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Abstract

Cognitive fatigue and boredom are two phenomenological states that reflect overt task disengagement. In this
dissertation, we present a rational analysis of the temporal structure of controlled behavior, which provides
a formal account of these phenomena. We suggest that in controlling behavior, the brain faces competing
behavioral and computational imperatives, and must balance them by tracking their opportunity costs over
time. We use this analysis to flesh out previous suggestions that feelings associated with subjective effort, like
cognitive fatigue and boredom, are the phenomenological counterparts of these opportunity cost measures,
instead of reflecting the depletion of resources as has often been assumed. Specifically, we propose that
both fatigue and boredom reflect the competing value of particular options that require foregoing immediate
reward but can improve future performance: Fatigue reflects the value of offline computation (internal to
the organism) to improve future decisions, while boredom signals the value of exploration (external in the
world). We demonstrate that these accounts provide a mechanistically explicit and parsimonious account for a
wide array of findings related to cognitive control, integrating and reimagining them under a single, formally
rigorous framework. We follow this theoretical work with a behavioral and neuroimaging study that aims
to explicitly test the mechanistic claim created by cognitive fatigue. The proposal of this new experimental
paradigm is especially important with ‘ego depletion’ and its associated experimental paradigms falling out of
favor. Chapter 2 introduces the theoretical framework and is separated into three parts, one for fatigue, one for
boredom, and one for mind-wandering. The subsequent chapters evaluate the fatigue hypothesis. Chapter 3
introduces a behavioral study and its corresponding analyses. Chapter 4 discusses the neuroimaging portion,
aiming to establish a link between replay and default mode activation. Chapter 5 concludes by placing this

piece of work into a broader research agenda.
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Chapter 1

Introduction

Questions surrounding qualia, instances of subjective experience, are a core part of the philosophy of mind.
Yet, the questions are fundamentally psychological: how and why do people experience what they do? This
dissertation aims to bring a highly interdisciplinary toolkit of cognitive psychology, computational modeling,
analytical philosophy, and cognitive neuroscience to define and formalize the notion of mental effort. Specif-
ically, we were interested in temporal dynamics, which can be captured by concepts such as flow, fatigue,
and boredom. While all these concepts have been studied elsewhere, our work is likely the first the integrate
them, demonstrating their similarities as well as their differences.

Our theoretical work, which was published in Psychological Review [5], is followed up by a behavioral
and neuroimaging study [3] that aims to evaluate the novel mechanistic claim we propose for hippocampal
replay. The theoretical work uses decision theory (specifically reinforcement learning) to taxonomize the
phenomenological states of interest. We hope to reconcile at least a century’s worth of work that has aimed
to uncover the computational and neural bases of these states. The behavioral and neuroimaging study con-
tributes by offering an experimental paradigm by which to precisely study the theoretical models’ predictions.
Phenomenology is an inherently difficult subject to (empirically) study, but the task of the psychologist is to
do so nonetheless. With the previous experimental paradigm used to study ego depletion falling out of favor,
anew design is needed that is reflective of the scientific advances we have made since. As the reader will see,
the experiment was not as successful as hypothesized, but we believe nonetheless it serves as an excellent
starting point by which to precisely study the elusive phenomena of fatigue and boredom.

Ultimately, the goal of this work is to ask more questions than it answers. Do we provide a meaningful
decomposition of phenomenological states? Does our approach map onto both our intuition and our experi-

mental paradigms? When it does not, is this a problem with our definition or our intuitive and experimental



language? Are these phenomena that can even be systematically studied? And, to what extent can we aim to
leverage the language of computation to precisely denote them?

Chapter 2 introduces the theoretical framework and is separated into three parts, one for fatigue, one for
boredom, and one for mind-wandering. The subsequent chapters evaluate the fatigue hypothesis. Chapter 3
introduces a behavioral study and its corresponding analyses. Chapter 4 discusses the neuroimaging portion,
aiming to establish a link between replay and default mode activation. Chapter 5 concludes by placing this

piece of work into a broader research agenda.
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Chapter 2

Theoretical Framework

Learning' is one of the most widely studied processes in all of cognitive psychology. New tasks are often
difficult, but they become easier — and subsequently, we perform them better — with practice [167, 183, 191,
8]. Computational models of learning propose that this is the result of minimizing prediction errors, and
can be captured by connectionist models using backpropagation and/or reinforcement learning models using
temporal difference learning [199, 38, 49].

However, to date, these models and most other formal theories of learning have largely failed to address
the ubiquitously recognized subjective states of cognitive fatigue and boredom, and the changes in objective
performance associated with these. Most theories predict that, with practice, there should be monotonic
improvements in performance. In accordance with this prediction, greater practice does generally lead to
progressive improvements in performance. For example, a participant training on a task for an hour every
day will usually perform better after two weeks. Yet, most learning models do not take into account how the
temporal characteristics of practice influence performance. They would naively predict that performance at
the end of fourteen straight hours of practice is comparable to that at the end of the same amount of practice
carried out periodically over two weeks2. This is unlikely to be true [12, 91, 127, 208, 84, 123, 212, 81].
Specifically, after prolonged task engagement, it is all but certain that participants will feel fatigued or bored,
and make considerably more errors (if they continue to perform for the full duration at all).

Fatigue has often been attributed to the consumption, and consequent diminution, of some resource (e.g.,
metabolic; [20, 21]), by analogy to the case of physical fatigue. In contrast, [115] proposed that exerting

cognitive control (limitations of which may potentially characterize fatigue and boredom) may instead be

I'This chapter has been published. Agrawal M, Mattar MG, Cohen JD, Daw ND (2021). The Temporal Dynamics of Opportunity
Costs: A Normative Account of Cognitive Fatigue and Boredom. Psychological Review.

2While the effects of massing vs. spacing of practice have been studied in several contexts, and several relevant factors have been
identified [94, 28, 171, 56, 135], fatigue and/or boredom are almost certain to be dominant ones in this example.
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accompanied by a sensation that signals opportunity costs that are a consequence of the limitation in the
number of tasks that can be performed concurrently. That is, with the passing of time, it becomes increasingly
possible that behaviors other than the one currently being performed offer opportunities for greater reward,
and to which it would be more valuable to switch behavior [22, 89, 93]. However, this broad approach admits
to many specific models. In addition to focusing on particular sensations (e.g., boredom), a fully specified
opportunity cost model must satisfy two criteria: (1) it must define the nature of the alternative behaviors that
give rise to the opportunity cost(s); and (2) it must account for the temporal dynamics of the phenomena it is
meant to explain (e.g., the increase in fatigue and boredom over time). The goal of the present research is to
specify such a formal theory for the cases of fatigue and boredom.

Here, we propose that one important class of opportunity costs arises from an intertemporal choice every
agent must make: whether to sacrifice current reward in order to gather information that will result in greater
reward later. Information gathering has value, which (if foregone, to instead pursue proximate reward) im-
poses an opportunity cost. As stated, this is the classic explore-exploit dilemma [77]. However, importantly,
we extend this analysis to consider two different types of information-gathering actions. One corresponds
to the standard treatment of explore-exploit: seeking out new opportunities in the external world, which can
improve later choices. The second reflects an internal counterpart: offline processing by which one learns by
thinking and mental simulation, again to compute decision variables that can improve future decisions. Both
reflect a similar type of tradeoff between on-task performance and information gathering, but their values (and
conversely, the opportunity costs for not pursuing them) have different dynamics with training. We identify
the subjective feelings of boredom and fatigue with these specific, quantifiable decision variables which we

propose our brain must compute and use for optimally allocating control.

2.1 Roadmap

First, we propose that fatigue adaptively signals the value of rest, and that the value of rest is derived from
offline (internal) processing mechanisms such as hippocampal replay. We demonstrate how casting replay (a
covert computational operation) as an instrumental action competing with overt behaviors leads to nontrivial
dynamics of arbitration between replay and physical action in order to maximize future reward. Then, we
propose that boredom tracks the value of exploring, here playing out via competition between different classes
of overt action: information-seeking vs. exploitative. We offer a model that enables agents to navigate the
explore-exploit tradeoff, expose its analogy to the case of replay, and demonstrate how the temporal dynamics
of uncertainty lead agents to oscillate between different tasks. Finally, we integrate the two mechanisms of

replay and exploration and examines new insights and problems arising from their interaction. Once viewed
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in the same framework, the internal and external actions so far discussed separately can also interact, with
consequences for their value, such as in the case of planning to explore. We examine some of these cases and
speculate whether they may relate to additional subjective phenomena such as mind-wandering. In summary
we propose that, rather than reflecting hindrances as is often assumed, fatigue and boredom reflect control
optimizations that track the values of replay and exploration, respectively, and are used by agents to maximize

long-term reward. A schematic of this decomposition is illustrated in Figure 2.1.

Act Replay
Exploit Normal / Flow Fatigue
Explore Boredom

Figure 2.1: We paper partitions the constraints associated with the duration of cognitive control into two
dimensions: action vs. replay and exploration vs. exploitation. First, we investigate fatigue, which we
propose to be a signal for the value of replay while we propose boredom to be a bias towards exploration.
We then integrate the mechanisms of replay and exploration; whether this corresponds to a currently studied
phenomenology is unknown and is an important direction for future research.

Before we formally introduce our models of fatigue and boredom, we present background on cognitive

control and reinforcement learning.

2.2 Rational Models of Cognitive Control

Cognitive fatigue has long been studied in psychology [201, 54], with one influential account, ‘ego de-
pletion,” suggesting that it reflects the consumption and subsequent diminution of a metabolic resource
[20, 21]. Recently, however, this hypothesis has been called into question [115]; and multiple meta-analyses

have challenged its empirical foundation, suggesting that the associated studies overestimated null effects
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[33, 82, 170]. But beyond problems with the particular experiments to which it was applied, the metabolic
hypothesis itself also seems mechanistically flawed: what exactly is this metabolic resource? Glucose has
often been proposed, but there does not seem to be a relationship between executive function and glucose
levels [134, 169, 76, 139, 181]. In fact, some of the largest glucose demands in the brain arise from visual
processing [150], leading this account to predict, for instance, that face recognition should be more fatiguing
than multi-digit arithmetic, though the opposite seems true in everyday life.

In contrast, normative models of cognitive control [190, 115, 119] propose that performance variation
arises from the rational balancing of the costs versus benefits of different control strategies, rather than bi-
ological resource limitations. Although these accounts vary as to how they operationalize control (and thus
what ultimately makes it costly or limited), the cost-benefit framing implies that performance decrements due
to fatigue or boredom can be countered with incentives, shifting the tradeoff. Direct evidence for a rational
basis of fatigue comes from a set of studies demonstrating that participants’ implicit theories about ‘ego de-
pletion’ predicted the extent to which they exhibited depletion-like behavior [129, 36, 97, 98], suggesting that
these individuals were conducting a metacognitive evaluation of the costs and benefits of rest and allocating
control accordingly.

