-4) is presented.

2. The drift-rates of four accumulators are calculated using the appropriatemodel (as

above) and the associated𝑄𝑎,𝑠/𝐻𝑎,𝑠 values for the stimulus, 𝑠 .

3. The accumulators drift for 2 seconds (dt = 0.001) according to Eq. 5.1.
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4. A choice is made (𝐴𝑎 (𝑡 ) is set):

(a) In a free-RT trial, the first accumulator to pass threshold is determined and the

associated action and RT is returned.

(b) In a time-controlled trial, the trial duration is selected from a uniform

distribution (𝑇 ∼𝑈 (0, 1.8)) and the accumulator with the highest value at that

timepoint determines the action returned.

5. If the selected action is correct for the current cue-key mapping, a reward is given

(𝑅 (𝑡 ) = 1), otherwise, 𝑅 (𝑡 ) = 0.

6. Themodel’s𝑄𝑎,𝑠/𝐻𝑎,𝑠 values for that stimulus update according to Eq. 5.2 or Eq. 5.3.

Once the time-controlled trials for theminimal condition are completed, the RL variables

for all actions and stimuli are reset to 𝐻𝑎,𝑠 = 0 and 𝑄𝑎,𝑠 = 0.5 before the simulation

of extended condition trials begins. The start values for 𝑄𝑎 ensure exploration at an

early stage and represent an assumption that, when an agent is in a new environment,

it believes all actions have an equal potential to produce a reward.

6.3.3.2 Measuring recovery

Parameter estimates and NLL values can be extracted for each of the surrogate datasets

by applying the fitting procedure as though we were working with real behavioural data.

Using these results, parameter recovery is straightforward to assess - the correlation

between true and estimated parameter values should approach a perfect positive

correlation as the accuracy increases.

It is worth noting that there is a known difficulty in constraining associated 𝛼 and 𝛽

terms when fitting RL-EAMs, as they largely trade-off against one another191. Instead,

it is standard to assess recovery of their product, since it is their relative values that are

detectable within the data.

Model recovery is usually quantified in two ways, through a confusion matrix and/or an

inverse matrix191 (Fig 6.5A). For each surrogate dataset, BIC analysis is used to select the

best-fitting model. By comparing the true model, 𝑀𝑇 , with the recovered model, 𝑀𝑅 ,

we can calculate both the 𝑃 (𝑀𝑅 |𝑀𝑇 ) and the 𝑃 (𝑀𝑇 |𝑀𝑅 ), for every model. The former
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of these is themost commonly reported in a confusionmatrix, while the latter inverts the

confusion matrix to provide a measure of our confidence that the recovered model truly

is underlying the data.

As the accuracy and reliability of model selection increases, the mean value of the

matrices’ diagonals will also increase, thereby allowing us to compare a single measure

when discussing recovery efficiency.

6.3.3.3 Estimating𝑤𝑐

Weapplied this surrogate data recovery to determine the optimal value for𝑤𝑐 , the relative

weight parameter that controls thebias towards time-controlled trials in theNLL function

Figure 6.5: Optimising wc.
A: A diagrammatic representation of the information contained within confusion and inverse
matrices. The arrows begin at the information given and point to the model in question. The
co-ordinates at which theymeet is where the respective probability is recorded (e.g., 𝑃 (𝐴rec |𝐵true)
and 𝑃 (𝐵true |𝐴rec), for the confusion and inverse matrix respectively).
B: The varying impact of𝑤𝑐 on recovery of the free-RT trials (red) or time-controlled trials (blue).
Theplots provide the averageNLLvalue acrossmodels (±𝑠 .𝑑.). A𝑤𝑐 of 0.95 is indicatedby adashed
line.
C: As B for the average correlation coefficients for each type of parameter. The product of 𝛼 and
𝛽 has been subdivided into those used for variables in the first accumulation period (𝛼1 × 𝛽1, 𝐻𝑎

and𝑄1,𝑎 ) and the variables that are introduced at 𝑡2 (𝛼2 × 𝛽2, 𝑄𝑎 and𝑄2,𝑎 ). The 𝛽ℎ2 term used by
Habit-Race2𝛽 is further separated.
D: As B, for the diagonal sum of the confusion matrix (blue) and inverse matrix (red) across𝑤𝑐 .
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(Eq. 6.2). By running the fitting procedure many times with 𝑤𝑐 ranging from 0 (free-RT

trials only) to 1 (time-controlled trials only), in steps of 0.05, we are able to directly

compare improvements to both parameter and model recovery. As these simulated

datasets did not include the subset of rapid trials we will use to estimate 𝑡1 in the human

data,weassumedaperfect recovery and set 𝑡1 to its true value for thepurposesof selecting

𝑤𝑐 . The results of this analysis, and the justification for our𝑤𝑐 value, are described in this

section.

First, we assessed whether inclusion of both trial types was appropriate. Comparison

of the raw NLL data (Fig. 6.5B) shows that, unsurprisingly, 𝑤𝑐 = 0 dramatically worsens

the model’s ability to explain behaviour in the time-controlled trials, and vice-versa

for 𝑤𝑐 = 1. Therefore, looking at the time-controlled data alone, as in Hardwick et

al.4, is insufficient to describe habitual behaviour when realistic learning processes are

considered. Equally, parameter recovery largely saturates for𝑤𝑐 values between 0.05 and

0.95with impairments at the extremes, particularly for 𝛼2×𝛽2, which encompasses 𝛼𝑞×𝛽𝑞

and 𝛼𝑞2 × 𝛽𝑞2 (Fig. 6.5C).

Model recovery also saturates across the central 𝑤𝑐 values, though two peaks in

𝑃 (𝑀𝑇 |𝑀𝑅 ), our inverted confidence metric, emerge at 𝑤𝑐 = 0.25 and 0.95 (Fig. 6.5D).

The latter of these is minimally larger at a mean recovery of 0.73 across all four models.

Therefore, as parameter recovery at 𝑤𝑐 = 0.95 is acceptable, this setting shall be used

for all future analyses. It is worth noting that this does not necessarily represent a

prioritisation of the time-controlled data, but rather a compromise to directly compare

probabilities and probability densities, the latter of which can reachmuch greater values

given that it is not constrained between 0-1.

6.4 Results

6.4.1 Surrogate data

This sectionprovides analysis of theparameter andmodel recoveryproducedby applying

theoptimisedfittingprocedure. These resultswill thenbeused to explore the relationship
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between the expression of habits and the best-fitting parameters extracted for the

Habit-Race1𝛽 model under Hardwick et al.’s4 experimental paradigm.

6.4.1.1 Parameter andmodel recovery

Across all four models, parameter estimation is largely successful. As shown in Fig. 6.6,

the correlation between the true parameter and the best-fitting parameter returned by

our fitting procedure is strong for 𝜃 , 𝑡2 and the Q-learning parameters applied during

the second accumulation period. This effect is weaker for RL2-Race, but we deemed the

correlation strength to still be acceptable for the analyses completed in this chapter.

Unfortunately, recovery is not as successful for the RL parameters which influence the

strength of 𝑄1,𝑎 and 𝐻𝑎 . The reasons for this are twofold. First, the absolute values of

these parameters are very small, and fmincon is often less accurate at this scale. Second,

these parametersmost strongly affect a very small subset of the data - the time-controlled

Figure 6.6: Parameter Recovery Analysis.
The correlation of true parameters (x-axis) against the recovered parameters (y-axis) for all free
parameters. Each column represents data produced by one of the four separate models, from left
to right: RL-Race, RL2-Race, Habit-Race1𝛽 , Habit-Race2𝛽 .
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trials with an RT between 𝑡1 and 𝑡2. Any trials with a longer RT can largely compensate for

small differences in the poorly recovered parameters with equally small changes in the

later, larger RL parameters (𝛼𝑞/𝑞2 and 𝛽𝑞/𝑞2). This is similar to the known redundancies

between 𝛼 and 𝛽 for RL-EAMs191.

Overall, we deemed our parameter recovery to be sufficient to continue with the current

fitting procedure, though the accuracy of a given parameter will be considered when

discussing results on human data in later sections.

The confusion and inverse matrices (Fig. 6.7) provide further insight into our confidence

that the fitting procedure and BIC analysis selects the correct model.

Perhaps unsurprisingly, the two habit models are difficult to distinguish from each other.

Figure 6.7: Model Recovery Analysis.
A: Confusion matrix for recovery of all four models when𝑤𝑐 = 0.95, organised as in Fig. 6.5A.
B: Inverse matrix for recovery of all four models when𝑤𝑐 = 0.95, organised as in Fig. 6.5A.
C: As A, but the two Habit-Race models have been grouped together.
D: As B, but the two Habit-Race models have been grouped together.
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They differ by a single parameter and Habit-Race1𝛽 is nested within Habit-Race2𝛽 - if 𝛽ℎ2

approaches 𝛽ℎ1 , then the two systems become equivalent. Despite this, Fig. 6.7A and 6.7B

show that it is possible to detect the existence of multiple drift-rates and to determine

whether the former drift-rate uses an APE.

This separation of habit-based drift from an RPE variable is made more apparent if the

two habit models are grouped together, as in Fig. 6.7C and 6.7D. The probability that the

recovered model is accurate is over 85% for all three model iterations.

As with parameter estimation, RL2-Race is the least-well classified of the models, with

18% being recovered as one of the twoHabit-Race systems. More importantly, the inverse

matrix inFig. 6.7Dshows that 14%ofdatasets recoveredasRL2-Raceare actuallyproduced

using an APE-based drift-rate. The total confidence of the fitting procedure is high, but

these values will be considered when drawing future conclusions regarding participant

data.

