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ABSTRACT

Agency is unique to biological life and reaches its pinnacle in humans, whose be-
havior is marked by the ability to set elaborate long-term goals and pursue them
efficiently. This thesis develops a mechanistic account of human agency by in-
vestigating the computational and neural mechanisms that enable humans to select
among competing long-term goals, sustain commitment over extended periods,
monitor goals relative to alternatives, and flexibly switch when necessary.

To study extended goal pursuit in a controlled setting, I developed behavioral
paradigms inspired by board games: simulated worlds in which participants freely
set and switch between goals. Because these goals unfold over time, successful
performance requires balancing stability in commitment with flexibility in response
to changing circumstances. By intermittently devaluing goals during the games, I
created situations in which these competing demands could be directly measured.

To explain how humans navigate this stability–flexibility tradeoff, I introduced the
computational construct of goal momentum. Goal momentum integrates both goal
progress and the velocity of progress to approximate time-to-goal-completion, a
quantity relevant for agents optimizing discounted rewards. I show that momen-
tum explains human overpersistence and preferences for progressing goals better
than alternative accounts of goal selection, while also providing a parsimonious
approximation of goal completion prospects.

I then extend the momentum framework to hierarchical goal pursuit. In a behavioral
paradigm where extended goals are composed of extended subgoals, momentum
accounts for persistence patterns at both goal and subgoal levels. Translating this
paradigm to functional Magnetic Resonance Imaging (fMRI), I identify neural
correlates of momentum computations and dissociable neural subsystems supporting
goal and subgoal pursuit.

Finally, I lay the groundwork for a circuit-level account of momentum through a
dynamical systems perspective. I show that goal commitment manifests as attractor
modes in decision policies modulated by drives incorporating both progress and
progress velocity, and hypothesize that switching costs during goal transitions arise
from the intrinsic dynamics of goal commitment.

Taken together, this work advances a mechanistic account of human agency and
provides a foundation for investigating the principles underlying artificial agency.
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C h a p t e r 1

A BLUEPRINT FOR GOAL SETTING

This thesis is being written in exciting times. A new species of intelligence has

revealed itself and thrown humanity into disarray. Many have become disillusioned,

as the very facets of existence we prided ourselves on � our ability to think creatively

and make elaborate plans � are now being challenged. We have fantasized about

the rise of intelligent beings embodied in silicon since time immemorial, but never

have we been less prepared to face its consequences, nor the way it disrupts our lives

and lays waste to our hubris. Perhaps part of the motivation for this thesis is to hold

on to the last bit of hubris that is still due to us.

The arti�cial intelligence of today can see better than us, connect patterns better

than most humans, and is not limited by the human weaknesses of boredom or

frustration. I feel that if I ever attempt to replicate the conversations I have with

today's AI chatbots with real people, I might be in danger of real physical violence.

No matter how much I pester AI agents with repeated and annoying queries, they

remain patient, respectful, and compliant. They always try to do the things asked of

them to the best of their hyperparameter tuning. Therein lies the catch: they need

to be asked.

Here is where biological life can stand tall and thump its chest. Humans are truly

autonomous and have agency over their decisions1. They can set their own goals

and pursue rewards in the environment as they see �t, however dysfunctional their

reward-seeking may sometimes be. That ability to make both good and bad choices

for themselves is a unique facet of biological intelligence. However, that is not to

say that agency cannot be achieved in arti�cial agents, nor is it di�cult to envision.

How could we not be regaled by the agentic exploits of the neurotic C3PO or laugh

at the despair of Marvin, the manically depressed robot?

What would it take to build an intelligent life with agency? I frame this question as a

way to derive a mechanistic understanding of humanity's agency in pursuing goals.

If this understanding can serve as a blueprint to build Marvins and C3POs, and chip

away at the last inch of hubris that we have left, then so be it. I believe that the fact

that a creation exceeds the creator serves to elevate, not diminish, the creator.
1I am distinguishing between free will and agency here. I do not intend to get into that debate.
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In this chapter, I venture to outline what I think could be a blueprint for either

investigating or building an architecture of agency.

1.1 Goal setting as a marker of agency

We exercise our agency in the world by freely setting goals, albeit under constraints.

We can be denied our agency, however, if the goals we pursue adversely disrupt

society. Nevertheless, within social norms, we are free to set goals to acquire any

of the multitude of rewards available in the environment. I propose that the ability

to set goals and actively pursue them is the true marker of agency. De�nitions �rst.

Goal is a state of the world, de�ned from the point of reference of the

agent, that the agent wishes to occupy in the future through actions in

the world.

This de�nition encompasses all decisions that humans make in the world, ranging

from simple economic choices to long-term planning. Goals can be simple or

complex, and can span short or long timescales based on the current state of the

agent and its desired future state. If the future state is to consume an apple that is

on a table, the goal the person sets would be to reach the apple and pick it up. On

the other hand, if the goal is to become a surgeon, then the person endeavors to go

through an elaborate set of ordeals over several years to achieve that goal.

One can imagine how setting and executing complex long-term goals would require a

sophisticated architecture, especially in resource-constrained agents such as humans.

The �rst aspect of goal setting begins with a desire or motivation to set the goal.

Reward structures in the brain, driven by years of evolutionary adaptation, generate

the drive to pursue rewards or transition to rewarding states of the world. The next

step is to discover strategies and generate plans to transition to the desired state.