The current theory instantiates a rational model to explain fatigue and boredom. Agents’ actions in our
model span two dimensions: physical versus mental and exploratory versus exploitative (Figure 2.1). Because
an agent can only perform one action at a time (and in particular, because the mental actions we consider are
assumed to exclude physical ones, for reasons later justified), each action (including covert, internal ones)
comes with the opportunity cost of foregoing all other actions. The goal of the rational controller is to identify

the sequence of actions that maximizes reward.

2.3 Reinforcement Learning

Reinforcement learning [199, 49] offers an integrative computational framework in which to implement a
rational agent. Sequential decision problems in reinforcement learning settings are often modeled through
a Markov decision process (MDP), a 5-tuple (S,.A, R, P,~), in which § is the set of states, A is the set of
actions, R(s) is the reward received in state s, P(s, a, s’) is the probability of transitioning to from state s to
state s’ using action a, and +y is the discount factor. The policy 7 : S +— A determines with what probability
an agent should perform action a when in state s and the agent’s goal in a reinforcement learning environment

is to identify 7*, the policy that leads to maximum reward.
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2.3.1 Model-Free versus Model-Based Learning

Two main classes of algorithms have emerged in reinforcement learning: model-free and model-based learn-
ing [199, 49]. These are exemplified by two different approaches for using trial-and-error experience to
estimate the value of candidate actions so as to guide choices toward better options. Formally, we consider
the value function, the expected cumulative future discounted reward Q(s, a) for taking some action « in state
s.

Model-free methods, such as Q-learning [213] estimate this function directly from experienced rewards
over experienced state trajectories [141, 186, 185]. Here, an agent maintains an estimated function Q(s, a),
and updates it after every experienced state-action-reward-state transition (s, a,r, s’), according to the tem-

poral difference learning backup rule:

Q(s,a) < Q(s,a) + a(r + 7 max Q(s',ad") — Q(s,a)) 2.1)

in which « refers to the learning rate of the agent. In contrast, model-based learning [49, 197] learns an
internal model of the environment (i.e. estimates the one-step dynamics P and rewards R). Such a model can
be used to compute Q(s, a) by iterating steps and aggregating expected reward, formalizing a sort of mental
simulation.

A main difference between these approaches is the computational work required to evaluate an action:
model-based evaluation requires extensive internal iteration prior to action, whereas model-free values can
be simply retrieved. Conversely, model-based evaluation is generally more accurate and flexible; this is
because individual updates from Eq. 2.1 teach the agent about local rewards and costs, but working out
their consequences for longer-run action-outcome relationships requires additional mental simulation (or
many more experiential updates). Importantly, such mental simulation can “teach” the agent how to make
better choices in future, but without actually collecting new information from the environment — instead, by
discovering the consequences of information already known. For these reasons this computational distinction
has been employed in neuroscience as a model of the tradeoffs between thinking and acting [49, 105]. The
general idea is that the brain can either act immediately according to (fast, potentially inaccurate) model-free
values, or spend time computing better (more accurate) model-based ones. This leads to a speed-accuracy
tradeoff and a rational account of many phenomena of habits, automaticity, compulsion, and slips of action
[49, 105, 157, 158, 117, 106, 110, 111, 189].

The current theory employs a finer-grained version of this idea, based on the Dyna framework [198],
which learns values from experience using Eq. 2.1, but also makes decisions about whether to improve these

using individual steps of model evaluation and, if so, which ones [130]. The core tradeoff — whether to act,
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or delay action to produce more accurate evaluations — and the logic of its cost-benefit resolution remain the
same. Mattar & Daw [130] proposed that the brain implements the steps of model evaluation by replaying
trajectories in hippocampus. This theory will be the basis of our first analysis, where we suggest fatigue

tracks the value of such replay.

2.3.2 Exploration vs Exploitation

Reinforcement learning also offers an analysis of the explore-exploit tradeoff. When picking which restaurant
to visit, whether to date a potential partner, or what research programs to pursue, humans must decide whether
to exploit options they know are rewarding or forego those to explore new options that may potentially be
even more rewarding. The explore-exploit tradeoff has long been studied in computer science and has recently
attracted increasing attention in psychology and neuroscience [101, 199, 50, 39, 218, 133, 72, 187].

The value of exploratory actions, in principle, is that the agent may learn something from them that
improves their future choices — and thus their future earnings. The classic decision-theoretic analysis of
the explore-exploit dilemma in problems such as bandit tasks [77] attempts to quantify this long-run value
directly by computing actions’ expected future value taking into account the possible effects of learning on
later choices and rewards. This gives rise to a difference, for each action, between its nominal value () based
on current knowledge, versus its expected long-run value including the improvement due to learning. For
our purposes, we can generically express this as the sum of a baseline value () and an additional increment,

called value of information (VOI):

Qvor(s,a) =Q(s,a) + VOI(s,a) (2.2)

In practice, the VOI depends on the task: for instance, how it is broken up into repeated episodes, and
what is shared between them (and/or other tasks) that can be learned to improve later performance. In general,
although it can be defined formally, computing it exactly is typically intractable except for particular special
cases. However, there are many heuristics and approximations to it. These can be added to nominal value @
to help the agent pursue exploratory behavior over immediate reward in circumstances in which that leads to
greater overall (i.e., long-term) reward. A typical example is the Upper Confidence Bound (UCB) algorithm

[16], which proposes the VOI in a multi-armed bandit setting to be

2Inn

VoI = 2.3)

n;

in which n is the total number of trials and n; is the number of trials arm ¢ has been selected. According to
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this formula, V' OI increases as time passes, and decreases with the number of times a given action is selected.
Like many such heuristics, this quantity is a rough proxy for uncertainty about the value (), which in turn
measures how much can be learned about the task. This framework will be the basis of our analyses in which

we suggest increasing boredom reflects a bias towards exploration.

2.4 Cognitive Fatigue

A nearly ubiquitous observation is that, as we exert mental effort, we experience fatigue and eventually want
to take a break. Furthermore, after taking a break, we may feel rejuvenated and willing to perform the task
again. Fatigue has long been associated with rest [109, 145], with Edward Thorndike defining fatigue as “that
diminution in efficiency which rest can cure (emphasis ours)” over one hundred years ago [202]. Here, we
propose the value of rest is derived from offline computational processes such as hippocampal replay. But

first, we summarize the evidence any rational theory of fatigue must explain.

2.4.1 Empirical Findings

We identify three canonical effects in the literature a rational model of fatigue needs to explain: (1) why rest
is valuable; (2) when an agent should switch between rest and action; and (3) why difficult tasks are more

fatiguing than easier tasks.

Rest Helps Performance

Several studies have examined the effects of rest in mitigating decrements in performance with time on task
[23, 172, 85, 86]. For example, [85] demonstrated the benefit of rest by having participants carry out a vig-
ilance task [127] that was interrupted by either a rest period or another task before resuming the initial task.
In their first experiment, they found that participants who were given a rest period performed better post-
interruption than those who remained on task. In a second experiment, [85] expanded the set of interruption
conditions from two to five (rest, continuation, verbal match to sample, letter detection, or spatial memory).
They found that the restorative effects of the interruption were predicted by the degree to which it involved a
task that was distinct from (i.e., did not overlap) with the vigilance task: those in the rest condition performed
the best post-interruption, and those in the continuation condition performed the worst. Furthermore, par-
ticipants in the verbal match-to-sample condition, which had the least amount of overlap with the vigilance
task, performed the second best, and participants in either the letter detection or spatial memory conditions

(which had partial overlap with the vigilance task) performed better than those in the continuation condition
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but worse than those in the verbal match to sample condition. Thus, the more that the interruption involved a

task similar to the vigilance task, the less it helped.

Arbitration Between Labor and Leisure

Kool & Botvinick [109] proposed that the choice of how much and for how long to engage in a cognitively-
demanding task vs. rest reflects a valuation of mental effort and rest as non-substitutable “goods” (i.e.,
forms of utility), that can be described using the same approach used to analyze the labor/leisure tradeoff
in economics [151]. To demonstrate this, they conducted an experiment in which participants were allowed
to alternate as they wished between doing three-back and one-back (the latter of which effectively played
the role of ‘rest’) versions of the N-back task [107] for one hour, with increased time on the three-back
resulting in increased compensation. They observed that participants sought a balance between doing the
three-back and one-back, which they described in terms of a joint concave utility function combining labor
and leisure. Evidence for this concavity came from experiments manipulating the fixed and variable wages,
and measuring the direction in which the tradeoff changed. This provided a formally rigorous description
of the tradeoff between mental effort and rest, in which fatigue can be interpreted as reflecting the value of
rest and, as suggested by the authors, a normative framework for relating the tradeoff to rational models of

control allocation [190]. However, this account did not provide an explanation for the value of rest.

Difficult Tasks are More Fatiguing

Many fatigue studies that have reported depletion-like effects follow a sequential-task format: Engage the
participant in a first task that is ‘depleting,” and demonstrate there is a negative effect on performing a subse-
quent second task. For example, [25] conducted a study over the span of six hours. Participants performed
either the ‘easy’ tasks of a one-back and one-switch? or the ‘hard’ tasks of a three-back and twelve-switch.
Every thirty minutes, participants were given a block of intertemporal choice trials. The depletion effect was
measured by the amount of discounting in these trials. Although performance on the primary tasks (N-back
and N-switch) was comparable across groups and consistent throughout the experiment, participants in the
‘hard’ condition made increasingly more impulsive choices (i.e. discounted more heavily) over the course
of the experiment, whereas those in the ‘easy’ condition did not show this effect. Assuming that increased
impulsivity reflects fatigue, the results from this experiment suggest that participants in the ‘hard’ condition

were more fatigued than those in the ‘easy’ condition.

3In an N-switch block, the participant switches between two tasks N times.
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Discussion

Rest thus seems to play a vital role in understanding the normative basis of fatigue. Whereas rest is some-
times assumed to reflect the lack of activity, an extensive body of evidence in the memory literature now
suggests that it is a state in which the brain engages in offline processing mechanisms such as planning and
consolidation [131, 200, 32, 156, 210]. This suggests a grounding for the benefits of wakeful rest — i.e., the
value of planning and consolidation, or more particularly the improvement in future reward those processes
may achieve. If so, the agent should induce a state of ‘rest’ when its estimated value surpasses the estimated
value of physical action*. We propose that this value is represented by the phenomenological experience of
fatigue. Below, we discuss hippocampal replay as one mechanism of offline processing that has a quantifiable

value.

2.4.2 Hippocampal Replay

Neurons in hippocampus called “place cells” are famously tuned to spatial locations, that is they tend to
respond when the organism is in a certain location [155, 144]. Interestingly, they also fire in coordinated
patterns that appear to represent trajectories removed from the animal’s location. Hippocampal replay refers
to the physiological phenomenon in which hippocampal place cells fire in sequential patterns during periods
of sleep and awake rest [64, 53, 47, 104, 80]. Replay events are commonly observed during epochs of high-
frequency oscillatory activity in the hippocampus known as ‘sharp wave ripples,”. When compared with the
spatial locations represented by the place cells, the replayed sequential patterns often correspond to spatial
trajectories — both experienced and novel — in the animal’s physical environment [217, 147, 124, 116]. Though
hippocampal replay has been most frequently observed and characterized in rodents, recent studies have also
begun to characterize a corresponding phenomenon in humans during periods of rest [74, 178, 140, 121, 220,
184, 60, 122].