6.4.1.2 Estimating habits with mechanistic parameters

Finally, this surrogate data can be applied to assess the degree to which different

parameters influence habit expression in time-controlled trials. Specifically, we can

produce a linear regressor that predicts ‘habit strength’ using the estimated parameters

extracted during fitting. This exploratory analysis (1) allows us to confirm that the

best-fitting parameters are capturing the behaviours of interest and (2) indicates which

parameters are of particular interest when quantifying human habitual behaviour.

As the ‘habit strength’ is a latent property, we must rely on proxy measures. Two

interrelated and quantifiable consequences of habit expression were extracted from

the time-controlled trials following extended training: (1) the maximum height of the

habitual error curve, 𝑅ℎ , and (2) the maximum separation between the consistent

and remapped curves, 𝑅𝑠 (Fig. 6.8A). In combination, these observable measures

encompass the relative strength of 𝐻𝑎 and 𝑄𝑎 whilst accounting for influence of other

drift parameters. For conciseness, rather than producing two regressionmodels for these

highly correlated values, a principal component analysis (PCA) was completed to extract
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their latent shared relationship. In accounting for both measures, the final regression

model allows us to interrogate a generalised influence of ‘habits’ overall, which may be

further advantageous for any future work that can apply the Habit-Race model but is

unable to specifically record 𝑅ℎ and 𝑅𝑠 .

From the 200 datasets produced by either Habit-Race model, we excluded 15 whose 𝛽ℎ

parameter exceeded 30 as outliers before the PCA components were calculated. The first

of these, PC1, explained over 91% of the variance in the proxy measures, with coefficients

of 0.629 and 0.778 for 𝑅ℎ and 𝑅𝑠 , respectively. The resultant relationship is shown in Fig.

6.8B. Thus, we interpret PC1 as a measure of the latent habit strength in the data.

Next, 𝛼𝑞 , 𝛼ℎ , 𝛽𝑞 and 𝛽ℎ were selected as predictors together with an additional term,

𝑡ℎ , that is formed from the difference between 𝑡1 and 𝑡2 to provide the duration of the

first accumulation period. Since the habit strength proxies were extracted from the

time-controlled data, 𝜃 was omitted. These variables were supplemented with five

interaction terms, representing the relationship within the𝑄𝑎 or𝐻𝑎 parameters (𝛼𝑥 : 𝛽𝑥),

the innate duration of drift (𝛽𝑥 : 𝑡ℎ) and the relative contributions of𝑄𝑎 and𝐻𝑎 (𝛽𝑞 : 𝛽ℎ).

The Habit-Race1𝛽 parameters were chosen for this investigation as the majority of the

Habit-Race datasets were recovered as this simpler model and the introduction of 𝛽ℎ1

and 𝛽ℎ2 would increase the number of terms by 50%.

The regressor’s final variables are summarised in Eq. 6.5 and Table 6.4.

PC1 ∼ 𝑘 + 𝛼𝑞 + 𝛼ℎ + 𝛽𝑞 + 𝛽ℎ + 𝑡ℎ + 𝛼𝑞 : 𝛽𝑞 + 𝛼ℎ : 𝛽ℎ + 𝛽𝑞 : 𝑡ℎ + 𝛽ℎ : 𝑡ℎ + 𝛽𝑞 : 𝛽ℎ (6.5)

where: PC1 = latent habit strength in extended training time-controlled trials,

𝑡ℎ = duration of the first accumulation period (𝑡2 − 𝑡1),

𝑘 = intercept.

The final regression model was statistically significant (𝑅2 = .64, 𝐹 (10, 174) = 31.5, 𝑝 <

0.000) and capable of predicting PC1 (Fig. 6.8C). Of the eleven terms in Eq. 6.5, only three

were found to significantly affect habit strength: 𝛼ℎ , 𝑡ℎ and 𝛼ℎ : 𝛽ℎ . The significance of

these three parameters is intuitively predictable as they have the greatest impact on 𝐻𝑎
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Term Coefficient Standard Error t-statistic p-value

𝑘 -0.149 0.158 -0.942 0.348
𝛼𝑞 -0.0368 0.197 -0.187 0.852
𝛽𝑞 -0.0127 0.0139 -0.911 0.363
𝛼h -74.9 11.8 -6.36 1.74×109
𝛽ℎ -0.0103 0.0182 -0.563 0.574
th 1.44 0.531 2.71 0.00741

𝛼𝑞 : 𝛽𝑞 -0.0109 0.0196 -0.558 0.578
𝛼h : 𝛽h 25.7 3.23 7.96 2.13×10−13
𝛽𝑞 : 𝑡ℎ -0.00362 0.0490 -0.0738 0.941
𝛽ℎ : 𝑡ℎ 0.0808 0.0511 1.58 0.116
𝛽𝑞 : 𝛽ℎ -7.05×10−4 0.00128 -0.549 0.584

Table 6.4: Linear regressor coefficients when estimating habit strength. Significant terms are
highlighted in bold.

Figure 6.8: The Habit-Race1𝛽 Linear Regressor.
A: A schematic representation of how 𝑅ℎ and 𝑅𝑠 are calculated from the time-controlled trials in
the extended training condition, as in Fig. 6.2.
B: A scatter-plot showing the positive correlation between two measures of habit expression, 𝑅ℎ
and 𝑅𝑠 . The latent habit-strength component, PC1, is shown through the overlaid colour-map. An
𝑥 = 𝑦 reference line is provided (grey dashed).
C: The accuracy of the PC1 predictions made by the linear regressor. An 𝑥 = 𝑦 reference line is
provided (grey dashed).
D:A visualisation of how 𝛼ℎ influences the relationship between 𝛽ℎ and the PC1 estimate, adjusted
to average out the influence of all other terms.
E: The 𝛼ℎ values plotted against adjusted PC1 estimates when the influence of all other terms are
accounted for, including 𝛼ℎ : 𝛽ℎ . The least-squares line of best fit is provided (blue).
F:The 𝑡ℎ values plotted against adjusted PC1 estimateswith the least-squares line of best fit (blue).
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expression. The interaction of 𝛼ℎ and 𝛽ℎ determines the initial habitual drift-rate, while

a larger 𝑡ℎ delays the influence of𝑄𝑎 .

Next, we interrogate the significance of the interaction term more closely. The positive

regression co-efficient states that, as 𝛼ℎ increases, so too does the impact of 𝛽ℎ on PC1,

and vice-versa (Fig. 6.8D). This follows rationally from our understanding of the model

- a larger 𝛼ℎ increases the speed at which 𝐻𝑎 changes. Thus, when habitual actions are

regularly executed as a result of a large 𝛽ℎ , a positive feedback loop forms and the 𝐻𝑎

variable gains strength proportionally to 𝛼ℎ . Similarly, an accumulator with a very low

𝛽ℎ will struggle to reach threshold, regardless of habit strength, and so, habitual errors

would become rare. In this case, a large 𝛼ℎ will promote extinction and the PC1 estimate

will decrease.

The negativemain effect of 𝛼ℎ alone can be seen in Fig. 6.8E. The regression coefficient of

the 𝛼ℎ term denotes the influence of this parameter when the effect of all other terms are

accounted for, including 𝛼ℎ : 𝛽ℎ . This suggests that, in isolation, this parameter promotes

extinction rather than habit strength.

The final term discussed here is 𝑡ℎ , whose value has an expected positive impact on

PC1 (Fig. 6.8F). When time spent accumulating at an average drift of 𝜇1 lengthens, the

interval in which a participant is likely to make a habitual error increases, together with

the absolute number of time-controlled trials within this period.

Having developed this deeper understanding of how the fitted parameters influence

expression of habits in simulated behaviour, we can now interrogate Hardwick et al.’s4

participant data.

6.4.2 Human data

6.4.2.1 Qualitative Assessment

As in Chapter 4, visual analysis of the models’ capacity to replicate the true data is key

to ensuring that the recovered parameters are capturing real patterns in the participant’s

recorded behaviour. Later sections will then interrogate BIC recovery across the whole

population and explore the quantifiable measures of habit strength in human data.
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For clarity and conciseness, this chapter focusses on a subset of four participants

rather than the entire cohort and explores the degree to which they successfully

recover behaviour in both the free-RT and time-controlled trials. Though the free-RT

distributions generally vary less between participants andmodels, they are also included

for their utility in (1) confirming that the RT structure and accuracy are well-captured and

(2) identifyingwhen recovery of the unselectedmodels is especially poor. Supplementary

figures containing the full dataset are included in Appendix B.

We begin with a discussion of two individuals who exemplify the expected behaviour of

their recoveredmodel (S15 andS23, Fig. 6.9). Then, a participantwith aparticularly strong

𝑅𝑠 signature in the absence of a clear 𝑅ℎ peak is examined (S18, Fig. 6.10A). The final case

study (S24, Fig. 6.10B)demonstrates anexceptionallypoorqualitative recoveryof𝑅ℎ and is

included to highlight a key limitationwhenfitting the sameparameter values to disparate

datasets.

The first participant, S15, behaves exactly as a classical single drift-rate RDM would

predict (Fig. 6.9A).

During the time-controlled trials, after an initial periodof randomaction selection, a swift

and steady increase in accuracy can be observed. The gradient of this improvement is

highly similar between the two training conditions. Indeed, the most salient difference

after extended training is a increased propensity to make occasional habitual errors,

as the associated error and remapped curves saturate above zero and below one,

respectively.

The RL-Race simulation provides an adequate replication of this time-controlled

behaviour, though it is unable to maintain habitual errors without the inclusion of an

additional process, as with 𝜌 in the response-selection model4 (Section 6.2). The more

complex models provide no improvement to this fit and RL-Race is sufficient to explain

thedata. Similarly, the free-RTdistribution iswell capturedbyallmodels, thoughRL-Race

has the lowest proportion of habitual errors.