The �nal step is to act in the world and receive feedback about the consequences of

one's actions so that plans can be updated in pursuit of the goal. However, things are

further complicated by the fact that we do not pursue just one goal in the world, no

matter how single-minded we are. Planning to become a surgeon does not release

one from the need to eat, drink, and pursue other social rewards such as love and

companionship. This would require an architecture that enables the interruption of

goals so that others can be pursued and resumed at a later time. This necessitates

tracking the value of the current goal and alternate goals in the environment to

enable goal switching.
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That is not all. We want not only to pursue goals, but to pursue them e�ciently.

To increase the rewards we accrue in the world, we need to be able to pursue

multiple goals concurrently, which requires e�ciency in goal pursuit. We build

micro-habits or skills that can be automated and executed automatically. Moreover,

we want to be able to pursue new goals with relative ease, leveraging expertise

gained from pursuing other goals and transferring it to newer ones. To achieve this

e�ciency, goals must be split into smaller chunks and pursued hierarchically and

compositionally so that micro-skills gained from one task can transfer to others.

Certainly a tall order. The ability to pursue multiple complex goals over a lifetime

requires a kind of diverse and general intelligence unparalleled in any arti�cial

system. I now proceed to elaborate on the architectural desiderata described above

that I presume would be necessary to construct agency.

1.2 Architectural desiderata for goal-directed agency

I outline a few key elements of agency needed to set and pursue goals in the

environment.

Selecting goals

Among the many possible goals that we can set in our lifetime, we choose a few

based on our experiences, proclivities, and environmental circumstances, and pursue

them at any given time. An excellent biology teacher could inspire you to set a goal

of joining the medical profession, or your natural proclivity toward the arts might

lead you to choose art as a profession. A friend might tell you about a new video

game that received rave reviews, and you might spend the next couple of weeks

glued to your gaming console. Our goal selections can result from either top-down

or bottom-up processes. We select our goals in a top-down manner when goals

have dependencies between them. For example, having the goal of becoming a

doctor would �rst require �nishing college; therefore, the goal of �nishing college is

conditioned on the higher-level goal. Alternatively, when we select goals based on

salient events in the environment � say, a friend telling us about a new game � we

are in�uenced to choose goals in a bottom-up fashion. While past experiences can

guide top-down selection, exploration of the world can reveal new possible goals.

At any moment, a speci�c goal must be weighed against several competing alterna-

tives a�orded by the environment. When on a �ight, I can choose to watch a movie,

read a book, or take a nap to avoid jet lag. However, I cannot consider playing lawn

tennis. Constructing value for various available options is central to goal selection.
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Several factors can contribute to how we value goals. I list some of them below.

ˆ Terminal rewards: The reward available in the goal state is a source of

motivation, as in the case of a person wishing to pick up an apple in order to

eat it.

ˆ Reward schedule: The intermittent rewards available during goal pursuit,

rather than just the terminal goal state, can also in�uence goal selection. Opt-

ing to watch a movie is one example where experiencing rewards throughout

the duration of the activity can itself be appealing. These intermittent re-

inforcements can either be extrinsic rewards or intrinsic rewards shaped by

latent task states.

ˆ Goal dependencies: Completion of a goal that helps advance higher-level

goals � such as obtaining a doctorate in service of an academic profession

� can also in�uence goal selection. In a study leveraging data from the video

game Little Alchemy, researchers showed that humans prefer selecting goals

that can be composed together to achieve higher-level goals; in other words,

goals that empower the pursuit of other goals.

ˆ E�ort: The e�ort and resources � cognitive, motor, or material � expended

in pursuit of goal-directed activity are important considerations and tend to

trade o� with rewards. Low-e�ort, high-reward goals are typically more

valuable than high-e�ort, low-reward ones.

ˆ Uncertainty: Uncertainty or risk associated with either the goal state or the

process of goal pursuit can deter goal selection depending on an individual's

risk or ambiguity preferences.

ˆ Emotion: Emotional states such as mood and valence strongly in�uence

goal selection. Additionally, psychiatric conditions such as depression and

anhedonia can alter motivation levels and in�uence goal setting.

ˆ Social factors: Social considerations such as enhancing reputational value

and mating prospects frequently in�uence goal setting.

ˆ Information-seeking: A drive to seek information in order to reduce risk and

ambiguity in the environment can itself become a goal. For example, when

choosing between two equally attractive options, one may set a goal to obtain

more information by conducting market research.
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When we have multiple goals under consideration, we can construct value for each

of them according to our preferences over the factors listed above and allow them

to compete for selection at any given instant. However, commitment to an extended

goal does not end with a one-shot decision to pursue it at a particular moment. It is

a sustained choice regarding whether to maintain commitment until the goal state is

reached or decide to quit midway.

Sustaining goals

There are three choices one can make with regard to maintaining commitment to a

goal state at any moment: sustain commitment, interrupt the goal in favor of another

goal with the intention of revisiting it later, or quit the goal altogether. More often,

our decisions pertaining to long-term goals fall into the �rst two categories, as the

decision to completely abandon long-term goals is rare and momentous. However,

we interrupt our goals constantly. When we get stuck on a math problem that we

have been working on for quite some time, we may decide to take a break and return

to it the next day with a fresh perspective. We interrupt writing a report in order to

have lunch because it becomes a more pressing demand.

Nevertheless, we do not switch goals too often in daily life. We maintain persistence

toward a given goal for a reasonable amount of time, even though our minds may

temporarily drift away from the current task. We might set a goal of working on

a report for two hours in the morning, but still feel tempted to brie�y interrupt

it to check social media or read a news report. However, if the goal of �nishing

the report is su�ciently strong, it will pull the mind back toward the task after

brief interruptions. To handle such interruptions, representations of the goal and its

associated actions need to be maintained in working memory so that the task can be

resumed without delay.