Importantly, sharp wave ripples — and associated replay — occur one trajectory at a time, when an animal
is standing still, resting, or asleep. During active locomotion, hippocampus predominantly represents the
animal’s current location (or oscillates a bit ahead and behind it, in sync with a distinct mode of theta-
band oscillation in the EEG). This is important in the current context, because it means that hippocampal
replay events carry an opportunity cost: they are exclusive of active locomotion. It is likely that this reflects
contention for a shared resource: the hippocampal representation of location, which can only represent one
location at a time, and thus can’t be used simultaneously to represent physical presence at one location but

replay of another.

4A similar argument has been made for sleep, suggesting that sleep is the “price that the brain pays for plasticity’ [203, 204, 205]
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Mattar and Daw (2018)

Mattar & Daw [130] (henceforth referred to as M&D) investigated the utility of hippocampal replay within
a reinforcement learning setting. They proposed that replay acts as the physiological instantiation of a step
of model-based value computation over that location [199, 49]. Under this model, replay has the potential
to affect the agent’s future behavior, and therefore the potential to increase its expected future reward. The
place cells activated during replay events are assumed to correspond to the experiential states the agent is
simulating.

Replay has been proposed as a mechanism by which the model-based system can be used to accelerate
learning relative to traditional model-free algorithms. While the latter, such as Q-learning, have been proven
to converge to the optimal policy after sufficient experience [213], this process can be slow in practice because
it relies on interactions with the external world. Replay can be thought of as a mechanism by which simulated
experience using the model-based system is substituted for physical experience [198]. This is useful, in turn,
because experience is actually playing two roles in an algorithm like Q-learning. It is both interacting with
the world to gather information about how a task works, e.g. the location of rewards, but also propagating that
information along experienced trajectories to work out its consequences for distal actions. The latter function
(though not the former) can also be accomplished by mental simulation. For instance, even once you know
the rules of chess completely, it takes further computation to elaborate their consequences for the best moves
in particular situations. If this simulated experience is faster than physical experience and/or selected through
a priority metric [162, 143], the agent can converge to the optimal policy quicker, and thus increase future
reward, as opposed to relying exclusively on physical experience.

M&D derived the value of a single replay event, called the Expected Value of Backup (EVB), and ran a
set of simulations under the assumption that agents replay the state-action pair (s, ax) with the highest EVB

at the beginning and end of a trial.

EVB(s, 51, ax) = E [Z;V RiiilS; = s} -E [Zy RiiilS; = s} (2.4)
= Gain(sk,ax) X Need(s, si) (2.5)

The Gain corresponds to the expected increase in expected reward following a visit to the replayed state

(since this is the only state in which choice can be affected by a one-step backup) and can be expressed as:

Gain(sk, ar) = Qrpe (55, @) Toew(alsk) = Y Qe (S5, @)oua(al k) (2.6)

acA acA
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That is, the change in expected future reward () expected following a visit to state si, due to following the
new policy Tew resulting from the computation, vs. following the status quo policy mq4. The Need term

corresponds to the expected number of (delay discounted) future visits to that state:

Need(s, si) Z’y Osiisisn | St =8| = M(s,sp) 2.7

Here, 4 is the Kronecker delta function, so the Need is the expected future discounted occupancy for the con-
templated state sy, starting in the current state s. This in turn can be obtained from the successor representation
M [51, 75], estimated as J\//.T, for the state pair (s, Sg).

M&D showed that this model accounts for a wide range of empirical findings in the replay literature,
including in particular the reported predominance of forward and reverse replay in the beginning and end of

a trial, respectively.

Expected Value of Backup with Cost (EVB().

While the M&D model provides a rationale for which experiences an agent should replay [162, 143, 180],
it does not directly address the question of when an agent should replay. Thus, we extend the original
M&D model to provide a normative answer this question, by taking into account not only the benefits that
replay has for performance, but also the opportunity cost that it carries in time; that is, by delaying the
opportunity for reward.

Formally, EV B¢ (s, sk, ax) is the expected increase in reward resulting from replaying the state-action
pair (sg,ay) while in state s and executing the corresponding Bellman backup (i.e. temporal difference
learning update, as in Equation 2.1 but for a simulated rather than experienced step), minus the amount of

reward lost due to the time it takes to replay that state-action pair.

St —S:| — E |:Z’}/ Rt+z

Told

EV Bc(s, sk, ar) = | [Zv Riy S, = s} (2.8)

=T

=7 Ve, (8) = Vrgy () (2.9)
=Y Ve (8) = 7 Vs (8) + 7 Vs (8) = Ve () (2.10)
=" (Unyer (8) = Vg (8)) + 7 0y (8) = Vs (5) 2.11)
="EVB(s, sk, ) + 7 Uy, (8) — Ve (8) (2.12)
=~"EVB(s, sg,ar) — (1 =" )vx,(8) (2.13)
=~"EV B(s, s, ax) Zm,]d al$)qry, (8, a) (2.14)
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Here, the first term corresponds to the Expected Value of Backup (EVB) discounted by 7 which is the ratio of
time it takes to replay versus act’. This discounting indicates that the benefits of replay can only be accrued
after the time required to replay, 7, has elapsed. The second term is the reward lost due to the time it takes
to replay: ), -4 Qry(5,a)Toa(als) is the expected discounted future reward that would be available if
the agent started acting immediately, and v™ ) 4 Q. (8, a)7ola(als) is the same quantity adjusted by the
passage of 7. Their subtraction —i.e. (1 —~7) >, 4 @r,, (8, a)Toia(als) —is thus the reward forgone due to

the time it takes to replay.

Hippocampal Replay as the Value of Leisure

The M&D model, and our subsequent E'V B¢ extension, provides a quantitative value to ‘rest’ if the agent is
engaging in replay during these rest states. Defining EV Bf, as max EV B¢ (s, -, -), a rational agent should
replay the most valuable location, arg max EV B¢ (s, -, -), as long as its value EV B, > 0. Hence, if EV B§,
is positive, replaying is more valuable than acting, a situation which we propose is subjectively sensed as
fatigue. If EV B¢, is negative acting is more valuable than replaying, and thus the agent should physically
act instead of resting. Thus, the agent is optimizing the intertemporal tradeoff between acting (providing a
more immediate opportunity for reward) and replaying (providing an opportunity for greater but later reward).
This insight may help to rationalize the labor and leisure tradeoff that has been described for cognitive control

[109, 152, 153, 93, 57].

Results

Figure 2.2 plots the replay behavior of an agent pursuing a specified reward in a gridworld, using the £V B¢-
driven replay algorithm descried above, for different values of 7 (all details of simulations are in the Methods
section of the Appendix). Three phases of replay behavior can be seen in these plots. In the first, the agent
does not replay because there is no knowledge of the reward structure in the first trial, and thus there is no
value to replay. Instead, the agent is accumulating experience to build an internal model of the environment
(specifically, it is discovering rewards and developing its successor representation). In the second phase, the
agent replays extensively because it has a good internal model but has still not fully developed and refined
its value function, and thus can still gain by adjusting its Q-values through replay as well as action. Due to
the expanded scope of replay (i.e. the ability to replay any experience), the speed benefit of replay, as well
the low value of action, E'V B¢ is positive in this regime. This is the phase we identify with fatigue. Lastly,

in the third phase, the agent stops replaying because its value function has become sufficiently good that the

50ne estimate of 7 is 0.04, that comes from the speed of sharp wave ripples in the hippocampus; these occur at approximately
1,000 cm/s [165] as compared to the speed of running on a track, which is approximately 40 cm/s [214]. In humans, a recent study by
wimmer2019episodic suggests that replay can be sixty times faster than physical action.
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Figure 2.2: Simulation results for gridworld agent. (Top Left) Gridworld environment used for simulations.
(Top Middle) Number of replay events over the course of multiple trials for different values of 7. (Top Right)
Average reward rate for different values of 7. All error bars indicate =1 SEM. (Bottom Left) Spikes indicate
individual replay events. (Bottom Right) A smoothed version of the left panel. Each trial is also shifted by
the amount of time it took for the first trial (which is purely random exploration).
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Figure 2.3: Simulation results for running easy gridworld agent. (Top Left) Easy gridworld environment used
for simulations. (Top Middle) Number of replay events over the course of multiple trials for different values
of 7. (Top Right) Average reward rate for different values of 7. All error bars indicate =1 SEM. (Bottom
Left) Spikes indicate individual replay events. (Bottom Right) A smoothed version of the left panel. Each
trial is also shifted by the amount of time it took for the first trial (which is purely random exploration).
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opportunity costs of replay exceed its benefits [209, 207]. This third regime — in which the value function
has converged, E'V B¢ is negative, and behavior is executed without further deliberation — can be thought
of as a transition to fully model-free, automatic processing. According to our model, cognitive fatigue, and
corresponding periods of rest, arise during the preceding controlled, deliberative phase.

Our model explains the three canonical effects outlined earlier. The restorative power of rest demon-
strated in [85] can be explained in a straightforward way in terms of replay: rest provided the participants an
opportunity for replay that facilitated learning and later performance (and also diminished the need for sub-
sequent replay, which itself would compete with task performance). The second experiment, on the effects
of filling a task interruption phase with different interfering tasks, can be explained in the same terms, if it is
assumed that the opportunity for replay during the interruption was (inversely) related to the extent to which
the task performed during the interruption shared processing resources with those engaged by the vigilance
task (e.g., visual encoding and identification of letters). There is strong evidence in the literature that tasks
that share processing resources, and risk interference with one another as a consequence, rely on control to
mitigate such interference by ensuring that only one is performed at a time [149, 136, 174, 146]. Assuming
the same holds for replay (i.e., that it relies on the same perceptual and decision making mechanisms engaged
by overt performance), then the more the interruption task shared resources with the vigilance task, the less
opportunity it provided for replay of the vigilance task and its salubrious effects.

Figure 2.2 also grounds the labor-leisure tradeoff of kool2014labor in normative terms, if it is assumed
that leisure corresponds to time allocated for replay. Rather than positing leisure as intrinsically valuable, we
demonstrate how the temporal dynamics of its value as an opportunity for replay (mathematically derived in
our model) leads it to be either greater than or less than the value of action at different points in time. Ac-
cordingly, a rational agent should arbitrate between periods of action and replay, based on which maximizes
future reward.