Our next example participant, S23, is the first to demonstrate a transient increase in

habitual errors after extended training (Fig. 6.9B), which is further associated with a
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Figure 6.9: Example Participants.
Comparison of participant behaviour and the best-fitting model simulations. Two subjects are
included, S15 (A) and S23 (B), who were recovered as RL-Race and Habit-Race2𝛽 , respectively.
Each row illustrates behavioural data (row 1) or a given model (rows 2-5). The simulations are
averaged over 10 iterations and the ±𝑠 .𝑑. is provided. The 𝑡1 and 𝑡2 estimates are indicated (dotted
and dashed lines, respectively).
Free RT (left): The RT distribution of the free-RT trials included during fitting. Correct responses
during initial learning and consistent trials during reversal learning are combined (pink). The
remapped trials during reversal learning are divided between the correct responses (blue) and
habitual errors (orange).
Time-Controlled (centre and right): As in Fig. 6.2, the moving average of choice proportions
is provided for correct responses to consistent (pink) and remapped stimuli (blue), alongside
habitual errors (orange).

much larger 𝑅𝑠 than S15. Both habitual models were able to capture this behaviour well.

Although Habit-Race2𝛽 mildly overestimates 𝑅ℎ , it is the preferred model.

The explanation for this recovery can be found by considering the other two subsets

of data. First, Habit-Race1𝛽 produced a greater number of habitual errors during the

remapping free-RT trials. More importantly, the recovered 𝑡2 value is much larger for the

simplermodel, which results in an overlong period of randomaction selection during the
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minimal time-controlled trials.

This difference illustrates the impact of 𝐻𝑎 ’s mutable influence within trials. Including

𝛽ℎ2 allows the balance of habits and goal-directed evidence to shift following 𝑡2 and thus,

for 𝜇2 to actively correct earlier accumulation. As such, early habitual expression can

be much larger without impairing the rate of reversal and increased accuracy during the

second accumulation period. Habit-Race1𝛽 must perform the same compromise with a

constant 𝛽ℎ𝐻𝑎 term. This can only be achieved by drastically reducing the habit strength

while increasing the duration of 𝑡ℎ , such that that the associated accumulators can reach

the appropriate activity level.

Together, the above participants provide clear examples of successful qualitative

simulations of humanbehaviour. Now, we complement this analysis with the exploration

of two case studies who illustrate two interesting latent features of the data that were

highlighted during recovery. Specifically, S18 represents the small subset of participants

whose habitual behaviour continues into late RTs (Fig. 6.10A), while S24 demonstrates a

particularly strong disconnect between the data’s visual representation of habits and the

model that is recovered (Fig. 6.10B).

To begin, S18 selected a Habit-Race model as its preferred fit despite no visual evidence

of a transient habit 𝑅ℎ peak (Fig. 6.10A). This is rendered possible by the recovery of

𝑅𝑠 and the continued influence of habits on action selection. Specifically, following

extended training, this participant exhibits a distinct and prolonged period in which

habitual actions occur at a consistently high rate as accuracy fails to reach saturation for

the remapped trials. This protracted expression of habits without a peak requires 𝐻𝑎 to

influence the drift-rate following 𝑡2 without any prior accumulation, which is evidenced

by the collapse between 𝑡1 and 𝑡2. In so doing, a difference is maintained between the

pattern of action selection in consistent and remapped trials.

This participant’s behaviour is particularly extreme, but exemplifies how habits

continue to exist and influence action selection beyond the initial preparation period.

Interestingly,with the lossof thefirst accumulationperiod, this participanthas essentially

returned to a single-drift RL-RDM which utilises additional APE-based variables. Only
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Figure 6.10: Two Case Studies.
Comparison of participant behaviour and the best-fitting model simulations, as in Fig. 6.9. Two
subjects are included, S18 (A) and S24 (B), who were recovered as Habit-Race2𝛽 and RL-Race,
respectively. Each row illustrates behavioural data (row 1) or a given model (rows 2-5). The
simulations are averaged over 10 iterations and the ±𝑠 .𝑑. is provided. The 𝑡1 and 𝑡2 estimates are
indicated (dotted and dashed lines, respectively). The free-RT (left) and time-controlled (centre,
right) behaviour are provided.

one other participant, S21 (Appendix B), demonstrated a similar collapse in 𝑡2.

In contrast to the other participants shown here, the replication of S24’s behaviour is

qualitatively poor (Fig. 6.10B). This individual shows a very clear peak in habitual errors

(𝑅ℎ) following extended training with a corresponding delay in accuracy. Despite this,

RL-Race was selected as the preferred model. This is an especially striking outcome

given that, qualitatively, the 𝑅ℎ value for S24 is better captured by both RL2-Race and

Habit-Race2𝛽 .

Instead, model preference seems to have been more strongly determined by the

best-fitting habit parameters’ failure to replicate behaviour during the free-RT and
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minimal training datasets. In the latter of these, S24’s data shows an immediate increase

in accuracy that very quickly saturates at 1 - an effect which cannot currently be balanced

against the large 𝑅ℎ after extended training. Achieving such a rapid increase during

the first accumulation period would require either (1) habits to have been completely

relearnt during remapping - thus placing 𝐻𝑎 and𝑄𝑎 in agreement, or (2)𝑄𝑎 to influence

drift-rates at an earlier timepoint. The former of these options is possible, but we would

then expect the same absence of habits after extended training. In future work, this

forced compromise could be resolved through extensions to the model. Some potential

adaptions will be discussed further in Section 7.1.3.2.

Similarly, in attempting to recover time-controlled trials under both training conditions

with a single set of parameters, replication of the free-RT trials in S24 has failed

significantly for both habit models. As briefly mentioned above, there is generally very

little difference in the precise replication of the free-RT trials, particularly as habitual

errors are rare during this period. S24 is one of the exceptions to this. For all subjects,

the best-fitting model provides a good replication of free-RT behaviour.

Overall, key patterns in human behaviour are reproduced by their best-fitting models.

However, the accuracy and magnitude of this recovery appears to be partially impaired

by the inclusion of multiple conditions and trial-types for the same parameter set. The

replication of 𝑅ℎ and 𝑅𝑠 is explored further in Section 6.4.2.3.

6.4.2.2 BIC analysis and group BMS

Having confirmed that the best-fitting parameters are capturing real patterns in the data,

we can now quantitatively analyse model recovery at a group level.

Number of participants
Model BICModel Selection AICModel Selection

RL-Race 5 5
RL2-Race 2 2

Habit-Race1𝛽 7 6
Habit-Race2𝛽 8 9

Table 6.5: The frequency distribution of model selection across Hardwick et al.’s4 participants.
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Under both BIC and AIC analysis, 15/22 participant datasets were best-fit by a TD-RDM

modelwith an initial value-free habitual drift-rate (Table 6.5). No further conclusions can

be drawn regarding preference between the two Habit-Race models as it was confirmed

that these are indistinguishable with the data available to us. However, it is interesting to

note that∼50%were recovered as themore complex 2𝛽model whereas Fig. 6.7 shows that

only 6% of Habit-Race1𝛽 datasets were mis-recovered in this way. Another 2 participants

were fit best by RL2-Race.

Reducing the impact of the parameter number with AIC analysis only altered preference

for one model (S21, Appendix B) which shifted between the Habit-Race models. As we

have already established that these models are difficult to correctly recover, this change

was not interrogated further.

Figure 6.11: Population Analysis of TD-RDMRecovery.
A: A fixed effects comparison of the mean BIC (blue) and AIC (red) values across each of the
RL-EAM frameworks. The standard error of the mean is reported in the error bars.
B: The protected exceedance probabilities, 𝜙𝑘 , calculated using the bms function created by
Gershman279 with BIC (blue) and AIC (red) used as approximations for model likelihood.

At the group level, BMS analysis suggests that, according to the BIC values, there is a 96%

chance that the majority of the population utilises value-free habits in a multi-alternate

forced choice task (Fig. 6.11). The fixed effects comparison is less clear, but on average

the best-fitting Habit-Race model has a lower BIC than the two pure RPE models. This

pattern holds for the AIC values.

6.4.2.3 Recovering habits using TD-RDM

One key advantage of using mechanistic models that parametrise the underlying

processes is that the parameter values can reveal latent relationships within the data, as
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discussed in Section 6.4.1.2.

This work can be further extended to determine whether the theoretical associations

found within the surrogate models still hold true when considering real participants.

In Section 6.4.1.2, a regression model (Eq. 6.5) confirmed that the latent association

between two measures of habit strength, 𝑅ℎ and 𝑅𝑠 , was most strongly impacted by the

duration of the first accumulation period, 𝑡ℎ , and the interaction between the learning

rate and temperature parameter of𝐻𝑎 .

The relationshipbetween thesemeasures canbe similarly extracted fromboth thehuman

data and the best-fitting simulations, thereby enabling a quantitative examination of the

extent to which habits are captured by theHabit-Race TD-RDMand interrogation of how

the linear regressor’s significant terms relate to recovery of these measures.

First, Fig. 6.12A confirms that a correlation exists between 𝑅𝑠 and 𝑅ℎ in both the real data

and in the simulations created with the best-fitting parameters. Further, the relationship

between thesemeasures and the latent PC1 is equivalent to that seen in Fig. 6.8. It is worth

noting that𝑅ℎ and𝑅𝑠 are less tightly correlated in the real data than inmodel simulations.

This effect is likely due to both behavioural noise and additional processes that influence

either 𝑅ℎ or 𝑅𝑠 independently which are not captured by TD-RDM.

Next, the recovery of habit measures is visualised in Fig. 6.12B. The simulated behaviour

is significantly and positively correlated with human data for all measures of habit.