Interruptions can, however, last across several timescales. If a goal is interrupted

and resumed weeks later, representations of the goal must be maintained in long-

term memory so that they can be retrieved and the task comfortably resumed after

a signi�cant delay. Thus, sustaining long-term goals involves interfacing with

memory processes across multiple timescales.

While memory mechanisms support goal commitment, reward and motivational

systems in the brain moderate the drive for sustained persistence. Reinforcements

delivered intermittently during goal pursuit can serve as powerful motivators for

continued commitment. We see clear examples of this in gambling or video games,
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where reward schedules embedded in the environment strengthen commitment and

induce reluctance to switch away from those goals. Moreover, seeing consistent

e�ort yield progress toward a target can itself motivate further e�ort. In Chapters 2

and 3, I further emphasize how goal progress and its rate in�uence goal commitment.

When the strength of goal commitment is high, we can become overly focused on

the goal at hand and fail to process alternative tasks. This relates to �ow states

observed during heightened concentration. However, when commitment wanes

through decreased drive or reduced rates of reinforcement, we begin contemplating

alternatives. When a more rewarding option presents itself, we may interrupt the

current goal and break the cycle of commitment.

Executing goals

We take actions in the world that bring us closer to the goals we set for ourselves.

When our goals are complex and elaborate, so are our actions. We often split

complex goals into manageable subtasks, also called subgoals, which we pursue in

service of higher-level goals. De�ning subgoals:

Subgoal is an intermediate state in the world, occupying which brings

the agent in proximity to the higher-level goal and is itself designated

the status of a goal.

Cooking a simple dish of pasta requires performing a sequence of subgoals � say,

boiling water and cutting vegetables � each of which becomes a goal in itself.

Most of the time, the structure of the goal naturally segments the task. At other

times, we must segment the goal ourselves in order to identify meaningful subgoals.

Decomposing a task hierarchically has two main advantages. First, it is easier for a

capacity-constrained agent to handle. Humans are constrained by working memory

limitations, and breaking a task into smaller components reduces cognitive load.

Second, multiple tasks can share subgoals, and learning to execute a subgoal for one

task automatically transfers to others. This enables us to pursue novel tasks through

single-shot learning, a phenomenon also called compositional generalization. Hi-

erarchy and compositionality are thus central facets of goal execution, requiring

planning to stitch sequences of actions together.
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Constructing hierarchical plans

Planning is the construction of a sequence of actions that an agent

executes in advance, requiring the agent to possess a model of the world

that can be used to predict state transitions caused by its actions.

We construct plans toward our goals across multiple hierarchies. First, we chart

paths to goals by sequencing subgoals, and then we chart paths to subgoals by

sequencing actions. However, this process begins with discovering subgoals in the

world. In experimental planning paradigms, humans have been shown to designate

bottleneck states that are frequently visited because they act as connector hubs to

other states in the world. Designating such states is helpful not only for pursuing

current goals, but also for future goal pursuit in cases where rewards shift or new

goals emerge within the same environment.

Constructing plans through subgoal discovery often requires knowledge of transi-

tions in the world � in other words, building a cognitive map. Tolman's classic

work showed that rats learned the spatial layout of a maze even without speci�c

rewards, and subsequently became quicker at obtaining rewards once they were

introduced. Building maps also enables �exible goal pursuit: if one regular path

becomes obstructed, alternative routes can be taken. However, planning through a

cognitive map is computationally costly, especially in complex environments.

Studies on human planning suggest the prominence of a di�erent strategy in building

and using cognitive maps. Humans are thought to encode state-to-state transitions

in the form of successor representations, which store proximity measures between

states and are learned through experience as agents move through the environment.

This strategy fails when the transition structure of the world is disrupted � for

example, when a path is blocked � but generalizes well to di�erent goal positions

within the same environment. Once the location of a goal or subgoal is known, the

sequence of successor states can be chained together to reach the destination.

However, even planning through successor representations can be computationally

intensive and requires active cognitive engagement. For frequently repeated tasks,

it becomes advantageous to automate sequence execution and avoid the costs of

planning. This is where skills for goal pursuit emerge.
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Building skills

The process of skill-building can be characterized as a transition from goal-directed

control to automatic processing. Building schemas or templates for commonly exe-

cuted sequences helps avoid the latencies and cognitive costs involved in deliberate

sequencing of actions. These schemas, also referred to as micro-skills or habits,

can also be reused in similar goals with shared subgoals. For instance, developing

a schema for typing the chunk th can optimize the execution of both that and there.

This optimization is one reason why composition and chunking of micro-skills

are ubiquitous in both motor tasks such as speaking and cognitive tasks such as

mathematics.

The more we practice through repeated goal execution, the more strongly we rein-

force transitions between relevant sequences, thereby strengthening schema encod-

ing. During sleep, sequences practiced during the day are replayed for abstraction

and consolidation into schemas. Building skills enables e�ective multitasking with

concurrent goals. For example, if the walk from one's o�ce to home is su�ciently

practiced, one might contemplate a di�cult math problem while walking.

Ultimately, this all re�ects the fact that we are bottlenecked by attention. We

can handle only a limited bandwidth of cognitive processing and therefore attempt

to allocate processing resources across multiple goals under constraints. When a

particular goal is no longer viable, it is often advantageous either to interrupt or

abandon it and switch to a more favorable goal.