Lastly, to model the relationship between task difficulty and fatigue, we evaluate our agent on an easier
gridworld, shown in Figure 2.3. Since the agent takes less time to develop automaticity in this task (i.e., learn
the relevant value function), the overall replay behavior (and hence fatigue) is reduced. Thus, our model is
able to demonstrate the relationship between fatigue and task difficulty. Specifically, more difficult tasks are
more fatiguing because replay has greater value relative to immediate action in tasks in which fully learning
the value function is slower. Therefore, the three-back is fatiguing, as demonstrated in [25]. Conversely, once
the value function is learned and the task can be executed automatically without further replay, there is little
value in offline processing and thus the model predicts less or no fatigue, as demonstrated in the one-back

condition of [25].
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2.4.3 Discussion

The model we propose suggests that the role of leisure goes beyond what it is commonly thought to be “doing
nothing.” A large body of evidence suggests that, during states of rest, agents replay past memories to help
improve future performance. Rational agents should thus induce these states when they are valued higher
than action. We propose that this explains the phenomenological experience, and corresponding behavioral
observations, of cognitive fatigue. Furthermore, the need for arbitration between replay and action — as
well as the competition between replay and any intervening tasks (such as in the study of [85] above) — can
be explained as a result of the inability to simultaneously use the same processing resources for different
purposes at the same time. Since the purpose of replay is to improve the representations used for action, use
of these to replay one set of stimulus-actions sequences while physically engaging in another would produce
conflict, and thus both cannot be done concurrently. This is consistent with most hippocampal replay studies

to date, which show that sharp wave ripples are rarely observed during locomotion.

Benefits and Limitations of Replay

Updating learned action values is one benefit of hippocampal replay, but it is plausible (and probable) that
there are other benefits. The complementary learning systems framework [131, 113, 179] suggests that an-
other benefit of offline, hippocampal replay is preventing catastrophic interference that can occur in gradient
learning due to the high autocorrelation of online experience [138]. Similarly, understanding the extent to
which replay during awake rest differs from that during sleep will help inform our understanding of the ben-
efits of the different offline processing mechanisms. There may also be some limitations of replay. [46]
proposed that mental simulation may reflect a noisy form of physical simulation. Thus, physical action and
experiential learning may be more valuable in situations in which it is difficult to build a model of the en-
vironment. However, mental simulation may be more useful (relative to direct trial-and-error learning) for
discovering delayed action-outcome relationships in multi-step sequential tasks, such as spatial tasks, social
situations, and games. Additional research characterizing different offline processing mechanisms according
to these factors will be valuable in generating a more precise understanding of how agents should rationally

arbitrate between action and rest states.

Intra-Trial Dynamics

Fatigue studies generally consider the number of trials or the time on task as the causally relevant mea-
sure. The model proposed here suggests that learning is a mediating variable, and offers a more temporally

fine-grained analysis, making quantitative predictions in terms of the states in a Markov decision process.

25



Consistent with experimental observations, some points are better than others for replay within individual
trials; replay during rodent navigation tasks most often occurs at the start and end of trials as well as at
choice points [32, 156]. The dynamics of the E'V B¢ agent are shown in Figure 2.4, and thus we predict that

sequential tasks should have specific patterns of fatigue dynamics within individual trials.

Figure 2.4: Location of the agent when it decides to replay during a sample run of the original Gridworld
environment. Darker red indicates more replay activity. Given that replay is more advantageous in certain
states than others, we correspondingly predict that agents will feel more fatigued in some states than others.

A Normative Lens to Understand Psychiatric Illnesses

Cognitive control and its attendant costs have been an important focus in the emerging field of computational
psychiatry, which aims to give precise mathematical characterizations of mental illnesses in order to increase
our understanding of these illnesses and move towards developing effective therapeutics [142, 211, 92]. Cog-
nitive control is often considered to be disrupted in many psychiatric illnesses [40, 29], and much of this
work has centered around the notion of control costs. Yet, because our understanding of control costs has
been so limited, why they are implicated in psychiatric disorders remain unclear. Framing the costs of control
as opportunity costs, and specifically by registering the value of replay as an opportunity cost, may therefore
be useful in the effort develop a concrete and normative understanding of psychiatric illnesses. Consider
post-traumatic stress disorder (PTSD) as an example. If trauma is associated with an event that elicits a
particularly large negative prediction error, rational models of memory sampling [130, 120] and the current

need/gain framework suggest that these should be sampled repeatedly and more often than non-traumatic
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experiences. This sampling procedure may correspond to the behavioral phenotype of reliving traumatic ex-
periences and rumination. Thus, some symptoms of PTSD may be built on a rational response to negative

events, from a rational underlying algorithm being met with an anomalous event [9, 113, 69].

Hippocampal Lesions

One potential challenge to the E'V Bo model would be a hypothetical finding that hippocampal-lesioned
patients experience and/or exhibit cognitive fatigue. Although there has not been any systematic study of
which we are aware that has measured cognitive fatigue in hippocampal-lesioned patients, it seems likely
prima facie that this would be observed. To the extent that replay is dependent on the hippocampus, the
observation of fatigue in the face of damage to this structure would seem to run counter to the model.
Nevertheless, there are two reasons why this might still be observed. One is the possibility that there
are multiple offline processing mechanisms, some of which are hippocampal-dependent but some of which
are not, in which case fatigue and the benefits of rest might still be observed even in the absence of the
hippocampus. This is quite likely. While we developed our theory referencing hippocampal replay in spatial
navigation, which is the case with the most relevant experimental detail, there is a longstanding debate about
the extent to which these phenomena are specific to navigation vs. a case of a more general function [37].
Moreover, for other tasks in which deliberative planning has been documented (e.g., multiplayer games and
rodent instrumental conditioning) there is at best conflicting evidence of hippocampal dependence (e.g., [42]).
The second reason is that, whereas the actual execution of replay may depend (even, for the sake of argu-
ment, entirely) on the hippocampus, its engagement is presumably under the control of frontal mechanisms
responsible for both monitoring and evaluating the need for replay [96, 192, 132], and inducing it when
needed. This would fall squarely within the scope of theories that suggest frontal structures such as the ante-
rior cingulate and dorsolateral frontal cortex are responsible, respectively, for calculating the expected value
of control-dependent processes and engaging those deemed to be most valuable [190]. In that case, whereas
a lesion to the hippocampus might impair the ability to carry out (and thereby benefit from) replay, it may
leave intact the ability to assess the value of replay, and the phenomenological correlate of the decision that it
is worthwhile (i.e., fatigue). This suggests the intriguing possibility that a double dissociation could be found

between distinct contributions of hippocampus and frontal cortex to fatigue.

Physical Fatigue

A natural extension of our work is to bring this framework into the domain of physical effort and fatigue. Ad-

mittedly, the semantic similarities between cognitive and physical fatigue do not necessarily imply a mech-
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anistic similarity (in fact, some have argued that this perceived mechanistic relationship between physical
and mental fatigue have been a distraction; [19, 88]). There are clear physiological components to physical
fatigue, which are beyond the scope of the current theory. However, there still may be mental and/or motiva-
tional components [128]. Whether the effects of these factors are analogous to the role of mental simulation
in cognitive tasks may be an exciting direction for future research.

The EV B¢ model presented above provides a normative and mechanistic account of the relationship
between task difficulty and the dynamics of task engagement, in which fatigue is proposed to signal the
value of replay relative to overt task performance. This scales with the difficulty of the task, such that
fatigue increases and engagement diminishes with greater difficulty. However, diminishing engagement is
not restricted to difficult tasks; it is also observed in easy and/or repetitive ones when they are performed for
sufficiently long periods of time. This is commonly associated with another phenomenological experience:
boredom. That is, after performing even an easy task for enough time, people often experience boredom and

prefer to switch to a new task.

2.5 Arousal and Boredom

As with fatigue, there is a longstanding literature on the phenomenology of boredom, in which it has been
argued that people strive for ‘optimal arousal,” a state in which stimulation is regulated in order to achieve
maximum performance [222]. Optimal arousal theory initially focused on arousal associated with purely
environmental stimuli, but subsequent work has suggested that optimal stimulation is also dependent on the
individual. For example, ‘flow’ has been described as a state in which an individual is voluntarily and fully
immersed in their work [44]. However, virtually all of this work has been descriptive; there has been little
formally rigorous, theoretical work that explains the purpose of arousal.

One line of work that has pursued both a mechanistic and normative account of arousal has focused on its
association with norepinephrine (NE) function — a neuromodulator that is widely distributed throughout the
brain. The Adaptive Gain Theory (AGT; [15]) of NE function provides a mechanistically explicit account of
the non-monotonic effects of arousal on task function, and a possible foundation for a normative account of
boredom. Low levels of arousal (and, in the limit, sleep) are known to be associated with the lowest levels of
NE release. According to AGT, moderate states of arousal correspond to conditions under which NE release
is increased modestly, but timed to selectively favor processing information associated with the current task
improving performance; while the highest states of arousal correspond to higher levels of sustained NE
release that are less discriminate relative to task-relevant processes, in effect adding noise to the system

and thus degrading performance of the current task (see [15] for the proposed mechanisms of action of
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NE and their effects on task performance). AGT argues that the noise induced by these higher levels of
NE release, which otherwise might be viewed as a distraction, facilitates switching to other tasks and thus
promotes exploration. Furthermore, AGT proposes that this occurs when estimates of task-related reward
diminish, and/or the likelihood of other opportunities for reward grows. A closely related model of NE
function suggests that it is responsive to increases in uncertainty rather than diminishing relative reward [10].
In either case, or perhaps in both, high levels of NE can be seen as favoring disengagement from the current
task set in favor of switching to some other one. There is mounting evidence in support of this idea, both
from direct physiological recordings of locus coeruleus (LC; the brainstem nucleus that is the source of NE;
[102]) and from the use of pupillometry as an indirect measure of LC function [160].

Here, we consider that boredom is the phenomenological correlate of such signals, and in particular that
it indexes the value of exploration (investigating new opportunities that may lead to greater reward in the
future) over exploitation (pursuing known, more immediate sources of reward). Mirroring our account of
cognitive fatigue, although boredom reflects the value of improving future choices, it is perceived as a cost
disfavoring status quo exploitative action; that is, it indexes the opportunity cost of foregoing the exploration.
As discussed below, the value of information from exploration in the real world (as opposed to the value
of mental simulation) captures the remaining puzzles of the relationship between task difficulty and task

disengagement.

2.5.1 Empirical Findings

To motivate our model of boredom, we first summarize the two primary empirical findings it is meant to
explain: 1) boredom is minimized when agents are at an optimal participant-task fit (i.e., the state of "flow”),
which is often at an intermediate level of difficulty; and, closely related to the first, 2) if agents are bored,

they will seek other tasks to perform.

Optimal Participant-Task Fit

A survey by Fisher [63] found that the causes of boredom in work environments were quantitative underload,
qualitative underload, and qualitative overload. In quantitative underload, workers do not have enough to
do; in qualitative underload, the tasks are too easy; and in qualitative overload, the tasks are too challenging.
Conversely, boredom is minimized during states of ‘flow’ [43, 44, 95, 163, 148], the state of being completely
immersed and focused in a task.

A recent set of experiments by Geana et. al [70] directly connected boredom to learning, information

gathering, and exploration. In the first of those experiments, participants were presented with a series of

29



randomly selected numbers from 0 to 100, one at a time, and simply had to predict the next number that would
appear. The task was performed in three conditions: in the ‘Gaussian’ condition, numbers were sampled from
a Gaussian distribution with a fixed mean and standard deviation; in the ‘Random’ condition, numbers were
uniformly sampled between 0 and 100; and in the ‘Certain’ condition, numbers were generated as in the
‘Gaussian’ condition, but participants were told the sampled number before they had to respond, rendering
the task trivial. The experiment tested the idea that boredom reflects decreasing information content over time.
In that experiment, participants were periodically asked to rate their boredom, and the authors found that this
measure was inversely correlated with changes in prediction errors, a proxy for the amount of information
being acquired in the task the dynamics of which, in turn, differed between conditions according to what
could be learned. A similar relationship between prediction error and boredom has been measured in Antony

et. al [11].