However, the correlation coefficients remain between 0.45 and 0.6. Thus, while the

preferred models do capture real information regarding a participant’s latent habit

strength, recovery is not perfect and there is a trend towards underestimation of 𝑅ℎ and

𝑅𝑠 .

Lastly, Fig. 6.12C also illustrates how successfully the linear regressor is able to predict PC1

and the relationship between latent habits and the significant regression terms. Again, all

correlations are positive and significant.

In combination, this analysis confirms that the surrogate data used in model recovery

(Section 6.3.3) closely approximated the latent habit behaviour expressed by the

participants and that the Habit-Race1𝛽 best-fitting parameters allow us to quantify the
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Figure 6.12: Parameters, PC1 and Habit Strength.
A: As in Fig. 6.8A, a scatter-plot showing the positive relationship between 𝑅ℎ , 𝑅𝑠 and PC1,
calculated in the participant data (left) and model simulations (right). An 𝑥 = 𝑦 reference line
is provided (grey, dashed).
B:The correlation of𝑅ℎ ,𝑅𝑠 and PC1 between the data and simulated values. The least-squares line
of best fit (blue) is provided alongside an 𝑥 = 𝑦 reference line (grey, dashed) and the correlation
co-efficient is indicated (red when significant, black otherwise).
C:AcomparisonbetweenPC1as estimated in thedata and in simulationswhencorrelatedwith the
significant regression terms and the linear regressor’s estimation of PC1. The least-squares line of
best fit is provided (blue) and the correlation co-efficient is indicated (red when significant, black
otherwise).

specific subprocesses that are likely to be responsible for the individual variationbetween

participants.
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6.5 Discussion

6.5.1 Summary

Over the course of this chapter, the novel TD-RDMwas applied to the behavioural data of

22 human participants in a multi-alternate forced choice paradigm with additional time

constraints, provided by Hardwick et al.4.

Four models were tested, two of which used an APE-based value-free 𝐻𝑎 variable

alongside the standard RPE-based𝑄𝑎 . These Habit-Race models were compared against

two controls that exclusively learnt from the outcome-based RPE but differed in the

number of drift-rates used during evidence accumulation.

Analysis of surrogate data provided three key insights:

1. While the time-controlled trials provide the clearest visual expression of habits,

inclusion of the free-RT trials is necessary in order to constrain parameters and

successfully distinguish the models.

2. The data provided by this experimental paradigm is sufficient to identify (1) which

participants used two drift-rates rather than one and (2) whether an APE learning

rule influenced time-constrained behaviour, although the Habit-Racemodels were

often confounded.

3. The surrogate data’s best-fitting Habit-Race1𝛽 parameters can be used to estimate a

participant’s habit strength following extended training. Specifically, the expression

of habits is influencedby two factors: the delay between thenon-decision times and

the interactionof𝛼ℎ and 𝛽ℎ . Theseeffectswere significantdespite the relativelypoor

recovery of the latter terms, which implies that, although the𝐻𝑎 parameters are only

minimally constrained, they still capture important latent information within the

data.

Across the four models, the human data strongly supported the existence of a two

drift-rate evidence accumulation process and an underlying APE-based habit, whichwas

distinct from a slow-learning𝑄𝑎 variable.

Qualitative analysis of the model behaviour revealed that accurate recovery is limited by
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the application of the same fixed parameters across all trial types. Repeating Hardwick et

al.’s4 experimental paradigm with a greater number of time-controlled trials or repeated

reversals may allow for more complex versions of the TD-RDM framework to be studied.

6.5.2 The response-selectionmodel and TD-RDM

In their original study, Hardwick et al.4 found that, in 17 of the 22 participants,

the time-controlled behaviour following extended training was better replicated by

a probabilistic model that assumes two time-dependent preparation processes are

occurring. Though they labelled this model as a ‘habit-model’, they did not specify how

these habits would form, nor did they attempt to replicate the behaviour during free-RT

trials.

The model selection presented in this chapter concurs with their results, in that the

TD-RDM framework was preferred in 17 datasets over the RL-Race model’s single

drift-rate. We have additionally established that 15 of these participants likely used a

value-free APE-based habit to control the initial drift-rate.

Though the Habit-Race TD-RDM and the response-selection model were both designed

to interrogate the existence of two time-dependent drift-rates under Hardwick et al.’s

experimental paradigm, they apply two very different approaches.

The response-selection model was explicitly parameterised to reproduce the

time-controlled figure exactly, through probabilistic action selection rates across

the RT distribution. As such, the Gaussian distributions of habitual errors and responses

to consistent stimuli are treated as equivalent, whilst alsomaintaining full independence

between the minimal and extended training conditions. Consequently, this model must

forcibly disregard an individual’s learning experience and assume that all learning halts

before the time-controlled phase begins.

TD-RDM uses approximately the same number of parameters as Hardwick et al.’s4

response-selection model and provides a deeper insight into the mechanistic learning

processes underlying human behaviour. By considering the likelihood of an action

occurring in a given trial, the ability to replicate time-controlled behaviour arises as
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a consequence of the final parameters rather than their primary function. Further,

the application of TD-RDM allows for the habitual errors and consistent mapping to

be treated independently and for action selection to be influenced by an individual’s

previous experience - even within the time-constrained trials.

This is particularly relevant given that participants continued to be provided with

feedback during the final stage of testing, which had ten-fold more trials than the

reversal learning phase. As the participants were able to adjust to the new mapping

within ∼40 trials, logically, this learning should continue during the time-controlled

trials and thus, could potentially influence their expression of habits. More concretely,

if the majority of a participant’s trials with RTs before 𝑡2 occurred during the later

time-constrained trials, their expression of habits would be weaker than if they were

tested in the first trials immediately following remapping. By considering the impact

of learning during all trials, the TD-RDM is able to account for the influence of the

trial-sequence experienced by the participant.

The clearest difference between this study andHardwick et al.4 is the inclusion of free-RT

trials. Through the analysis of surrogate data, we confirmed that model recovery was

markedly improved when these experimental stages were also considered.

During the exploration of individual case studies, these trials were not discussed to

the same extent as the time-controlled figures for two reasons. First, Hardwick et al.4

confirmed that there was no statistically significant evidence of habits within this data,

which aligns with previous research into human slips-of-action (Section 2.1.3.4). Second,

there tended to be very little variation across models in the recovery of the free-RT

behaviour. When clear collapses did occur, such as with S24 (Fig. 6.10B), the associated

models were never selected during BIC analysis.

Since certain parameter combinations can only accurately mimic the time-controlled

trials at the cost of realistic EAM behaviours, it is likely that such impairments in RT

distributions are at least partially responsible for the positive impact that including both

trial-types has on model recovery. For example, in S24 the free-RT errors were caused by

𝜃 values that had collapsed to <1 in order to ensure that habitual choices were reinforced
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throughout thefirst experimental phases and so,𝐻𝑎 could remainartificially strongahead

of the time-controlled trials.

6.5.3 TD-RDM performance and limitations

Using both surrogate and human data, the analysis presented in this chapter strongly

supports the TD-RDM’s capacity to model behaviour in a multi-alternate forced choice

paradigm, across trials where either the response time was externally constrained or the

participants were free to respond at an internally generated time.

The best-fitting simulations discussed in Section 6.4 provide confirmation that single

drift-rate EAMs are not only unable to produce the transient peak in habitual errors

without applying additional processes, but also cannot separate the different temporal

accuracy curves in consistent and remapped stimuli.

RL2-Racemodelswere themostdifficult to reliably recover, asdemonstratedby themodel

recovery analysis (Section 6.4.1.1). When 𝑡1 is accurate, roughly 18% of the RL2-Race

datasets were recovered as Habit-Race and they had the lowest 𝑃 (𝑀𝑇 |𝑀𝑅 ) at 85% (Fig.

6.7).

To understand how RL2-Race and Habit-Race models can be distinguished at all, it is

important to consider the impact of applying either a reward or action PE.More precisely,

regardless of the action selected, the outcome received or the difference in learning

rate, 𝑄1,𝑎 and 𝑄2,𝑎 will always be updated in the same direction due to their shared

RPE. Consequently, they can only contradict each other for a fixed number of trials, as

determined by their relative learning weights.

Conversely, the self-reinforcing property of𝐻𝑎 means that habits will continue to exist for

as long as the associated action is selected. Therefore, if the outcome on a given trial is

negative,𝑄𝑎 will weaken while the habit is strengthened. This effect could potentially be

behaviourally disentangled by comparing the habitual error rate following the execution

of many error trials such that the 𝑄𝑎 values for these habitual errors would approach 0

while𝐻𝑎 would be unimpaired.

In the context of the time-controlled trials, this difference is important as it necessitates
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that RL2-Race can only separate remapped and consistent stimuli if the associated trials

occur early enough during training, while APE-based habits are likely to influence action

selection for much longer. This impact of trial number is similarly responsible for the

common absence of error peaks within RL2-Race simulations, despite the fact that these

models have the capacity to produce them, as is shown by S24.

Overall, if RL2-Race was more prevalent in the data, we would expect 75% of them to be

accurately selected (Section6.4.1.1). Thus, given that only twoparticipantswere recovered

as RL2-Race, we conclude that it is unlikely that any such mis-classifications will have

strongly impacted our population-level results.

The limitations faced by TD-RDM, already largely discussed throughout the chapter, are

briefly summarised here.

The majority of the constraints on TD-RDM performance are caused by the latent

nature of the habitual variables and parameters. The most blatant of these is the

imperfect recovery of any parameters associated primarily with the initial drift-rate. The

inaccessibility of 𝑡1 has been described in some detail, but a similar impairment occurs

with the estimation of 𝛼ℎ and the 𝛽ℎ terms, for the same reason that human habits are

difficult to detect in free-RT studies (Section 2.1.3.4). Specifically, there are very few

trials in which the𝐻𝑎 variable is unmasked to a degree that the other parameters cannot

compensate for noise in the 𝛼ℎ and 𝛽ℎ terms. Thus, the effect of these errors on the overall

likelihood is limited and accuracy suffers as a result.