Adapting goals

We constantly monitor the consequences of our actions and how they a�ect goal

pursuit. Are we getting closer to our goal, or are we stalled? Is the goal still

rewarding, or has it become devalued? Such considerations in�uence how �exibly

we switch between goals. Task switching, however, is known to be costly, increasing

both cognitive e�ort and latency. Therefore, we tend to maintain stable goal states

for reasonable durations while still retaining the �exibility to switch when warranted.

In later chapters of this thesis, I introduce theories explaining why we persist and

how switching costs originate. Goal pursuit is therefore both stable and �exible,

requiring an architecture that constantly monitors ongoing and alternative goals in

order to facilitate adaptive management of multiple goals.

In summary, to build agency capable of handling complex long-term goals, we

require an architecture with the ability to select, sustain, execute, and adapt multiple
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goals e�ciently under resource constraints.

1.3 Thesis outline and scope

In this thesis, I touch upon all of the architectural components described above and

contribute several insights to each of them.

In Chapter 2, I discuss the human tendency to overpersist in goals within an extended

goal-pursuit paradigm in which individuals can freely choose between multiple

goals. I introduce a descriptive account of persistence through the computational

construct of goal momentum to explain patterns of human goal persistence. I further

discuss why, under normative considerations, overpersistence may be optimal.

In Chapter 3, I extend the momentum account to explain persistence and �exibility

patterns in humans engaging in a hierarchical goal-pursuit paradigm involving freely

chosen goals and subgoals. I also show how persistence can be optimal for building

micro-skills and how momentum computations can drive persistence at both the

goal and subgoal levels.

In Chapter 4, I segue into the study of how neural architecture enables pursuit of

long-term goals. I review prior literature to gather evidence regarding how each of

the architectural desiderata discussed above is ful�lled in the brain.

In Chapter 5, I study hierarchical goal pursuit using neuroimaging to investigate how

the brain organizes �exible goal pursuit. Speci�cally, I discuss how goal and subgoal

representations are sustained, valued, and monitored in the brain, and validate the

momentum model of goal valuation by identifying its neural correlates.

In Chapter 6, I provide a mechanistic account of goal commitment by introducing a

circuit model incorporating momentum computations. I introduce a dynamical sys-

tems perspective on stable and �exible goal commitment and discuss the mechanistic

origins of switching costs.

I conclude the thesis in Chapter 7 with a discussion of the implications of this

research for understanding individual di�erences in human agency and for building

arti�cial intelligent systems endowed with agency.
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C h a p t e r 2

WHY WE PERSIST IN GOALS: A MOMENTUM-BASED
ACCOUNT OF GOAL PERSISTENCE

Extended goals necessitate extended commitment. We address how humans select

between multiple goals in a temporally extended setting. We probe whether humans

engage in prospective valuation of goals by estimating which goals are likely to

yield future success and choosing those, or whether they rely on a less optimal

retrospective strategy, favoring goals with greater accumulated progress even if less

likely to result in success. To address this, we introduce a novel task in which

goals need to be persistently selected until a set target is reached to earn an overall

reward. In a series of experiments, we show that human goal selection involves

a mix of prospective and retrospective in�uences, with an undue bias in favor of

retrospective valuation. We show that a goal valuation model utilizing the concept of

`momentum', where progress accrued toward a goal builds value and persists across

trials, successfully explains human behavior better than alternative frameworks. Our

�ndings thus suggest an important role for momentum in explaining the valuation

process underpinning human goal selection.

2.1 Introduction

Humans often direct sustained e�ort to reach rewarding states that are distant from

them. We often refer to such distant setpoints as goals � desired future states for our

future selves. Whether it is climbing Mount Whitney or landing a dream job, these

goals require sustained e�ort to ensure gradual progress toward the respective goals

[125], [32]. We often toggle between multiple such end states. We wish to �nish

our project deadlines, while also contemplating un�nished construction projects at

home. How do we select which long-term goal to pursue at any given point, and

how do we assign value to multiple goals at the same time?

While a desired end state can be a source of motivation, maintaining such a long

term goal could require intermediate reinforcement, signaling whether a target

is achievable or not worth pursuing. Progress towards the target is a potential

reinforcement signal that serves to validate our e�orts toward goal pursuit. Sustained

progress that draws us closer to the target motivates us to expend more e�ort in the

pursuit, whereas a slump in progress lowers our drive and induces us to pursue
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another target that is more attainable. [127] found that even progress not explicitly

signaled in a task can, when implicitly ruling out alternative options, in�uence

autonomous goal selection by limiting exploration [144].

Here, we introduce a computational model of momentum in progress, to capture

the notion of a sustained drive towards a distant goal. We propose that intermittent

reinforcement signaling progress builds up in value and drives persistence towards

goals. According to this framework, a goal that yielded sustained progress towards

a target in the recent past can be perceived as more valuable than an alternative goal

which made no progress in the past, but yet has a greater probability of reaching

the target in the near future. Our proposed model of persistent valuation predicts

an inertial e�ect in the willingness to change targets even when the rate of progress

toward a goal comes to a standstill [159].

Momentum is a concept deeply entrenched in the domain of Newtonian physics

that formalizes inertia or resistance to change that is fundamental to all physical

quantities embodied with mass. In physics, momentum is de�ned as a product of

mass and velocity, ? = < �E, and within its formulation there is an evident corollary

that the greater the momentum of an object, the greater is its resistance to change. In

other words, more force is required to stop an object with higher momentum, which

is a function of both its mass and velocity of progress.