Switching to Other Tasks

Rationality dictates that if an agent is not in an optimal participant-task fit, they should seek to switch to
other tasks in which there is such a fit. The second experiment of Geana et al. [70] sought to test this, by
allowing participants to switch voluntarily among the tasks used in their first experiment. They reasoned that
if boredom signals the value of exploration, then it should be possible to demonstrate that participants are
willing to forgo reward (i.e., pay) for the opportunity to gain information, by switching to a task that pays less
but provides more information. Consistent with this prediction, they found that participants spent the most
time in the ‘Gaussian’ condition, in which there was the greatest information content. This behavior runs
counter to a standard rational agent model based exclusively on reward, since the ‘Certain’ condition, not the
‘Gaussian’ condition, was the one that maximized reward. This behavior can also be seen in human work
environments. Survey results have demonstrated that, to mitigate levels of boredom, many workers perform
auxiliary tasks such as reading novels or writing letters [63]. In the extreme, boredom has been found to lead
to a higher labor turnover [215, 71, 108].

Finally, [70] conducted a third experiment to test the extent to which opportunity costs associated with
task context had an effect on boredom and exploratory behavior. In the first part of the experiment, partici-
pants performed a standard two-armed bandit task [24] that was used to evaluate their bias toward exploration,
during which they also periodically evaluated their boredom. This was followed by an auxiliary task that was
known to the participants up front, and was manipulated across individuals to determine the extent to which
knowledge of it had an impact on boredom and exploratory behavior in the bandit task. They found that par-

ticipants anticipating the more interesting auxiliary task reported the bandit task to be more boring and that
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these self-ratings of boredom correlated with increased exploratory behavior in the bandit task. Interestingly,
in this experiment, participants could not voluntarily switch from the bandit to the auxiliary task; thus, taking
only that particular situation into account, the value of the auxiliary task should not have had any objective
effect on the bandit task. What the results suggest, however, is that boredom may reflect the potential value
of exploring alternatives even when these are not immediately or obviously accessible (and, conversely, the
opportunity cost of not being able to do so). Taken together, the results of these experiments suggest that the
experience of boredom accompanies the propensity to explore, and are consistent with the hypothesis that,

more specifically, it signals the estimated expected value of doing so.

Discussion

The proposal that boredom signals the value of exploration fits well with the idea that the allocation of control
to a given task incurs an opportunity cost with respect to others, coupled with the reasonable assumption that
the world is non-stationary — that is, that opportunities for reward change over time. Once one has mastered a
task — that is, one has full knowledge about it, and therefore it has become easy (or as much so as possible) —
little remains to be learned that might be of use more generally, making it less valuable to continue and more
valuable to move on. This idea has been formalized in models of reinforcement learning [182, 159, 219]. In
the section that follows, we generalize these formalizations and evaluate the extent to which it contributes to

patterns of modulation of performance.

2.5.2 Formalizing the Value of Information

An approximation to the value of information (VOI) can be expressed generically in a form analogous to EVB
in the M&D replay model described in Part 1, providing a formal, integrated framework for investigating

potential relationships between boredom and fatigue, as follows:

VOI(sk, a) = Gain(sk, ax) x Need(sy, ax) (2.15)
in which
Gain(sy,ax) =B | [mucuw(alsk) = moia(alse)| (s a)] (2.16)
acA
- [ l > [Fncw(alsk) = Tota(als) | new (51 aﬂ @17
o
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and

Need(sy,ar) = Z viéstﬂ.,sk (2.18)
=1
=7 Y T(sk,ax,s")M(s, s1) (2.19)
s'eS

in which M is the successor representation [51, 75]. The Gain term captures the informational value of the
obtained reward r, as for EV B in terms of the resulting change in the choice policy at state s;. Here this gain
will be realized in expectation over which reward is in fact obtained (i.e. over the prevailing prior distribution
of 7). Such gain is obtained following every subsequent visit to sy, as captured by Need. ©

By analogy with the previous section, we identify boredom with the drive to explore, from VOI. We first
model task switching via a simple “bandit” task, with one state s (visited repeatedly) and several tasks a, the
values r(s, a) of which can change. Then we model boredom as the VOI for the most informative option

relative to the current one: max, VOI(s,ay) — VOI(s,a;)’.
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Figure 2.5: Sample bandit task illustrating the increase in QQyo; with increased uncertainty. (Left) Red
indicates sample reward trajectories of the first arm, the reward for which starts at zero and then increases or
decreases by one every iteration. The blue arm 2 indicates an arm with value always at 1. (Right) The change
in Qv or over time if the agent keeps on picking the blue arm. After a while, the uncertainty of the red arm
is large enough that it is advantageous to pick it, even though its expected value is less.

As an illustrative example, consider a simple two-armed bandit. The first arm starts with a value of zero

but, with every iteration, it has a fifty percent chance of increasing by one and a fifty percent chance of

5These expressions give a partly myopic approximation to VOI: Although they measure the expected future value of exploiting
any learning over repeated future visits to sg, they do not consider the additional informational value of additional learning at these
y g P! y g
subsequent steps. This approximation was chosen to match the same simplification as used for EV B by M&D, as in the previous
section, and is sufficient for our purposes.
7 An alternative characterization may model boredom directly through the Qv o1, i.e. maxy Qvor(s,ar) — Qvor(s,at). We
leave the differences between these two formalizations as an important direction for future research.
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decreasing by one. The reward is deterministic based on the arm’s current value. The second arm serves as a
baseline and always has a value of one. Here, each arm represents a task, and the stochastic dynamics of the
first arm embody a simple form of volatility in the value of options in the world.

Let us assume, as a start, that the agent begins by always choosing the second arm, that is, the stationary
option. This allows us to see how the VOI for the alternative, dynamic option changes over a prolonged expe-
rience with the stationary one. We assume the values for the two actions, Qv oy are tracked (as distributions)
using simple, recursive Bayesian inference over the true dynamic model of the task.

Figure 2.5 shows how the action’s Qv oy values change over time. Notice that, even though the expected
one-step reward of both arms remains constant (the first at one and the second at zero), the Qv o  of the first
arm increases over time. As the trials go on, the uncertainty about the first arm’s value increases — as does
the VOI for resolving this uncertainty — and choosing it once can give valuable information about which arm
to choose in subsequent trials. If the first arm’s actual reward is higher than the second arm’s, the agent will
change policies after exploring. If it is less, the agent simply goes back to its original policy. At some point,
when the uncertainty becomes large enough again (i.e., after choosing the second arm for a sufficient number
of trials), the first arm becomes a better choice because of the additional VOI, even though its expected reward
(i.e., the mean base () without considering information) is still lower.

The graph in Figure 2.5 captures an observation reported extensively in the boredom literature: as one
repetitively does a task, the relative value of alternative tasks increases. In our model, this is due to an increase
in uncertainty — and therefore the VOI — about the value of the other tasks. This is also coupled with low
uncertainty about the status quo task, for which in the current example VOI is always zero because the task
is maximally uninformative and static.

The VOI is nonzero when the Q-value posterior is different than the Q-value prior. The increase in value
associated with Arm 1 in Figure 2.5 reflects a situation in which there is learning such that the posterior is
different than the prior. In contrast, the value of Arm 2 does not change, since the prior and posterior are
never different, and thus there is no gain. This captures the scenario in which a task is too easy, as in Geana et
al.’s Certain reward condition. The same thing happens for a task that is too hard, e.g. rewards are stochastic
but teach you nothing, as in Geana et al.’s Random condition in which there was no information to be gained.

The foregoing simulations describe dynamics of boredom related to uncertainty with respect to its effects
on the Gain term. Our formulation also suggests boredom can be affected by the Need term. This can be
examined, for instance, by manipulating the horizon in multi-armed bandit settings. For example, Figure 2.6
plots the probability of choosing Arm 1 in the example above (assuming a softmax decision function), for
games of fixed but differing lengths (i.e., numbers of trials), mirroring an effect reported by [218]: participants

explore more in games with longer horizons, when they have more opportunities to gain information about
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Figure 2.6: For various mean differences between the two bandit arms, we plot the softmax probability of
choosing the option with higher uncertainty in the short horizon versus the long horizon. We reproduce the
effect found in Wilson et. al [218], in which it was shown that participants in longer horizons are more
exploratory. Our formulation provides a parsimonious reason why: the Need term is higher in a longer
horizon, and thus the VOI is higher.

the uncertain option. In our formulation, this is because the Need term is higher for longer horizons (more
expected future choices in which to exploit any learned policy improvements), and thus the overall value of

information is higher.

2.5.3 Discussion

We propose that boredom reflects an adaptive signal used to promote exploration and ultimately achieve
higher long-run returns. A large amount of evidence has suggested that boredom arises from a suboptimal
fit between the participant and the task. Here, we give a formal argument why a suboptimal fit may not
maximize long-term reward: when a task permits learning, its true value should reflect additional future gains
due to that learning. The optimal task for an individual, then, is one that is rewarding as well as one in
which they can continue to learn. Specifically, the agent should take the action with the highest Qv o, which
balances both the currently known return and the expected increase due to further learning. When these are
high, we suggest this corresponds to a flow state. This view captures the nonmonotonic relationship between
task difficulty and boredom: qualitative underload and overload (tasks that are boring due to being too easy
or too hard) both correspond to situations in which the task’s VOI is low. Furthermore, when the agent is
bored, i.e. engaged in a task with a suboptimal Qv oy, the agent should try to find a task that is a better fit.

Below, we discuss different literatures that our formulation can potentially connect to.
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Adaptive Gain Theory

While our analysis has primarily been at Marr’s marr1982vision computational level, a complete theory
would account for effects at all levels of analysis. As discussed before, [15] offered the ‘adaptive gain theory’
of the locus coeruleus-norepinephrine (LC-NE) system, in which they suggested that phasic LC activation
supports exploitation while tonic LC supports exploration. Recently, [102] presented causal evidence sup-
porting this hypothesized relationship. In this work, the authors found that increasing tonic NE levels in LC
led rodents to explore more in a patch-foraging task. NE levels provide a mechanism by which the brain
implements the value of information computation we proposed. Thus, one fruitful line of work would be
to link phasic and tonic NE responses to specific exploration algorithms and determine how they change
with boredom, in a similar manner to the connection between dopamine and temporal difference learning

[185, 45].

Curiosity

We have focused on boredom as a negative reflection of the value of information, which drives choices away
from uninformative options and hence toward exploring more informative ones. It is clearly also the case
that there are also affective states associated in a positive way with the informational value of exploration.
Although we have focused on flow, another, which is evidently more directed toward individual alternatives,
is curiosity. For instance, [58] proposed a model, similar in some ways to ours, interpreting curiosity as
an affective state that signals the value of exploring stimuli in terms of their potential for increasing future
reward.