Thankfully, through the analysis of surrogate data, we were able to determine that

the reliability of model selection was not significantly impacted by these inaccuracies.

Further, the influence of the 𝛼ℎ :𝛽ℎ interaction term in the linear regressor suggests that

some redundancy in the exact values of these parameters is likely, as they still capture

important information regarding the expressionof habits. This is supportedby the known

collinearity between 𝛼 and 𝛽 terms in RL-EAMs191.

The second limitation which has most significantly affected the results of this project

arises from the implicit assumption that all behaviours use the same mechanistic

observation model and that the parameters are constant across conditions. In truth, this
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is an oversimplification as it is unrealistic to assume that humans do not apply some

form of parameter adaptation in response to different contexts. Indeed, our removal of 𝜃

during the time-controlled trials represents a necessary modification without which the

participants would be unable to hold their response until the fourth tone and thus could

not correctly complete the task.

The example participants examined throughout Section 6.4.2 highlight the direct effect

this assumption has on accurate replication of the data. Specifically, the inflexibility

of 𝑄𝑎 ’s temporal relationship with action selection resulted in a prioritisation of either

(1) the immediate increase in accuracy following 𝑡1 after minimal training or (2) the

appearance of a transient habit peak after extended training, which were often balanced

one at the expense of the other. The necessity of this compromise could be ameliorated

by extensions to the currentHabit-Race framework, somepotential options are discussed

further in Section 7.1.3.2.

Overall, the results presented in this chapter for both the surrogate and human data

support the claim that human habits can be quantified from behavioural RT data despite

potentially beingmasked by a goal-directed process. Themechanistic nature of TD-RDM

provides strong evidence in favour of Hardwick et al.’s4 hypothesis that (1) introducing

time-constraints to a multi-alternate forced choice paradigm will increase expression

of habitual behaviour which (2) is produced by a separate process from goal-directed

learning that influences action selection at a faster timescale.

Importantly, we were further able to conclude that habitual associations developed

using value-free APEs provide a better explanation for most human behaviour relative

to variables produced using the standard model-free RPE.

The next and final chapter summarises our answers to the four research questions posed

inChapter 1, discusses further extensions toTD-ALandTD-RDMandexplores theirwider

impact on our understanding of how habitual S-R relationships form in the brain.
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Over the course of this thesis, four pieces of research have been presented which address

separate requirements needed to establish the plausibility of APE-based value-free

computational habits.

In this final chapter, the questions raised in Chapter 1 are directly answered and the new

avenues of workwhich arise fromour conclusions are highlighted, with a particular focus

on potential theoretical extensions to the two novel models of computational habits.

Following this, we briefly assess the key methodological limitations faced throughout

this research project before finally discussing three outstanding questions from thewider

field.
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7.1 Four Research Questions

7.1.1 Can habit learning be generalised to continuous and scalar actions?

Yes, we were able to adapt the trial-by-trial APE-based habits presented by Miller et al.1

andBogacz2 to learn across continuous timeand from time-dependent action intensities.

7.1.1.1 Key findings

Our first body of work, presented in Chapter 3, provided themathematical description of

our novel TD-AL model. Just as APEs follow the computational structure of RPEs with

an adaptation of the information received, so too was TD-AL developed from Ludvig

et al.’s175,176 microstimulus TD-RL model. This algorithm was selected for its biological

plausibility and accurate replication of dopaminergic dynamics.

Through simulations of classical instrumental association and omission experiments, we

confirmed that TD-AL behaved as expected and in accordance with the key axioms that

define an APE. Specifically:

1. The APE spikes in response to unexpected actions and the magnitude of the APE

peak decreases in size as the action becomes expected.

2. There is a negative APE when expected actions are omitted.

3. The APE is entirely outcome (and so, reward) insensitive.

TD-AL creates several predictions that can be used to determine whether a given

dopaminergic dataset contains APE signals.

Firstly, theabsenceof a response topredictive cues is insufficient todisprove theexistence

of APEs, as this canbe explained through adaptations of the discount parameter,𝛾ℎ . More

precisely, when future actions are entirely discounted and 𝐻𝑎 calculates only the action

it expects at that specific time-point, then, unless an action occurs simultaneously to the

cue, no prediction errors will be produced.

Secondly, if there is a non-zero𝛾ℎ then action initiation should act as themost immediate

predictive cue, since it is responsible for producing its ownmicrostimuli.

Most importantly, a TD-AL-produced APE will always dip below tonic levels following
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the omission of an expected action. This final prediction will hold true regardless of the

specific parameter settings.

7.1.1.2 Future TD-AL extensions

The greatest limitation facedbyTD-AL is the absenceof an associatedobservationmodel.

Without this, the impact of time-continuous habits on behaviour cannot be tested and

the quality of model recovery cannot be assessed ahead of parameter fitting. The three

barriers to producing an observation model are (1) the absence of Q-variable measure of

action-value, (2) a decision of how such a 𝑄𝑎 and 𝐻𝑎 would interact, and (3) a model of

how these striatal values influence the release of action at the thalamus.

One simple solution exists for developing an appropriate 𝑄𝑎 learning algorithm. Just as

TD-RDM’s𝑄𝑎 only learnt from an RPEwhen the action had been executed, so too could a

continuous𝑄𝑎 only update its weights when themicrostimuli of its associated action are

active. Currently, themicrostimulusmodel calculates the value of a context,𝑉 , according

to all events. This formulation would produce𝑄𝑎 variables which calculate the expected

value specifically if the associated action is executed. Action omission or selection of

another action would then reduce the activity of the unselected𝑄𝑎 .

In this way, the ‘action-value’ system would form an intermediary balance of𝑉 and 𝐻𝑎 ,

such that actions which regularly precede a reward will have a greater response to earlier

predictive cues. The primary limitation to this approach is that it requires the action

microstimuli to overlap with the subsequent reward.

Such ‘gating’ of learning still maintains biological plausibility as mechanisms are

increasingly proposed to modulate the impact of dopamine in the striatum. For

example, while it could be as simple as Hebbian requirements of co-firing from the

action microstimuli, learning could also be impacted by inhibitory GABA interneurons

or through cholinergic modulation of dopamine release292.

The other two barriers to the creation of an observation model likely need to be resolved

in tandem, as the solution to onewill influence the other. Here, we primarily focus on the

question of whether the TD-AL continuous variables can influence action.
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In Chapter 5, the Habit-Race formulation of the TD-RDM was outlined. This EAM

assumed that𝐻𝑎 and𝑄𝑎 are both fixed to a single value in every trial and that the average

drift-rate is constant between non-decision times.

In contrast, ourTD-AL simulationshave shown that, before expectedactions are initiated,

𝐻𝑎 will linearly increase as predictive cues arrive. In particular, Fig. 3.2 demonstrates

that, if 𝛾ℎ > 0, 𝐻𝑎 spikes to a high value following the cue and remains high until the

actionbegins. Despite learning at every time-point, 𝛼ℎ is often so low that the adaptations

remain small from one moment to the next, especially if the action is consistent in its

temporal dynamics between trials.

It is therefore plausible that this variable could be taken as the source of ‘evidence’ for a

given action and used in the calculation of a thalamic drift-rate. Then, similar toDopAct’s

separation of action planning and action learning2, once the action is triggered,𝐻𝑎 would

promote the expected intensity and learn from its accuracy.

The complication arises in applying such a function to a computational model.

Simulations are surely executable, but the fitting procedure employed in Chapter 6

was only feasible due to the efficient near-analytical cost function. Introducing further

drift-rate changes rapidly becomes intractable as each one requires the calculation of

the new BVP and integration over all possible activity levels. Consequently, a continually

evolving drift-rate cannot, currently, be fit to any data.

However, as in all models, simplifications can be made; for example, the drift-rate could

be set to the average 𝐻𝑎 value or be fixed to 𝐻𝑎 ’s activity level at a pre-determined 𝑡1

following the predictive cue.

7.1.2 Can evidence of action prediction errors be found in striatal

dopamine?

Yes, analysis of dopaminergic data from the TS during a CoT instrumental association

task was better replicated by TD-AL than both TD-RL and a pure motor signal.
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7.1.2.1 Key findings

In Chapter 4, the novel TD-AL algorithm was tested on dopaminergic data provided by

Greenstreet et al.3. Overall, for each of the six mice investigated, BIC analysis found that

TD-AL was the preferred model over the alternatives.

The best-fitting parameters of four mice strongly supported the existence of a 𝛾ℎ signal

within this data, though its magnitude varied greatly between individuals. This was

largely unexpected as Greenstreet et al.3 found no evidence of a dopaminergic response

to the auditory cue, which we would expect TD-AL𝛾 to produce.

However, this cue-response was not the only discriminatory factor since the inclusion of

a discount factor will produce a left-shift in dopaminergic responses with training, which

could be seen within the data and was captured by the best-fitting parameters.

The absence of an observation model precluded us from assessing the reliability of our

parameter andmodel recovery but, given that the simulations of other models produced

qualitatively distinct signals (Fig. 4.5), wedetermined that anAPE-like signalwasdetected

within this data.

BMS analysis was in agreement with these results, as it suggested that there was a 88%

chance that one of the two TD-AL formulations was the most prominent within the

population. This number climbed to 93.8% when AIC was used instead of BIC.

These analyses were particularly encouraging as the dynamics within the dopaminergic

data are quite complex and TD-AL𝛾 was able to reproduce many key features with only 3

free parameters, one of which was an artificial scaling of unitless data and did not impact

the structure itself.