Several applications of this concept in cognitive and computational science indicate

that this construct might have implications beyond rigid body dynamics. In the

perceptual decision-making literature, it has been observed that memory for the

location of a moving target is often displaced in the direction of the target's motion,

which has led to the use of the term representational momentum alongside the

hypothesis that the perceptual system evolved to function in the regime of Newtonian

physics [53], [85], [95]. In operant conditioning, the persistence of learned operant

behavior in the face of altered conditions was termed behavioral momentum [137],

[143], [114], [138], [136]. Momentum is also a key concept in machine learning

utilized for stability in learning and optimization [161]. Momentum induces inertia

in gradient updates by maintaining a running average of recent updates instead of

�uctuating momentary gradients to update expectations/ policies. This rewards

consistency in signed gradient errors, thereby maintaining stability in the direction

of updates. The same concept was proposed as a possible explanation for the e�ect

of mood on decision making ([152], [44]).

Psychologists have previously linked the concept of momentum to the phenomenol-
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ogy of goal pursuit ([26], [120], [83]). However, most of this previous work has been

limited to qualitative formulations, introducing momentum as a potential account for

the tendency of dispositional states to carry forward through time; task-set inertia,

mental simulation, and rumination are a few examples. Moreover, momentum, as a

term, has been a part of the popular vernacular relating to the pursuit of goals (�this

project needs more momentum", �this �ght is gathering momentum every day").

However, its quantitative formalization in the decision-making literature is lacking.

Decision inertia and persistence of actions are extensively studied in psychology,

albeit in the context of intermittent reinforcements. Notable studies in the foraging

literature have used the concept of the opportunity cost of time as a means to decide

whether to continue forage in the current patch or move to a new one with a delay

in time [34], [94], [30]. Di�erently from this approach, in the present study we

focus on scenarios where rewards are distant, which requires the maintenance of a

persistent drive toward goal pursuit.

Suboptimal human persistence has been extensively documented in prior literature

where there are sunk costs [10] [11], [166]. Humans are known to overpersist on

goals that have incurred sunk costs of time, e�ort, and resources, even when it is

optimal to abandon them. The sunk cost fallacy demonstrates similar persistence

e�ects in relation to extended goals, the neural basis of which was recently in-

vestigated in humans [81]. But not all goal-selection decisions made in daily life

occur in the presence of explicit sunk costs. For instance, we can decide to stop

working on debugging code and rest instead, with the full knowledge that our work

can be resumed later. In the present study, we explicitly emphasized investigating

human goal persistence patterns in a multitasking setting rather than a sunk-cost

one. Therefore, we allowed goals to retain accrued progress having switched away

from them. This was done to mitigate the in�uence of sunk costs in our experiments

related to abandoned goals completely losing their value. Consequently, the present

study deviates from previous work [81], as sunk costs are likely to exert a potent

in�uence on the long-term pursuit of the goal. Moreover, in [81], while overpersis-

tence was observed in behavior in that study, providing a computational account for

the overpersistence e�ect was not their focus. Here, our overall goal is to understand

the nature of the overpersistence e�ect, particularly after the e�ects of sunk costs

explicitly related to a loss of prior goal progress have been reduced.

We make two signi�cant contributions through the study described here. Firstly,

we introduce a novel paradigm to investigate the temporal nature of valuation of
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extended goals in the presence of competing alternatives, a hitherto unexplored

question. Secondly, we provide an algorithmic account for persistence in extended

goals. We introduce momentum as a key computational variable driving inertia

in goal valuation, providing a fresh perspective on human persistence and decision

inertia.

2.2 Experiment

We introduce a suit collection paradigm to simulate extended goal pursuit inspired

by traditional card games. A suit in the game comprises a speci�c number (say

seven) of tokens of the same kind. The objective for the participants is to collect as

many suits as they can and win points in the game (which ultimately translates to

a monetary bonus). There are three di�erent types of suits available (cat, hat, car)

and participants can freely switch between collecting di�erent suits without penalty

to earn points in the game. Participants only receive points when a suit is completed

without any partial credit for any incomplete suits.

Gameplay

The game is played in blocks with each block having 30 rounds. A sample round of

the gameplay is shown in Fig 1. Participants start with an empty set of slots (7 for

each token type as shown in Fig 1A).

State: The game state is indicated by the current slot con�guration which indicates

progress made toward di�erent suits. An example slot con�guration occurring a

few rounds into the game is shown in Fig 1C.

Actions: There are 6 cards in the game, each corresponding to a speci�c suit type

(two cards are allotted for each suit, see Fig 1B). On each round, a participant is

shown three cards (one card for each suit). Participants can choose to �ip between

one of the three cards shown to receive tokens for a suit (see Fig 1C). For example,

if a participant wishes to acquire a car token to collect the car suit, they would pick

the key or the baggage card (whichever is available in the round) to try to acquire

the token.