The emergence of these formal models will hopefully permit future work aimed at determining the extent
to which curiosity vs. boredom are simply mirror images, or instead more or less engaged in different
circumstances or reflect different aspects of VOI. For instance, we have emphasized the involvement of
boredom in driving switching between tasks, although the same informational considerations (and the same
models and algorithms) equally apply for within-task learning as well. Are curiosity and boredom engaged at
different hierarchical levels of tasks and subtasks, or equally across them? As another example, boredom most
obviously relates to the extent of experience with an option, which is a key determinant of VOI. However,
a different signal of VOI — novelty — is often invoked in analyses of curiosity. Do boredom and curiosity
actually differ in terms of which features of VOI they are sensitive to? Finally, we have argued (and [70]’s
results support) that boredom is a differential signal of VOI, in the sense that it is increased not just by
(Iow) VOI for the current task but also by (high) VOI for alternatives. Is this type of symmetry also true for

curiosity?
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2.6 Mind-Wandering

So far, we have emphasized two different ways in which cognitive or physical actions can be valuable due
to their potential for improving one’s future choices. The first part modeled how internal computations —
replay — can improve learning by propagating knowledge about rewards to distal states and actions. The
second part modeled the physical actions that gather such knowledge in the first place, and the value of
visiting informative (e.g., unexplored) states. We treated these mechanisms as separate and parallel, but they
can also interact in important ways. One point of interaction, already reflected implicitly in the dynamics of
fatigue in Part 1, is that the value of internal replay is ultimately fed by the gathering of actual information
(in the external world) to propagate. However, in many tasks, replay could be used to propagate not only the
value of known rewards (e.g., as in our previous simulations, to find the best paths to rewards once they are
discovered), but also to propagate the value of information. In fact, one reason exploration in more general
sequential tasks (like the gridworlds of the first part) is more difficult than in bandit tasks (like the second
part) is that in the former, opportunities to obtain VOI can occur at distal states. Reaching those states so as to
harvest the VOI itself requires planning, much like figuring out paths to known rewards. Here, we examine the
possibility of replay propagating VOI in a combined model, and show that this interaction predicts dynamics

of behavior that are different than when replay and exploration are treated separately.

2.6.1 Simulations

Here, we consider simulations of an agent in a T-maze setting. In this environment, there are two terminal
states, each of which has its own reward. Furthermore, the environment is non-stationary, such that for every
n trials the rewards are shuffled between the terminal states. Thus, the agent needs to continuously explore
to adapt to the changing reward structure, and must use replay to plan sequential trajectories both to explore

and to exploit these rewarding states.

Model

We augment the £V Bc model from Part 1 by assuming it propagates gain based on Qyo;r = @ + VOI
rather than reward value () alone. For the current purpose, we also substitute a different approximation for

gain in terms of (), based on prioritized sweeping [162, 143]:

Gain(sg,ar) =" p|R(sk, a) + 7 max Qvor(sk+1,a) — Qvor(sk, ax)] (2.20)
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which is the discounted absolute value of the Bellman residual (reward prediction error) at each state. This
can be shown to provide an upper bound on the gain as defined previously. This is useful here because, by
overestimating gain, it tends to counteract underestimation due to another approximation in our framework.®
We also include an optional degree of freedom p < 1 to scale the heuristic, though we set p = 1 for our
simulations. The term involving « discounts this increased reward by the time it takes to replay. The agent’s

opportunity cost by replaying during state s is

(1=97)>_ w(als)Q(s,a) (2.21)

a

Thus, the agent should replay the state-action pair with the highest EV B¢ as long as that is greater than the
opportunity cost. Once it falls below, it should act.
Finally, we define a new heuristic for VOI appropriate to the dynamics of reward and resulting uncertainty

in these environments (i.e., the rewards shuffle every n trials):
VOI(s) = Uy x (1 — e *Ne(9)) (2.22)

in which Uy is the maximum value of the uncertainty, & is a constant reflecting the hazard rate for switching,
and N;(s) is the number of trials since the last visit to the state. N¢(s) is initialized as oo, meaning the VOI
is initialized at Uy and then drops to 0 once visited. After being visited, it exponentially ‘decays’ back to Uy,

reflecting the accumulating chance that a change will have occurred.

Results

We ran simulations of the agent described above in a T-Maze with different hazard rates (Figure 2.7). The
agent develops uncertainty about the rewarding terminal states, and then uses replay to propagate the corre-
sponding value of information back to the initial states. As a result, we see extensive replay at the beginning,
when the agent knows about the existence of (but not yet the value of) the terminal states and propagates its
uncertainty through its model of the environment. Then, the agent’s replay behavior follows an oscillatory
cycle as the uncertainty about the non-visited terminal state increases and decreases. This exploration is im-
portant because rewards are shuffled among the terminal states every five trials. As Figure 2.7 demonstrates,

an agent with this exploration bonus can use replay to achieve a high average reward rate.

8Underestimation arises because EV B¢ is defined myopically: it fails to account for the value of a single replay operation in
permitting subsequent steps of replay. Accordingly, another way to mitigate this problem would be to extend the original replay model
to allow n-step backups and calculate their value accordingly.
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Figure 2.7: Simulations of an agent that replays and explores. The agent uses replay in order to propagate
value of information through the agent’s model of the environment. (Left) Gridworld T-maze environment.
(Middle) Replay behavior for different hazard rates. (Right) Average reward rate for different hazard rates.
Reward rate is greatest for a moderate hazard rate. All error bars indicate +1 SEM.

2.6.2 Discussion

It has sometimes been questioned whether performance decrements following a long time-on-task are a result
of fatigue or boredom [126, 161] Meanwhile, other work has not discriminated between these states, implic-
itly considering both as reflecting motivation and/or opportunity costs [88, 115]. Although the focus of the
first two parts of this article was to clarify this distinction, at least hypothetically, by treating them indepen-
dently of one another, the interaction between replay and exploration considered above shows that there is
still ambiguity. In particular, the current simulation predicts two types of replay not present in Part 1: at the
beginning of a task, and perpetually even after the task is overtrained. Both of these are due to uncertainty
and VOI now driving replay as well as exploratory action. This remains perpetually high because we have
assumed (as in the boredom modeling) that the value of terminal states may change if they are long unvisited.
Since these relate to both EVB and VOlI, it is unclear within our framework which phenomenological state to
associate with each.

It is also possible that such interactions could be associated with other phenomenological states. Above,
we discussed curiosity as one possibility. Another is ‘mind-wandering,” the act of spontaneously generating
thoughts, that has become a focus of empirical study given its prevalence in daily life [195, 67, 65, 196, 35].
Recent work has suggested that mind wandering can be goal-directed, and can facilitate creativity [224,
216, 66, 2]. While no formally explicit account has yet been offered for mind wandering, our framework
suggests the possibility that this might correspond to replaying for exploration — a question that invites

future research.
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Chapter 3

Behavioral Study

The most common formalization of reinforcement learning, based on Thorndike’s law of effect, directly
updates stimulus-response mappings in response to trial-and-error experience. Though optimal, this process
can be slow since it requires learning from direct experience. Remote forms of learning, called model-based
updating, act as a candidate alternative that can leverage broader knowledge of the environment in order to
infer the values of longer-term trajectories.

Hippocampal replay has been recently proposed as one neural substrate underlying model-based compu-
tation. Classically, replay involves rodent place cells firing in sequential trajectories, either at choice points
or after receipt of reward. Competing accounts argued whether replay reflects planning or memory con-
solidation, and the M&D model integrated these accounts as value propagation within the framework of
reinforcement learning.

In the previous chapter, we extended the original M&D model to be discounted by the amount of reward
lost due to the time it takes to replay. This suggestion is in line with costs being attributed to the oppor-
tunity cost of time [190, 115], and thus we provided an account of when the agent ought to replay. Our

EV B¢ (sg, ax) model can be decomposed into the product of Gain and Need terms:

oo oo
EVBc(sk,ar) = E {Z#Rm S, = 3} -E [Z’yiRtH Sy = s} (3.1
M Lli=r o 1=0
= Gain(sg,ax) X Need(sy) (3.2)
in which
Gain(sg, ax) =7 > Qe (51, ) Toew(@lsk) = D Qe (S5, @) Toia(alsk) (3.3)

a€A ac€A

39



and

Need(sy) =E

o0
> Ve | st] = M (s, sp) (3.4)
1=0

We defined EV B, as max E'V B¢ and proposed that a rational agent should replay the most valuable loca-
tion, arg max EV B¢, as long as its value EV B, > 0.

A significant amount of work has demonstrated that the content of hippocampal replay is goal-directed
[53, 99, 165, 113]. Rewards and paths leading to rewards are some of the most replayed events, and these
observations were a central motivation for the original M&D model (the Gain for the reward locations and
the events leading up to it is high, and this increases the value of the EV B). Furthermore, the Need term
in the M&D model was able to capture why replay is in the forward direction at starting states and in the
backward direction at ending states.

Our E'V B¢ modification additionally proposes that the use of hippocampal replay is control-dependent.
That is, agents ought to replay more (and subsequently, ‘rest’ more) when replay is more valuable. This
mechanistic claim we propose is novel to the hippocampal literature, which implicitly assumes agents replay
because they are at rest. Here, we are proposing a novel causal direction, suggesting instead that agents ‘rest’
because replay is more valuable than action rather than vice versa.

Our proposal aligns with a growing line of work in model-based reinforcement learning examining the
depth of computation [106, 189]. While initial work in model-based versus model-free reinforcement learning
implicitly viewed these as two extremes on a joint spectrum, recent work has aimed to identify a middle
ground in which agents arbitrate to the extent to which they perform model-free and model-based reasoning.
The amount of model-based reasoning is adapted to the situation, and manipulations such as increasing stakes

and increased cognitive resources tend to increase the depth of computation.

3.1 Experimental Methods

Motivated by these considerations, we designed an experiment that aims to determine the extent to which
agents engage in ‘replay’ (or some type of remote / model-based updating) and how this is modulated by
terms in the E'V B¢ equation. Critically, we will invoke a blunt manipulation of the Gain (and thus the value
of replay; i.e. it more or less valuable after certain trials), and we hypothesize the amount of computation will
correspondingly change in accord with this manipulation. That is, when it is more advantageous to replay, we
expect agents to perform more model-based computation and that this will be validated through behavioral

and neural measures.
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3.1.1 Background: Two-Step Task

The Daw two-step task [48, 110] is a ubiquitously used experimental paradigm that was developed and refined
to isolate model-based and model-free reinforcement learning processes. In this paradigm, agents are initially
faced with a binary choice in the starting state, i.e. stimulusl or stimulus2. There are two end states, with
stimulus1 leading to end1 70% of the time (and to end2 30% of the time), and stimulus2 leading to end1 30%
of the time (and to end2 70% of the time. Each end state gives a binary reward that is parameterized as a
bandit with a slowly drifting probability of reward.