7.1.2.2 Future research questions

Some additional studies have already been proposed in Section 4.5.2, such as running a

control repeat using signals from the VS, analysing parameter recovery using simulated

datasets produced from the animals’ behavioural data or testing for𝛾ℎ by explicitly fixing

the temporal separation between cue and action.
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Another evident direction through which this work could be further expanded would be

to interrogate whether APEs could be found in a greater sample size, using experimental

paradigms designed to target TD-AL specifically.

The sample size is simple enough to address, as the Greenstreet et al.3 task can be scaled

to a greater number of mice and our fitting procedure repeated.

TD-AL can be explicitly tested for using the model predictions established in Chapter

3. We saw that omission of an expected action will produce a negative APE and cause

dopaminergic levels to dip, irrespective of 𝛾ℎ ’s value. Unfortunately, the data used in

this thesis was extremely stereotyped in the final stages of the experiment, causing the

number of incorrect/omission trials to be few and far between. In future, this could

be resolved by the addition of a reversal task, such that the mice learn to change their

response to a new mapping and execute different choices while the habitual system

continues to expect the old action.

It should alternatively be possible to identify TD-AL in the existent data through action

grouping. Specifically, if the dopaminergic signals in the later trials were classed

according to the overall speed of the trial and averaged within these groups rather than

over consecutive trials, thenwehypothesise that the APEbehaviourwould differ between

the slowest and fastest trials. When theanimalmoves the samedistanceover less time, the

action intensitymust initially spike abovewhatwas expected andproduce a positive APE.

In tandem, the action will also end earlier than usual, which, theoretically, would behave

the same as an omission trial since the expected action is absent, causing a negative APE

to follow. The reverse would be true in actions that were slower than the typical learnt

movement, as the intensity remains low and continues for longer than expected.

In contrast, TD-RL algorithms would not show this bidirectional PE response, as they

would instead respond only to the timing of reinforcer, which may arrive sooner or later

than expected but should still be temporally distinct from the execution of action. Ludvig

et al.176 have previously demonstrated that, late in learning, themicrostimulusmodel will

be partially surprised by an early reward, but the omission signals at the usual reward

timing are negated and absent.
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Finally, the existence of APE-based habits would be further supported by the discovery

of𝐻𝑎-like signals within the striatal SPNs.

Just as studies have searched for value and action-value signals within the

striatum280,293,294, the value-free habit hypothesis supposes that action-expectation

activity should be triggered during the preparation and execution of habitual behaviours.

This signal should further be entirely unmodulated by outcome and reward.

7.1.3 Can the process by which habits affect choices and reaction times be

mechanistically described?

Yes, under the assumption that habits influence action selection on a shorter time-frame

than goal-directed information, we developed the novel TD-RDM algorithm, which

predicts how the presence of an initial habitual drift would impact behaviour in a

multi-alternate forced choice task.

7.1.3.1 Key findings

In Chapter 5, we extended a simplified form of the RL-RDM to include a within-trial

change in drift-rate for multiple accumulators racing towards a shared threshold.

Most importantly, an analytical solution was developed that calculates the probability of

a specific choice being made and the RT of that action. This cost function allowed us to

efficiently run parameter-fitting analyses under a RL framework where the distribution

must be recalculated in every trial.

The application of ourmodel confers several advantages. For example, TD-RDM requires

no implicit assumption of competition between drift-rates or accumulators and it is able

to simulate multi-alternate forced choice tasks.

It is worth noting that, while TD-RDM is placed in the context of habits for the

purposes of this thesis, the algorithm itself is general and can be applied across a

wide variety of applications. For instance, TD-RDM would be an appropriate model

in multi-alternate tasks where additional information is received mid-trial, such as

stop-change experiments295. As the individual accumulators adapt their rate, the initial
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drift can be accounted for in the likelihood of action execution.

7.1.3.2 Future TD-RDM extensions

In Chapter 5, several adaptations to TD-RDM were proposed. As mentioned above

(Section 7.1.1.2), introducing additional within-trial dependency in the calculation of 𝜇1

or 𝜇2 rapidly becomes intractable for any investigation beyond pure simulation.

However, since the model itself only requires 𝜇1 and 𝜇2 to be constant within a trial, any

adaptation of the algorithm which produces these drift-rates is possible, whether that

arrives in theRL framework or in themechanism throughwhich these variables influence

drift.

To focus particularly on the APE-based habit formulation, the potential extensions can

be classed into two groups, depending onwhether they (1) introduce additional variables

or (2) alter the implementation of𝑄𝑎 and𝐻𝑎 .

Themost natural additional variables to include are an innate bias towards a given action,

an urgency signal, or a measure of confidence (e.g., the 𝑆 term proposed by Mikhael and

Bogacz48). The latter of these is particularly relevant given the common association of

certainty with both expression of habits (Section 2.1.2.3) and RT distributions (Section

2.3.4.2).

Two of the models tested in Chapter 6 alter the influence of𝑄𝑎 and 𝐻𝑎 on behaviour, as

both the introduction of𝑄𝑎,1 in 𝜇1 and of 𝛽ℎ2 in 𝜇2 have no impact on the structure of the

learning rules, but instead adapt how these variables are used by the EAM.

Further, the introduction of direct competition between actions is possible by combining

TD-RDM and the advantage framework proposed by Miletić et al.226. However, it is

important to consider that, in this algorithm, each accumulator represents a pair of

actions, and thus, the number of calculations required rapidly increases as the number

of available actions grow.

The primary limitation we encountered when using TD-RDM in Chapter 6 was the

inflexibility of parameters between conditions. Though many extensions to the current

TD-RDM framework could ameliorate this, the increased model complexity must be
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balanced against the data’s ability to constrain parameter values. As we saw with

Hardwick et al.’s4 data, the ability to constrain parameters can be highly limited by the

latent nature of the first drift-rate and this must be taken into account when designing

future experiments.

In particular, introducing flexibility in the non-decision times appears to be paramount

in allowing the model to adapt under different conditions. The fixed values and distance

between 𝑡1 and 𝑡2 could alternatively be conceptualised as functions of trial-number, task

complexity, stimulus novelty or participant certainty.

Lastly, the current TD-RDMis limited to a single changebetweendrift-rates. As addressed

in Section 7.1.1.2, this likely represents an upper limit for an applicable analytical function

in the free-RT trials, as each additional drift-change requires integration across all

potential activity levels of all accumulators at the new 𝑡𝑥 . If focus is only given to

the time-controlled trials, then the number of drift-changes is irrelevant to the model

complexity as, without a threshold, the analytical solution is produced through a simple

summation of normal distributions.

Similarly, though one could envision a model which combines the response-selection

model’s distribution of non-decision timeswith the TD-RDM, the variability in start-time

introduces further complications to the BVP, particularly if 𝑡2 can vary between

accumulators. Once again, simulationwould be feasible but the advantages conferred by

ananalytical solution are lost. It is alsounclearwhether this variation in start-pointwould

significantly impact the results, as Tillman et al.227 established that such between-trial

variability was unnecessary for the RDM.

7.1.4 Can the impact of habits in human behavioural data be quantified?

Yes, the majority of human behavioural data was better replicated by a TD-RDM agent

which used a APE learning signal. Further, the best-fitting 𝑡ℎ , 𝛼ℎ and 𝛽ℎ parameter values

were significantly correlatedwith habitual expression in both surrogate and real datasets.
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7.1.4.1 Key findings

In Chapter 6, four iterations of the TD-RDM were tested on the human behavioural

data provided by Hardwick et al.4. The learning behaviour during free-RT trials and the

time-controlled responses under both training conditions were fit using the same fixed

set of parameters.

Overall, of the 22 participants evaluated, 17 were best-fit by a two-drift RDMand a further

15 of these were specifically recovered by one of the two APEmodels. Model recovery had

previously established that confidence in this classification was high.

Qualitative analysis confirmed that the recovered behaviour replicated the key

behaviours of interest. Further, the BMS analysis of the human data revealed that

there is a 96% chance that, of the models tested, the majority of the population will use

one of the Habit-Race formulations.

We completed additional surrogate data analysis which determined that (1) inclusion of

the free-RT trials was necessary to correctly recover the underlyingmodel and (2) the two

Habit-Race models could not be accurately distinguished.

The association between the recovered parameter values themselves and the strength of

expressed habits was interrogated via linear regression analysis. Through this work, we

found that the latent shared component between 𝑅ℎ and 𝑅𝑠 was significantly affected by

the duration of the first accumulation period, 𝑡ℎ , and the interaction of 𝛼ℎ and 𝛽ℎ .

The precise parameter values could therefore be used to analyse the qualitative

differences between the individual subject’s reliance on𝐻𝑎 .

7.1.4.2 Future research questions

Once again, the primary limitation for this analysis was the inflexibility of our fixed

parameters across different conditions. In attempting to replicate time-controlled

responses after minimal and extended training without parameter adaptation, the

model often had to compromise between realistic accuracy dynamics before habits were

over-strengthened and the magnitude of 𝑅ℎ and 𝑅𝑠 in the latter training condition.

The previous section (Section 7.1.3.2) addressed potential solutions to this issue in future
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work, though increasing the complexity of the model would require a much richer

dataset. This is particularly important given that the current data was already insufficient

to correctly identify whether 𝛽ℎ1 and 𝛽ℎ2 had different values.

The simplest experimental approaches to improve detailed recovery would likely be to

either (1) increase the number of reversals or (2) increase the number of time-controlled

trials within the first ∼600ms.