Outcomes: If the participant �ips the car-related card (say), they receive the car

token with a speci�c (non-zero) probability and the hat and the cat tokens with zero

probability. If the participant receives the car token, one of the empty car slots is

�lled and the participant proceeds to the next round of token collection. If a suit's

target is reached (say 7 tokens of one type are collected), the participant will receive

10 points for �nishing the suit and all of those 7 slots are emptied for a fresh bout
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Figure 2.1: Suits task.A. Participants start with empty slots to collect tokens for each of
the three available suits (cat, hat, car). B. Each suit type is mapped to two distinct cards
which serve to stand in for the suits in the game. C. Panel shows a sample round of the task:
1. Participants see suit collection progress of all three goals. 2. Participants pick a card
corresponding to one of the three goals. 3. Participants sees the outcome of their action
4. If a token is received, slots are updated. 5. Periodically, participants report the suit
they are pursuing. D. Conditional probabilities. Pr¹C>:4=j20A3º for di�erent token-card
combinations are shown for the 80-20 block. Selecting the basket or the mat card gives you
the cat token with a high probability of 0.8, making cat the dominant suit in the block. E.
Block shifts Each block has �xed probabilities with one dominant suit and two inferior suits
of identical probabilities. The dominant suit is switched across adjacent blocks (Cat is most
abundant in block N while hat is the most abundant in the next one). F. Token probabilities.
Two experimental variants (experiment 1 and 2) with probability con�gurations speci�ed
for each suit. Figure credits. We used images from https://openclipart.org/ to generate the
�gures. See the Task design section in Methods for full image credits.



15

of collection.

Game blocks: Gameplay is continuous, and participants retain any tokens from

incomplete suits across the entire game. However, the game is structured into

blocks, and participants are informed that each block introduces a new probability

distribution over the three suits. For example, in an 80-20 block, the probabilities

might be 0.8 for cat, and 0.2 each for hat and car. The conditional probabilities of

receiving a token given a card-action pairing in such a block are shown in Table 1 (see

also Fig 1D). When a new block begins, the suit probabilities shift. For instance, in a

70-30 block, the dominant suit might now be hat, such that Pr¹hatjhat-related cardº =

0•7, while Pr¹catjcat-related cardº = 0•3 and Pr¹carjcar-related cardº = 0•3 (see Fig

1E). Participants are explicitly informed about the block structure: each block lasts

30 rounds, di�erent suits have di�erent probabilities within a block, and these

probabilities change when a new block begins.

80-20 block

Pr¹C>:4=j20A3ºcat hat car
cat-related card 0.8 0 0
hat-related card 0 0.2 0
car-related card 0 0 0.2

Table 2.1: Pr¹C>:4=j20A3º for the 80-20 block. The dominant token is cat with
Pr¹20Cjcat-related cardº = 0•8

Experimental manipulations

There is a dominant suit in each block. We designed blocks in the game so that

there is a dominant suit on each block (counterbalanced across all suit types), such

that �ipping its cards gives tokens with the highest probability (in Fig 1D, the cat

suit is the dominant one with 0.8 probability). The other two suits have identically

inferior token probabilities (both hat and car with 0.2 probability). We instructed

the participants of this task manipulation, explaining that within each block there

is a speci�c suit which has the highest chance of token collection. Pursuing the

dominant suit type in each block gives participants the best chance at success in suit

completion and we investigated how often participants chose the dominant option

in a block in relation to their progress on various suits.

Probability disparity between suits is modulated across blocks. We also varied

the probability disparity between the dominant and the inferior suits to ascertain

how it modulates goal selection. We expected that selection of the dominant suit
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would be high in the high disparity blocks (where the probability di�erence between

the dominant and the inferior suits is highest) and that this would be re�ected in

participants' goal selection patterns.

The dominant suit is switched across adjacent blocks. We implemented dominant

token switches across blocks so as to enable us to investigate con�icts in goal

selection between retrospective and prospective in�uences, as this is critical to

assess how individuals change their choices of goal in the face of such a con�ict.

If a participant pursues a dominant suit in a block and is close to �nishing it, and

they encounter a block shift when the hitherto dominant suit is no longer dominant,

then it is relatively more di�cult to make further progress towards its target. A

goal con�ict arises in these situations, concerning whether to persist in the suit that

is close to the target, or to switch over to the new dominant suit. Such scenarios

occur frequently during the game, and the optimal strategy is to switch over to

the dominant suit in the new block. We did not instruct the participants that the

dominant token in one block becomes an inferior token in the adjacent block.

Testing the e�ect of instructions. We varied the instructions the participants

received on the precise conditional probabilites across blocks. We investigated

the extent to which knowledge of absolute probabilities of dominant and inferior

tokens (without disclosing the identity of the dominant token) would in�uence goal

selection in the game.

E�ect of non-uniform targets on goal selection. We set non-uniform targets for

the three suits to ascertain how that in�uences extended-valuation of the suits in

relation to their progress and task-conditions.

We include four experiments to implement the above mentioned design manipula-

tions. Experiments 1-3 have uniform targets for all suits, with each suit comprising

of seven tokens of one kind. Experiment 1 has 18 blocks with 30 rounds each,

with three di�erent probability structures: 80-20, 70-30, 60-40. In the 80-20 block

(say), the dominant suit is available with 80% chance and the two inferior tokens are

available with 20% chance. Experiment 2 has 12 blocks (30 rounds each), with two

di�erent block types: 75-25 and 55-45. In both experiments 1 and 2, our instructions

are limited in that, within each block, one speci�c suit has the highest probability,

and the probabilities change with each block switch. In experiment 3 (which is a

repeat of experiment 1), we gave participants more information about their current

block context. Before each block began, we speci�cally informed them that they are

in an 80-20 context, without telling them which speci�c suit is available with 80%

chance (more details on task design and instructions are elaborated in the Methods
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section). In experiment 4, we employed non-uniform targets for di�erent suits and

explored its impact on validating our computational hypothesis.