The experiment is designed as such to test the behavioral effects of the improbable transition. If the par-
ticipant selects stimulus2 and experiences the improbable transition to end1 and is then rewarded, model-free
and model-based learning predict opposite responses. Model-free learning updates direct stimulus-response
mappings, and thus a model-free agent will be likely to select stimulus2 again. On the other hand, model-
based reasoning computes the decision tree before action and would realize that in order to return to the
rewarded end1, the agent should select stimulus1 as it gives a more probable transition to the rewarding end1.
Analyzing the proportion to which participants stay after experiencing the improbable transition thus serves

as a proxy for the extent to which the agent recapitulates model-based versus model-free learning.

3.1.2 Task

The study here adapts the MEG reinforcement learning-based experiment in [122], which itself extends the
original two-step task [48], to an fMRI setting. The participant starts off in one of three starting states (face,
place, object) with (fixed, but randomized per participant) probabilities of 3/6,2/6,1/6. (These different
starting probabilities correspond to the Need term in the M&D model, which will also affect the replay value
of each state). In each starting state, the participant is presented with a choice of two images, one that always
leads to the final state X and the other that always leads to the final state Y. States X and Y further have a
(slightly drifting) probability of reward. Figure 3.1 outlines this design.

The logic of this experiment centers around the fact that three images (one in each category) lead to the
final state X and three that lead to the final state Y. Consider the situation in which a participant chooses
Facel, leading to the final state X, and then receives a reward. Under the standard model-free reinforcement
learning temporal difference update rule, the participant will increase their ()-value for Facel upon reward.
Importantly, if the participant is able to remotely update (model-based reasoning), and if Place2 and Objectl
also lead to state X, the agent ought to increase those Q-values in the experiment’s allotted time to replay.
This experiment is thus designed to gauge to what extent agents are engaged in this type of remote updating.

As discussed before, the main mechanistic claim of our EV B¢ model claims that participants would
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Figure 3.1: In this experiment, the agent starts in one of three starting states (face, place, object). One item
in each category leads to end state X and the other to end state Y. End states X and Y have differing (and
changing) probabilities of reward, and the participant’s aim is to select the item in each category which will
maximize reward.

remotely update more when it is more beneficial to do so (i.e. when the Gain is higher). Thus, we add an
overt manipulation of having 25% of trials being bonus trials (participants are rewarded 5 points instead of
just 1). We hypothesize participants perform more model-based computation in the rest periods preceding
bonus trials compared to ‘normal’ trials.

Participants are given 200 trials, with the opportunity to take a short break halfway through the experi-
ment. Each trial starts off with a 500ms fixation cross before presenting the first stage stimulus (two faces,
two places, or two objects). The participant has 750ms to select a choice (enforcing habitual / model-free
decision-making), and then a 1000ms transition period to the second stage. The participant then has 750ms
to select the second stage choice (there is only one option so it is not a regular ‘choice’; we include this in the
experiment to enforce the participant’s attention), followed by a 1000ms transition period to the receiving the
reward (or not). Last, we have a jittered inter-trial interval (1500, 2500, 3500, 4500, 5500, 6500; ms) where
we hypothesize remote updating will occur. The experiment timeline is outlined in Figure 3.2.

The type of trial (regular versus bonus) is indicated by a thin rectangular box outlining the experiment.
Regular trials are indicated with black lining whereas bonus trials are indicated with rainbow-colored lining.

When the participant receives the reward, the next trial type is indicated at the bottom and then that box
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Figure 3.2: Experimental Timeline. Participants first attend to a fixation cross and then select one of two
stimuli from a specific category. They are then taken to an ending state, in which they stochastically receive
a reward. This experiment is a generalization of the traditional Daw two-step task [48] and an fMRI analog
of a recent MEG study [122].

eventually scrolls to replace the current rectangular box, ensuring the participant knows what trial type is
pending during the inter-trial interval (when the hypothesized model-based updating is occurring). Thus,
we hypothesize increased model-based updating to happen prior to the bonus trial, when the participant has
received a reward (or not) from the current trial and has been signaled that the upcoming trial will be bonused.

Before performing the task, participants underwent a ten-minute instruction period, in which they were
trained on the structure of the task and performed fifty practice trials. Images and probabilities were different

than the ones experienced in the real task, but the underlying structure of the test task remained identical.

3.1.3 Participants

48 participants were recruited from the Princeton community. The sample size was chosen in order to achieve
roughly 30 participants after exclusion criteria (excessive motion, satisfactory task performance), which is
slightly above the standard in the field today. All participants signed an informed consent form, and this

study was approved by Princeton University’s IRB committee.
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Table 3.1: Parameters for Logistic Regression Model Fits

Parameter Mean 95% CI
Intercept 0.30 [0.19,0.41]
Last Reward 0.30 [0.22,0.39]
Different State —0.11 [-0.17,-0.04]

Last Reward x Different State —0.11 [—0.18, —0.04]

3.1.4 Functional Localizer

Participants completed two equivalent “block-based” functional localizer runs designed to isolate category-
specific representations in the brain [173]. Each run contained twelve different blocks, four repetitions of
each of the three categories (face, place, object). Each block ran for 40 seconds, with 28 seconds of images
(14 images, 1.4 seconds on, 0.6 seconds off), and 12 seconds of rest. To ensure participants were attending
to the task, participants were instructed to press a button when an image turned upside down (one per block).

The attention task may have introduced confounds, which will be discussed when we show the neu-
roimaging results. Some images, specifically faces and places, were easier to identify as being upside down,
whereas other images, specifically, objects, were difficult. Activation for the object stimuli may thus not

solely reflect object-specific regions, but also regions recruited for the attention task.

3.2 Win-Stay, Lose-Shift (WSLS)

The win-stay, lose-shift (WSLS) strategy is a useful baseline to evaluate participants’ behavior on our behav-
ioral task. Under this strategy, participants repeat their choice (i.e. ‘stay’) in the starting state when it leads to
a rewarding outcome and change their choice (i.e. ‘shift’) when not rewarded. Figure 3.3 analyzes the extent
to which participants play this strategy by plotting the probability of a participant staying as a function of two
variables: whether the last trial was rewarded or not, and whether the current trial’s starting state is the same
or different from the previous trial’s starting state. Model-based learning corresponds to whether an agent can
propagate reward information to different starting states and can thus be approximated by the difference in
stay probabilities in different states (i.e. Diff-Rew - Diff-Non). In contrast, model-free learning corresponds
to how an agent updates in the same state and can be approximated by the difference in stay probabilities
in some states (i.e. Same-Rew - Same-Non) minus the model-based effect. Across all participants, agents
statistically stay more when rewarded in both the same state (p < .001) and a different state (p < .001),
suggesting that both direct and remote learning are occurring.

Table 3.1 outlines a Bayesian hierarchical mixed effects logistic regression model evaluating the stay

probability as a function of reward and state transition. Each participant was modeled as a random effect
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Figure 3.3: Win-Stay, Lose-Shift results for all participants. Same/Diff corresponds to whether the current
trial’s starting state is the same/different compared to the previous trial’s starting state. Rew/Non corresponds
to whether the previous trial was rewarded or not. The Y-axis reports the proportion of stay, i.e. to what
extent the proportion repeated their choice from the previous trial to the current trial.

for each parameter, but group means are reported in the Table. Analyses were done in R with the brms [30]
package, which relies on a Stan [31] backend. Default non-informative priors were used in the analyses.

The model-based effect is calculated by the stay probability when rewarded and in a different state,
and the model-free effect is the stay probability when rewarded in the same state minus the model-based
effect. For Table 3.1, the model-based effect is 0.32 — 0.13 — 0.12 = 0.07 and the model-free effect is
0.32 — 0.07 — 0.25. In line with Figure 3.3, these logistic regression results also suggest both direct and
remote learning are occurring, with the magnitude of model-free / direct learning being greater than the
magnitude of model-based / remote learning.

For subsequent analyses, we consider the baseline level of satisfactory performance to be the agent choos-
ing to stay more when rewarded than not, and we exclude all participants who do meet this criterion across

both state conditions. Figure 3.4 plots the stay probabilities under this exclusion criterion and Table 3.2 re-
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Table 3.2: Parameters for Logistic Regression Model Fits (WSLS Subjects)

Parameter Mean 95% CI
Intercept 0.48 [0.32,0.64]
Last Reward 0.49 [0.40,0.59]
Different State —0.14 [-0.23,—-0.06]

Last Reward x Different State —0.16 [—0.25, —0.08]

ports the results of the Bayesian hierarchical mixed effects logistic regression model. By design, Figure 3.4
and Table 3.2 amplify the learning effect in both the same states and different states, and thus the remote
and learning effects remain statistically significant. As a sanity check, the magnitude of model-free / direct

learning remains greater than the magnitude of model-based / remote learning.
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Figure 3.4: Win-Stay, Lose-Shift for participants who stay more across both the same and different conditions.

Lastly, we add a third condition in Figure 3.5, corresponding to whether the current trial is a bonus trial or
not. Here, we find that the four first-order effects of direct and remote learning across regular trials and bonus

trials are numerically and statistically significant (p < .001). We hypothesized there would be a second-order
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Win-Stay, Lose-Shift (N = 29)
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Figure 3.5: Win-Stay, Lose-Shift results for participants who stay more across same and different state con-
ditions, with bonus versus regular trials separated out.

effect of bonus trials, where direct and remote learning would increase in bonus trials compared to regular
trials. We actually found learning numerically decreased in both local (—.058) direct and remote (—.016)
learning, though none of these results were significant at the o« = 0.05 level. Despite the fact that these
second-order results were in the opposite direction as hypothesized, we do see a potential third-order result in
which the bonus trials aid updating more in remote learning compared to direct learning, though this result is
not significant at the o = 0.05 level. Table 3.3 reports the corresponding Bayesian hierarchical mixed effects
logistic regression model coefficients.

Table 3.4 reports learning when the previous trial, as opposed to the current trial, is a bonus trial. This
was done to isolate any increased learning effects from receiving a reward of 5 versus 1 (for all previous
analyses, the reward is coded as binary even if the participant receives 5 points). Like Table 3.3, none of the

bonus parameters in Table 3.4 suggest there is an aggregate learning benefit from bonus trials.
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Table 3.3: Parameters for Logistic Regression Bonus Model Fits

Parameter Mean 95% CI
Intercept 0.48 [0.32,0.64]
Last Reward 0.52 [0.43,0.62]
Different State —0.12  [-0.20,—0.04]
Current Bonus 0.00 [—0.08,0.08]
Last Reward x Different State —0.17  [-0.26,—0.09]
Last Reward x Current Bonus 0.05 [—0.03,0.13]
Different State x Current Bonus 0.03 [—0.05,0.12]
Last Reward x Different State x Current Bonus —0.02  [—0.10, 0.06]

Table 3.4: Parameters for Logistic Regression Last Bonus Model Fits

Parameter Mean 95% CI
Intercept 0.47 [0.32,0.63]
Last Reward 0.48 [0.38,0.58]
Different State —0.12 [-0.20,—-0.03]
Last Bonus —0.01  [-0.08,0.07]
Last Reward x Different State —0.15 [-0.24,—0.06]
Last Reward x Last Bonus —0.02  [-0.10,0.05]
Different State x Last Bonus 0.04 [—0.05,0.12]
Last Reward x Different State x Last Bonus ~ 0.03 [—0.05,0.10]

3.3 Hierarchical Bayesian Analyses

The previous section analyzed behavioral results using the relatively model-agnostic strategy of Win-Stay,
Lose-Shift. A more direct way to evaluate the results is to fit hierarchical Bayesian reinforcement learning
models. Here, we assume that each agent estimates a value function (s, a) for each of the two actions a

over the three starting arms s, and the agent chooses with a softmax, i.e.
P(a. = alsy = ) x BQ(s¢,az)

in which § is the inverse temperature (and a free parameter).