Having established that it is possible to quantify habits through a mechanistic RL-EAM,

future studies will now be able to investigate how the specific parameters are influenced

through different experimental manipulations, such as interrogating which parameters

adapt to allow subjects to compensate for increased task complexity or the impact of

attention on the application of habits.

Understanding which precise features of habit expression are affected by context and

physiological differences will be especially valuable when identifying the underlying

causes of maladaptive habit formation and isolating what may cause a given individual

to be particularly susceptible to compulsive habit pathologies.

7.2 Methodological Limitations

It is important to acknowledge and assess the methodological limitations that were

encountered during this research and how these may impact our conclusions. This next

section briefly outlines the implicit assumptions inherent to our use of MLE, Bayesian

statistical analysis and the adjustments requiredwhenworkingwith suboptimal datasets.

7.2.1 Model selection

7.2.1.1 MLE

In both Chapter 4 and Chapter 6, MLE was applied to determine the parameter values

which provided the best replication of an individual dataset for each tested model.

This method is well-established and especially useful when working with models which

update between trials.
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WhileMLE recovery is sensitive to outliers and small datasets, this was not an issue faced

in our work as each individual (both mouse and human) provided many datapoints.

Additionally, though overfitting can often be a risk, the number of parameters for all

models was relatively small given the complexity of the recovered information. When

fitting TD-RDM, qualitative analysis confirmed that simulations were able to replicate

behaviour following different sequences of stimuli and responses.

However, MLE is time- and resource-expensive and suffers from the potential local

minima that can impair recovery. The latter of these issues was addressed by repeatedly

running our fitting procedures from different starting values, but, unfortunately, this

approach only worsens the time and resource requirements. Indeed, we have regularly

highlighted that further extensions to these models will be increasingly computationally

expensive and thus, be limited in their capacity to be fit to data.

Fortunately, the cost of these resource-requirements was partially alleviated by our

access to the Advanced Research Computing (ARC) services provided by theUniversity of

Oxford, through which we could run the fitting procedures and parallelise all iterations

acrossmany computational nodes. This was particularly impactful when completing the

𝑤𝑐 optimisation and 𝑡1 heuristic analysis described in Section 6.3.3.2 and Appendix A,

during which best-fitting parameters were found for 4 models, across 400 datasets at 21

different 𝑤𝑐 and 𝑡1 values. Even with the considerable efficiency of the near-analytical

cost function, running either of these analyses required between 6-12 hours per dataset.

These time-limitations regrettably precluded us from continuing this work to explore the

proposed variety of TD-RDM formulations.

7.2.1.2 BIC and AIC

Once the best-fitting parameters and model likelihood were extracted, BIC analysis was

used for model selection and AIC was reported for comparison. The application of

information criteria such as these constitutes the industry standard during similarmodel

recovery analyses as they both provide varying degrees of protection against overfitting

caused by the inclusion of superfluous parameters.



7. Discussion 169

However, the use of these measures requires an assumption that the penalisation term

sufficiently punishes the flexibility provided by additional free parameters without losing

model features which may truly reflect the real processes, and thus, improve the fit.

Neither BIC nor AIC is likely to be correct in their calculations of such a term as they are,

fundamentally, approximations. It is therefore essential to supplement these statistical

tests with qualitative analysis and predictions regarding the influence of each parameter

on the final data.

Although, of the two, BIC is the more conservative test, it is particularly sensitive to the

numberof datapoints included since thepenalty term includes this value. For this reason,

both values were reported.

InChapter 4, the 3-parameter nature of themost complicatedmodel and the vast datasets

for each mouse led us to consider both AIC and BIC in our conclusions. When these

measures disagreed, additional qualitative analysis was undertaken to assess why this

difference existed. Thankfully, the preferred learning model was consistent between

these two measures and the disagreement was mostly caused by the nested nature of

TD-AL0 and TD-AL𝛾 combined with markedly low 𝛾ℎ values in the latter model. In

future, these conclusions could be further tested through recovery analysis and direct

comparison to the VS data from the same experiment.

In Chapter 6, all conclusions drawn were founded in the BIC values since the models

contained a greater number of parameters than TD-AL and there were fewer datapoints.

It must further be acknowledged that these statistical tests (including the subsequent

fixed-effects comparison and BMS) share a fundamental assumption that the truemodel

is contained within those tested. Therefore, all conclusions drawn can only be placed

relative to each other - they provide evidence that TD-AL and the Habit-Race algorithms

produce better explanations for the data tested than the alternatives and not that these

are, in fact, the true models used.

We already know that, as with all neurocomputational models, this belief is false since

the data cannot be entirely explained by the best-fitting agents. However, the results can

be used to support hypotheses and guide further research, i.e., TD-AL is (unsurprisingly)
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unlikely to be a complete model of the basal ganglia, but that does not negate that the

work presented in Chapter 4 can safely conclude that the dopaminergic data tested is

more likely to contain an APE-like signal than a TD-RL RPE or a pure motor response.

7.2.2 Data collection

Lastly, Iwould like to address the limitationwhichhas the largest impact on theseprojects

- the data was originally collected to answer different questions to those tested here.

More precisely, while the data provided by Greenstreet et al.3 and Hardwick et al.4 was

designed to assess the existence of dopaminergic APE and expression of human habits,

respectively, they were both undertaken prior to the development of these models. As a

result, they were not created to specifically interrogate the predictionsmade by TD-AL or

a Habit-Race TD-RDM.

The clearest consequences of this are (1) the inability to test for 𝛾ℎ at the presentation of

predictive cues, (2) the fitting of a learning model to data with missing training sessions,

(3) the application of a sub-optimal 𝑡1 heuristic, and (4) the attempt to establish habitual

behaviour in datasets with, at most, one reversal of mapping. Throughout this thesis,

we have regularly proposed how future work could improve on this and provide a more

specific test of continuous APEs and value-free habits in RT data.

However, it must be acknowledged that the datasets themselves were rich and it is highly

encouraging that the results were so conclusive despite this non-specificity.

7.3 Outstanding Questions

Before concluding the thesis, this section considers some of the wider questions that

arose during our work and which remain, at this stage, unanswered.

7.3.1 What is an action?

In Chapter 3, we briefly touched on how an action may be defined. Throughout

the projects presented here, actions and choices have been treated as synonymous -

whether a mouse went left or right, or a human pressed a given key, each had its own
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corresponding𝐻𝑎 value.

This definition is formed through a specific assumption regarding the mechanism

through which the BG affects behaviour, which states that the cortex produces multiple

action plans and presents them to the striatum. The BG is then hypothesised to filter

through these plans according to prior experience until a single action is dis-inhibited

and ‘released’ by the thalamus. In contrast, the precise details of the action plan, such

as the combination of muscle engagement between different groups and sequence of

movements required, are instead attributed to the brainstem and the cerebellum, in

particular. As always, this is a simplification which allows us to produce tractable and

intuitive models of action selection.

In the development of TD-AL, we also assumed that the striatum learnt from action

intensity with the implication that it was, to some degree, responsible for the vigour

with which an action plan is executed. This aligns with the historical studies associating

striatal dopamine with motivation and execution of planned movement (Section 2.2.3),

but requires the striatum to not only act as a ‘gate’ for action initiation but also to take

into account factors other than just the intended movement and outcome.

Consideration of how an action is defined is particularly relevant in the context of habits,

as maladaptive expression is rarely associated with the execution of a single key-press.

Instead, realistic habitual behaviours combine a sequence of movements that occur over

a greater length of time. Consider the example of driving home from Chapter 1, the

habitual movement requires the involvement of all limbs and the visual system, and it

may take several moments before the cognitive system re-engages and remembers that a

different goal had been set.

Dezfouli and Balleine233 described these habitual action-sequences in their presentation

of a model-based habit. They argue that the strongest S-R relationship will be the

termination of one action and the execution of the action that follows it.

Interestingly, these action-sequences would be similarly applicable under TD-AL. In fact,

these associations arise as a natural consequence of action-produced microstimuli. Just

as these microstimuli will act as the closest predictor of the remaining action intensity in
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TD-AL and as predictive cues for subsequent rewards in TD-RL, so too can these actions

be used to build expectation for those that regularly follow.

Further, under the assumption of a non-zero 𝛾ℎ , Fig. 3.2 illustrates how the APE will

transmit to the earliest predictive cue following training. Thus, for an extremely regular

series of actions, the APE dynamics will all converge to respond at the same moment in

time - at the presentation of whichever cue initiates the sequence of movements.

Taken to its natural conclusion, this means that when habits are completed as expected,

there should be no detectable difference in the dopaminergic dynamics between a

singular action plan or a series of associated muscular movements. Indeed, we would

once again have to rely on omission studies to attempt to disentangle these two, such

that a singular movement is skipped without impacting the rest of the sequence.

7.3.2 What is a state?

Under all computationalmodels of action selection, one shared concept is that of a ‘state’

which guides the outcome according to the agent’s context (Section 2.3). These states

can be explicit, such as the presentation of a given stimulus in TD-RDM, or they can be

a more latent understanding regarding when a specific relationship is appropriate to the

environment.

In Chapter 2, we brieflymentioned that habits appear to be suppressed during extinction

learning, rather than being completely unlearnt (Section 2.1.2). For this to be true, it

inherently requires thehabit tobe context-specific evenwhen the state is ahiddenchange

in the rules of the task.

This is a particularly significant property underlying the APE hypothesis. Every iteration

of an APE-based habitmodel has required a very small learning rate because these habits

are strongly self-reinforcing - if execution of an action promotes future expression then

the feedback loop will always be positive.

The adaptation of 𝐻𝑎 between states has already been explicitly included in the

Habit-Race TD-RDM, as thesewere further subscripted according to the stimulus seen, 𝑠 .