2.3 Retrospective bias in temporally extended goal selection

We analyze goal selection patterns in human participants in�uenced by the current

context (suit probabilities in a block) and slot con�guration. In a given round,

participants can choose to collect the dominant suit (with the highest probability of

receiving tokens), or choose to pursue the suit with the most progress (max progress

suit) according to their slot con�guration. In Fig 2A, we show the participants'

probability of selecting cards related to the dominant suit, the max progress suit,

and the third suit. Participants preferred to select either the dominant or the max

progress suit across all conditions, picking the remaining suit well below the chance

level. This indicates that the primary con�ict in goal selection is between the accrued

goal progress and the current rate of goal progress.

Moreover, the preference toward the dominant/max progress suit shows an interac-

tion with the block condition. Participants show a higher preference for the dominant

suit when the disparity between di�erent suits is large (80-20 / 75-25 conditions)

and a lower preference when the disparity is small (60�40 / 55�45 conditions),

indicating sensitivity to the current rate of progress (repeated measures ANOVA;

Experiment 1: F(2, 86) = 20.23, ? Ÿ 0•00001; Experiment 2: F(1, 49) = 17.32,

? Ÿ 0•00001). Likewise, preference toward the max progress suit increases with

decreases in disparity between the suits (repeated measures ANOVA; Experiment 1:

F(2, 86) = 19.67, ? Ÿ 0•00001; Experiment 2: F(1, 49) = 7.1, ? Ÿ 0•01). However,

in all conditions, participants preferred to pick the maximum progress suit over the

dominant suit, indicating an increased preference for the accrued progress over the

current rate of progress.

Fig 2A provides a partial examination of the choice patterns, highlighting rounds

where the dominant suit and the max progress suit are separate. However, in a

fraction of rounds, the dominant suit is the same as the max-progress suit because

maximum progress is made toward the dominant suit. In 62% of the rounds in

Experiment 1 and 63% of the rounds in Experiment 2, the dominant suit is separate

from the max progress suit, while in the rest of the rounds the two options converge.

We noted that in the rounds where the dominant and the max progress suits are the

same, both the accrued progress and the current rate of progress for the suit are high,

mitigating con�ict in goal selection. In those rounds, participants predominantly
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chose to pursue the dominant option (or the max progress option), picking the other

two options occasionally and well below the chance level (see S1 Fig).

Limiting our analyses to the rounds where the dominant and max progress suits are

separate (with a goal selection con�ict), we further analyzed how progress di�er-

ences between the two suits in�uence goal selection. Fig 2B shows the probability

of choosing the max progress suit as a function of the di�erence in progress between

the two suits. We show that participants' preference toward the max progress suit

monotonically increases with the increasing progress di�erence between the suits.

This preference is highest when the max progress suit is at 86% progress (6/7 tokens

completed), and when the dominant suit has 0/7 tokens collected.

The pattern of increased preference for accrued progress in human participants is

not necessarily suboptimal. If a suit is close to completion, it might be optimal to

persist with it and get a reward sooner than to switch to the dominant suit that might

have a high rate of progress but an equally high trials-to-completion estimate. In

fact, humans are known to prefer sooner rewards over later ones, a tendency due to

the incorporation of a discount factor in the estimation of the reward value incurred

over a delay [52]. We investigated whether the goal selection patterns of participants

are optimal under this assumption.

We constructed a prospective agent which prioritizes faster suit completion and

reward accumulation. This agent, rather than optimizing for discounted returns

accumulated at the end of the task, focuses on the immediate reward delivered at the

end of suit completion. The agent thus places the highest value on goals that have

the lowest estimates of trials-to-completion. To estimate values, the agent needs

to maintain beliefs about the current probability estimates of various suits and roll

out expectations into the future until the termination condition (collecting 7 tokens)

is reached. We constructed the agent as a partially observable Markov decision

process, with the current slot con�guration as the observed state, selection of cards

as actions, and an estimate of the current suit probabilities as the belief state. The

agent updates the belief about token-outcome probability of a suit using a delta

learning rule:

" ¹Cº
6 = " ¹C�1º

6 ¸ U¹� ¹Cº
6 � " ¹C�1º

6 º (2.1)

where " 6¹Cº is the belief at time C, �6¹Cº is the indicator function of the token

outcome (1 if the token is received in a round), and U is the learning rate. Using the
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estimated probability of belief, the prospective agent rolls out expectations one step

in the future for two scenarios: receiving a token with probability "6 and moving

one token closer to the target (B¹Cº
6 ¸ 1); and not receiving the token with probability

1 � " 6, and staying in the same slot state (B¹Cº
6 ). The rolled-out future states are

discounted by a factor of W.

&6
�
B¹Cº

6
�

= " 6W&6
�
B¹Cº

6 ¸ 1
�

¸ ¹1 � " 6ºW&6
�
B¹Cº

6
�

(2.2)

where &6¹Cº is the value of the goal suit 6, and B6¹Cº is the current slot state of

suit 6. Speci�cally, B6¹Cº is a counter for the progress of the goal, with the above

recursive estimation terminating when the current state reaches the target (say, 7

tokens). Recursion is also terminated with a horizon of 20 steps.

The prospective agent, as de�ned above, can favor pursuing the maximum progress

suit over the dominant suit. When the maximum progress suit is close to completion

(say, 5 out of 7 tokens), the agent has to unroll fewer steps ahead to receive rewards

compared to the dominant suit that is further away from the target (say, 2 out of

7 tokens). However, the prospective agent is sensitive to block conditions: When

placed in the 80�20 block, the chance of collecting two additional tokens with a

chance of 20% is lower than that of collecting �ve tokens with a chance of 80%, and

the agent prefers to follow the dominant suit.

We optimized the parameters of the prospective agent (parameters and action selec-

tion process documented in the Computational Modeling section of Methods) for

task performance (total number of suits completed). The optimal discount factor

for this agent is W = 0•95 for Experiment 1 and W = 0•93 for Experiment 2. The

prospective agent, thus optimized for the task, signi�cantly outperforms the human

participants (performance distinctions are elaborated in a later section).

For each slot con�guration seen by human participants, we computed the response

exhibited by the prospective agent and investigated the extent of the participants'

deviation from this response. For generating the prospective responses, we assumed

the true state of suit probabilities to be the agent's belief (not accounting for learning

e�ects). We de�ne the suit selected by the prospective agent as the prospective suit,

and the suit with the maximum progress in a round as the retrospective suit. Fig

2C provides a revised analysis of Fig 2A, indicating the goal selection patterns to

choose between the prospective suit, the retrospective suit, and the third suit (when
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the identities of the prospective and retrospective suit are di�erent). The revised goal

selection patterns show a trend similar to that shown in Fig 2A, with the preference for

the retrospective suit being higher than that of the prospective suit in all conditions.

Moreover, the prospective suit shows the same interaction pro�le with the block

condition (repeated measures ANOVA: Experiment 1: F(86) = 7.04, ? Ÿ 0•001;

Experiment 2: F(49) = 17.79, ? Ÿ 0•0001), and also with the retrospective suit

(Experiment 1: F(86) = 2.14, ? = 0•12; Experiment 2: F(49) = 8.88, ? Ÿ 0•005).

The proportion of rounds in which there is a con�ict of goal selection in the current

classi�cation (prospective suit versus retrospective suit) is now reduced to 40% on

average across all conditions (as opposed to 60% previously in the max progress

suit vs. dominant suit classi�cation), indicating that a fraction of max progress

choices are indeed prospective in nature after accounting for discounting e�ects. S1

Fig shows preferences when the prospective and the retrospective suit identities are

the same (when the prospective agent prefers the maximum progress option), with

participants predominantly choosing the prospective/retrospective option devoid of

the goal selection con�ict.

In summary, the patterns of goal selection in human participants reveal a retrospec-

tive bias for accrued progress in the task. Further quantifying the extent of this bias,

Fig 2D shows the overall proportion of the choice of dominant suit in participants

compared to that of the prospective agent optimized for the task. We also split

the choices as occurring in the �rst and second halves of blocks (averaged over all

blocks) to account for any learning e�ects. Both participants and the prospective

agent show learning e�ects within blocks, with the proportion of dominant choice

increasing in the latter half of the block. However, the dominant choice of the par-

ticipants remains signi�cantly lower than that of the prospective agent in both halves

of the blocks, causing suboptimal human performance in the task (elaborated in a

later section). Lower learning rates and increased discounting in participants could

potentially explain suboptimality in task performance in humans, which we consider

to be a potential explanation for the goal selection patterns seen in humans. This

account is tested in later sections by �tting the prospective agent to the participants'

choices. Furthermore, there are no signi�cant e�ects of learning or performance

changes between blocks. S3 Fig shows the proportion of dominant choice between

blocks, where we �nd no signi�cant changes in the selection e�ects as the task

progresses.
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Figure 2.2: A. Participants show a preference for the progress accrued over the
current rate of progress. Participants primarily chose between the dominant suit (one with
the highest probability within the block) and the max progress suit (one which made greatest
progress towards the target), while choosing the third option relatively infrequently. B. The
proportion of times participants chose the max progress suit over the dominant suit (when
the two diverge) is broken down by block type. The preference for the max progress option
increases with the di�erence in progress between the dominant and max progress suits. C.
Participants show a preference for the retrospective suit over the prospective suit (when the
two choices diverge). Participants chose the retrospective suit (with the greatest progress)
over the prospective suit (optimal choice prescribed the task-optimized prospective agent).
D. Learning e�ects within blocks. Panel shows the dominant suit choice probability in the
�rst and second halves of the block (15 rounds each). The proportion of dominant choices
increases in the second half indicating learning e�ects within blocks. The choice patterns
are contrasted with that of the task-optimized prospective agent, wherein, preference for the
dominant suit is signi�cantly lower in participants in both halves of the blocks, indicating
suboptimal retrospective bias in goal selection.
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Figure 2.3: A. Participants show greater persistence towards the retrospective suit.
Participants make more switches away from the prospective option than the retrospective
option. Switches are split by suit type (prospective/ retrospective), block condition, and
whether the round elicits a token or not. Signi�cance markers indicate paired-sample t-tests
(� : ? Ÿ 0•01– �� : ? Ÿ 0•001– ��� : ? Ÿ 0•0001). B. Switches split by progress di�erences
between the suits. H di�, L di� correspond to higher and lower progress di�erence between
the suits. Increased persistence with the retrospective suit when progress di�erence between
the suits is high.

2.4 Persistence with the retrospective option

We further investigated temporal persistence patterns with regard to suit selection.

Although overall goal selection is biased toward the retrospective suit, we further

aimed to determine whether we could �nd evidence of a bias toward temporal

persistence once a suit is selected. For this, we calculated the proportion of rounds

in which participants switched away from the selected option in the subsequent

round. We isolated these switches by suit type: separating rounds where they

switched away from the prospective suit from those where they switched from the

retrospective suit (similarly de�ned as in the previous section). Fig 3A shows the

switch probabilities of the participants. We also separated the conditions where

participants received a token in the previous round from those where they did not
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