More precisely, 16 values of𝐻𝑎 existed since each action had a different habitual response



7. Discussion 173

to every cue, though only 4 competed at any given trial. Furthermore, the𝐻𝑎 values were

only updated for the accumulators that were racing, the habitual actions in response to

other stimuli were unchanged.

This is simple enough when the state changes are obvious, but additional processes

must be included to consider how animals respond to latent states. To remain with the

multi-alternate forced choice task as an example, we would imagine that if the same

reversal occurs multiple times (such that the consistent and habitual errors switch after

a set number of trials), eventually the human participants should no longer be surprised

by the first error they get in the new state and be able to quickly adapt by reusing the

information they previously learnt. In the context of our Habit-Race TD-RDM, 32 values

of𝐻𝑎 would therefore be split between these two latent states.

This question therefore requires us to ascertain how these states are created and at what

point the agent determines that there are two hidden rules and divides the 𝑄𝑎 and 𝐻𝑎

values to learn independently across these conditions. It is highly unlikely that this

complexprocesswouldbecentralisedwithin theBGand, instead,wouldprobably require

the introduction of a top-down controller.

7.3.3 Are actions and rewards unique?

Finally, we come to a question which, if answered, could redefine the paradigm of BG

computational models.

Every application of APEs across all projects in this thesis has included a core axiom, that

theBGvariables all share identical computational units that differ only in the information

they receive and the precise parameter values used. We have primarily focussed on how

this may be applied in the context of rewards and actions, given the wealth of evidence

that the BG and associated dopaminergic systems are associated with both.

However, the question remains - are the basal ganglia uniquely focussed on these two

features or are more elements encoded with the same unit?

It is becoming increasingly apparent that many heterogeneous PEs are detectable within

dopaminergic data.
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Historically, early iterations of this work searched, with mixed success, for an ‘aversive’

prediction error that acted in counterpart with the positive reinforcement of RPEs296.

In the past decade, signals have been reported which respond to other environmental

contexts, including Uchida et al.’s104 TPE in their dopaminergic theory of weal and woe.

Currently and in parallel, many studies are beginning to explore how the BG determines

that something is rewarding. More specifically, these projects investigate how

dopaminergic signals may vary in response to different reward ‘features’ according to

an animal’s internal homeostatic state. For example, a starving animal who has had

unlimited access to drinking water is less likely to produce RPEs following a water-drop

reward when compared to a water-deprived one. Determining how these varied signals

and computational units interact is one of the great questions facing BG research today.

Interestingly, a natural classification emerges for the heterogeneous PEs, one of state

(threat, novelty), outcome (reward, aversion), and response (action). Given the absolute

wealth of evidence supporting the associationof theBGwith context (or state) dependent

goal-directed actions (A-O) and habits (S-R), accounting for these disparate signals may

not require as large a paradigm shift as it first may appear.
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7.4 Conclusion

Overall, this thesis has interrogated and expanded upon the computational models of

value-free habits created by Miller et al.1 and Bogacz2.

I developed twonovel computationalmodelswhich could address someof the remaining

questions regarding the concept of an action prediction error. These models were then

compared against equivalent value-based systems for their capacity to explainneural and

behavioural data.

Specifically, I found that themicrostimulusmodel176 providedabetter fit todopaminergic

data when it was adapted to learn both from which choices an animal had previously

made, but also the intensity with which the action was carried out. Following this, I

extended the reinforcement-learning race diffusion model226 to create a generalisable

evidence accumulation system which could adapt the drift-rate of an accumulator

mid-trial. In doing so, I produced an associated (near-) analytical likelihood function

which allowed the fitting procedures to remain tractable. Finally, I found evidence

supporting that, under specific time-constraints, humans apply two action-selection

processes which differ in their non-decision times and established that the faster of

these systems is likely to learn using an action prediction error, rather than a Q-learning

variable.

In combination, these results provide a strong proof-of-concept that habitual behaviours

can be explained through value-free learning systems. Further, I have shown that the

discrepancy between the experimental and computational definition of habits can be

solved through the introduction of action prediction errors.
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Appendices

A Estimating 𝑡1

In Chapter 6, the surrogate data recovery analysis assumed perfect estimation of 𝑡1. By

nature, heuristic estimation methods are unlikely to be this accurate. Therefore, we

completed a systematic exploration of how errors in 𝑡1 estimation influence our recovery

metrics.

This process was similar to the optimisation of 𝑤𝑐 ; the fitting procedure was repeated

on each surrogate dataset across a series of 𝑡1 errors from -0.1s to +0.1s in steps of 0.01.

The results of this work are shown in Fig. A.1. This 200ms window covered the range of

realistic 𝑡1 values and is consistent with the spread of heuristic 𝑡1 estimates calculated for

the participants.

Figure A.1: Assessing 𝑡1.
A: The influence of errors in 𝑡1 on the diagonal sum of the confusion matrix (blue) and inverse
matrix (red). B: As with A for the inverse matrix (𝑃 (𝑀𝑇 |𝑀𝑅 )), separated into the three model
classes; RL-Race (blue), RL2-Race (red) and the two Habit-Race models (yellow). Recovery of
Habit-Race is largely unimpaired by noise in the 𝑡1 heuristic. C: The varying impact of errors in
𝑡1 on the average correlation coefficients of each parameter group. The plots provide the average
correlation acrossmodels (±𝑠 .𝑑.). As in Fig. 6.5C, the product of 𝛼 and 𝛽 has been subdivided into
those used for variables in the first accumulation period (𝛼1 × 𝛽1, 𝐻𝑎 and𝑄1,𝑎 ) and the variables
that are introduced at 𝑡2 (𝛼2 × 𝛽2, 𝑄𝑎 and 𝑄2,𝑎 ). The 𝛽ℎ2 term used by Habit-Race2𝛽 is further
separated.

Encouragingly, the reliability of the model recovery process remains above 80% as the
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accuracy of 𝑡1 jitters between -60ms to +90ms from its true value (Fig. A.1A). Further

insight into the impact of this error on recovery is provided in Fig. A.1B. In particular,

the likelihood of accurately having detected a TD-RDM that uses APE-based habits when

eitherHabit-Racemodel is selected consistently remains at∼ 90%across across the entire

200ms range. This suggests that the factors used to distinguish the Habit-Race models

from the controls are largely unaffected by noise in 𝑡1, potentially through compensatory

mechanisms such as equivalent changes to 𝑡2.

Instead, the drop in reliability results from a shift between the two reward-basedmodels.

An erroneously low 𝑡1 causes many RL-Racemodels to instead be recovered as RL2-Race,

and vice-versa for a positive 𝑡1 errors. This results from the nested nature of these two

models. Although RL-Race is presented as a single-drift RDM, it is also a specific case of

RL2-Race where 𝜇1 and 𝜇2 are equal. As such, certain parameter settings can produce

equivalent behaviour by either agent.

For example, in datasets created from the RL-Race model, the RL2-Race framework is

able to compensate for an underestimation in 𝑡1 by reducing 𝑡2 towards the true 𝑡1 value

andmaintaining low 𝛼𝑞1 and 𝛽𝑞1 parameter values. This results inminimal accumulation

until the second drift-rate begins, which is functionally equivalent to RL-Race with a

non-decision time of 𝑡2 rather than the erroneously estimated 𝑡1.

Conversely, due to the exclusion criterion for trials with RTs shorter than 𝑡1, if this

parameter is mistakenly large then much of the behaviour prior to 𝑡2 is lost and the

two systems are harder to distinguish from one another. This causes the more complex

RL2-Race model to be rejected in favour of RL-Race during BIC analysis.

Additionally, Fig. A.1C reveals that the recovery of the remaining parameters is primarily

unaffected by deviations in 𝑡1.

Overall, it is unlikely that the expected inaccuracies in the 𝑡1 heuristic will dramatically

effect the accuracy of the final estimated parameters or our confidence in the recovery of

the habit-based TD-RDM. Some considerationmust, however, be givenwhen comparing

the two pure RPE systems.
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B Supplementary Figures for Chapter 6

B.1 Free-RT trials
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B.2 Minimal time-controlled trials
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B.3 Extended time-controlled trials
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B.4 Individual Participant Recovery

Interestingly, there is minimal overlap between our results and Hardwick’s AIC analysis

regarding the specific datasets that were best replicated with a single drift-rate. More

precisely, only one of our five RL-Race participants, S15, was also found by Hardwick et

al.4 to prefer a ‘no-habit’ model after both minimal and extended training.

Thoughon the surface this discrepancymaybe surprising, further considerationprovides

a few explanations. First, the 17 participants quoted for Hardwick et al.4 is specific to

the extended training condition whereas only one participant, S11, provided evidence

for multiple drift-rates after minimal training. In contrast, the TD-RDM analysis was fit

equally to both conditions and is largely able to replicate both sets of accuracy curves,

though there are some limitations to this method (Section 6.5.3). Qualitatively, if the

extended time-controlled trials alone were considered, even with the current best-fitting

parameters, it is likely that at least one of the RL-Race participants (i.e., S24) would be

reclassified as either RL2-Race or Habit-Race2𝛽 .

Second, the assumption of constant parameter values is likely to be an oversimplification

and recovery of 𝑅ℎ appears to be particularly compromised as the model attempts to

account for bothminimal and extended data. Similarly, the inclusion of the free-RT trials

in combination with fixed non-decision times appears to disadvantage the TD-RDMs

to a greater degree than RL-Race. Future studies could potentially ameliorate these

effects by allowing the observation model to vary between trial types while holding the

RL parameters constant.

In combination, precise classifications for the response-selection and TD-RDMare likely

to differ as their cost functions apply to different types and subsets of data. Though

the exact participant fits may be inconsistent, the same conclusion can be drawn - the

majority of participants’ behaviour could be better explained by an observation model

that applies two drift-rates.
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