The standard @-learning update rule in response to reward r after choice a. is defined as

Q(s,a.) = Q(s,a.) + a(r —Q(s, ac))

in which « is the learning rate. We create hierarchical Bayesian reinforcement learning models to infer the
values of a and 5. We model two scenarios. The first is the standard update rule, which we will call direct
learning, and denote as when the agent starts in and updates s, with learning rate a,g. The second is updating
the corresponding Q-values for the remote states s,; and s,o with learning rate «,.. In other words, if the

participant chooses Facel which leads to end state Y, direct learning updates the Q-values for Facel, whereas
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Table 3.5: Parameters for Next Bonus Model Fits

Parameter Mean 95% CI

a 0.37  [0.15,0.59]
ag 044  [0.28,0.61]
ar 0.26  [0.10,0.43]
o 0.27  [0.13,0.40]

remote learning updates the values for Place2 and Object] (assuming these are the states that lead to end state
Y).

Thus, we have three update rules after every trial:

Q(84,ac) = Q(sq,a.) + g (7’ — Q(sq, ac))
Q(Srh ac) = Q(Srh ac) + oy (7" - Q(Srla ac)) (35)
Q(5r27 ac) = Q(5r27 ac) + a, (T - Q(3r27 ac))

Parameters o and 8 were inferred using Stan [31]. Group means and standard deviations were initialized at
N (0, 1) (with standard deviations having an added lower bound of .001), and each subject mean and standard
deviation was sampled from a normal distribution parameterized by the group means and standard deviations.
Furthermore, the « learning rates were estimated with standard a normal distribution support of [—o0, oo],
but then transformed to a support of [0, 1] via the ¢ cumulative normal distribution function.

Our model inferred oy to have a mean of 0.33 with 95% credible interval [0.17,0.50] and o, to have
a mean of 0.15 with 95% credible interval [0.02,0.29]. To determine whether this different is significant,
i.e. whether oy > «,, we directly estimate g — «,, inferring a mean of 0.18 with confidence interval
[—0.02,0.39]. Thus, we have evidence the direct learning rate is numerically, but not statistically, more than
the remote learning rate.

We next determine whether the learning rates are affected by the bonus manipulation, i.e. whether the
agent replays more when it is more beneficial to do so. In Equation 3.6, we extend Equation 3.5 with an
additional three equations that have a bonus-specific learning rate, which we denote as «; and o). We

estimate o™ in two ways.

Q(sa,ac) = Q(sa,ac) + (7’ — Q(sq4, ac))
Q(Srh ac) = Q(Srh ac) + (7“ - Q(Srh ac)) (36)
Q(5r27 ac) = Q(3r27 ac) + ay (7' - Q(3r27 ac))

The first way is to initialize o* in the same way as «, i.e. with a normal distribution centered at 0 and
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Table 3.6: Parameters for Current Bonus Model Fits

Parameter Mean 95% CI

o 041  [0.25,0.57]
g 048  [0.33,0.62]
al 0.23  [0.07,0.36]
a 0.33  [0.19,0.46]

Table 3.7: Parameters for Additive Bonus Model Fits

Parameter Mean 95% CI

g 0.37  [0.23,0.52]
kg —0.16  [—0.78,0.49)
ar 0.19  [0.08,0.32]
ky 0.09  [—0.40,0.54]

standard deviation of 1. Table 3.5 reports the results of parameters o, g, vy, and c,.. Surprisingly, we get
the opposite effects as predicted. Direct learning decreases with the next trial being bonused, whereas there
is no meaningful difference between remote learning.

While Table 3.5 reports the results when the upcoming trial is bonused, directly evaluating our hypothesis
that increased stakes will incentivize more model-based computation. For completion purposes, we also
model the situation in which the current trial is bonused (or not). Under our formalization, reward is binary
(i.e. either O or 1), even when the actual bonused reward is 5. Thus, it may be more ecologically accurate to
model those trials with a higher learning rate (again, assuming that reward is formalized as binary). Table 3.6
reports the results of this analysis.

In both the direct and remote learning cases, learning rates are numerically (but not statistically) greater
in the bonus condition compared to the regular condition.

The second way is to initialize a* as a function of a. We let «* = « + k, in which k is initialized
as a normal variable with mean 0 and standard deviation 1. A significant bonus effect would result in a
statistically positive value of k. Table 3.7 reports the results of these simulations, in which « is reported after
the ¢ approximation, whereas k is denoted with regular [—oo, oo] support. We see that k4 is numerically, but
not statistically, negative whereas k,. is numerically, but not statistically, positive. Confidence intervals for k

are large, suggesting that these results are likely inconclusive.

3.4 Discussion

In summary, we have inconclusive evidence as to whether the use of replay is control-dependent. While some
of the hierarchical Bayesian analyses suggest there may be an effect, the effect seems largely small and thus

we may need increased power to be confident about the size and significance of the effect.
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There are multiple directions going forward for this experiment. First, as hinted, a larger sample size
can be collected online, which would hopefully give conclusive evidence to the extent of whether there is an
effect or not. Anecdotally, online participants are highly sensitive to incentives and reward manipulations and
thus an online study with a few hundred participants may be more informative.

Second, given the seemingly paradoxical effects of the Gain manipulation, it may be the case that the
instructions were not sufficiently clear. Participants in [121] pre-trained on the experiment for a day with
instructor guidance, and perhaps something similar should have been done for the present experiment.

Last, the proposed experiment doesn’t directly test the mechanistic claim as participants do not have
the ability to modulate their rest. While we did this for neuroimaging reasons (see next Chapter), a pure
behavioral study could let participants directly determine their inter-trial interval and this could be mapped

onto ‘rest duration’.
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Chapter 4

Neuroimaging Analyses

Functional magnetic resonance imaging (fMRI) is a common tool used to noninvasively measure human brain
activity. Initial work primarily used it as a tool to identify areas of functional connectivity, in which localized
regions are activated in response to specific stimulus categories. For example, a region which is now called
the fusiform face area selectively encodes faces [103] whereas the parahippocampal place area selectively
encodes scenes [61]. Work in reinforcement learning has integrated fMRI in order to track hypothesized
latent constructs at a trial-by-trial level [188, 221, 48, 55]. Model-free reward prediction errors (RPE) are
correlated with striatal BOLD activity and the extent to which a participant exhibits model-based versus
model-free behavior is correlated with prefrontal BOLD activity.

Replay’s fast temporal dynamics have made it a difficult target to study using fMRI methods, which are
notorious for their slow temporal resolution (though see [184]). Human replay has been decoded in MEG
[122], and our experiment aims to reproduce these effects in fMRI, overcoming the temporal resolution
barrier by using a 1 second TR. This aggressive TR may introduce noise and contamination into the BOLD
signal, and thus we leverage multi-echo (ME) imaging to reconcile these potential confounds. In contrast to
single-echo fMRI which acquires images after a single fixed delay (‘echo time’), ME collects three images
[168, 166, 114, 125] and combines them posthoc to improve signal quality.

Multi-echo T2*-weighted echo-planar images (EPI) with blood oxygen level-dependent (BOLD) contrast
were collected on a 3-T Siemens Prisma MRI scanner. Slices were collected using a multi-band sequence
with interleaved slice acquisition with an acceleration factor of 4. Seventy axial slices (3x3x3 mm) were
acquired in the oblique orientation of 30 degrees to the anterior-commissure posterior-commissure line with
a repetition time (TR) of 1s and 60-degree flip angle, 192 mm field of view. Before the main task, a high-

resolution T1-weighted anatomical image (magnetization-prepared rapid-acquisition gradient echo sequence
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1x1x1 mm voxels) was also collected. A field map with two EPIs with opposite phase-encoding polarity
was also collected, but this has not been integrated with the functionals and anatomicals. Preprocessing was
done through fmriprep [62], which leverages the TE-dependent analysis Toolbox (tedana) [59] to perform

ME-ICA.

4.1 Localizer Contrasts

Before the task, participants underwent two block localizer runs, with each run containing four blocks for each
of the three categories (face, place, object). We used SPM [14] to perform contrasts, combining both runs per
subject in a first-level analysis, and then averaging across subjects for the second-level group analysis.

The design matrix contained all the stimuli presented, with a boxcar function of 1.4 seconds per stimulus.
This boxcar was then convolved with the hemodynamic response function (HRF) with a high-pass filter of
128 Hz. Motion correction was accomplished by regressing out the six head motion parameters (X, Y, Z,
pitch, yaw, roll), which were automatically computed through the fmriprep preprocessing pipeline.

Next, we calculate localizer contrasts for the ‘good” subjects (i.e. those that exhibit win-stay, lose-shift
behavior). The three images in Figure 4.1 correspond to one-hot encoded (e.g. [1 0 0]) group-level contrasts
of face, place, and object regions, activating any individual voxels that meet an uncorrected p-value threshold
of 0.01. These contrasts correspond to the activation of these regions versus rest. Cursors are placed in the
respective regions of interest (fusiform face area, parahippocampal place area, and lateral occipital cortex).
Unsurprisingly, visual cortex activation is high in these specificity contrasts.

To further determine the specificity of these contrasts (and exclude activation of broad regions such as
visual cortex), we plot category versus other categories in Figure 4.4. (For example, face vs. other categories
is coded as [1 -0.5 -0.5]). In the face versus other categories, FFA activation is surprisingly minimal, though
still selective. There is some midline activity, potentially corresponding to a default mode activation, but this
activity generally remains small. Recent work [1] has demonstrated familiar facial activation in posterior
cingulate, and a related mechanism may explain activation in our paradigm. In the place versus all contrast,
activation is strong and robust. Our contrast corresponds well to work in the literature isolating place to
parahippocampal place area [61, 18]. Lastly, the object versus all contrast displays robust activation at the
edge of the lateral occipital cortex, consistent with historical findings [79, 175]. Unlike the previous place
contrast, our object contrast is not well-localized; there seems to be consistent activation in disparate areas
across the cognitive control network [41]. One plausible explanation for this finding is our attention task: we
asked participants to press a button when an image was displayed upside down (one per block). The contrasts

suggest participants may have had difficulty knowing when the object was turned upside down, thus activating

53



parts of the cognitive control network. Future analyses likely need to isolate the LOC using template atlases.
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Figure 4.1: Face, place, and object category contrasts. Effects are with p < 0.01, and images are plotted in
MNI space.
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Figure 4.2: Category versus all contrasts for the categories of face, place, and object. Effects are with
p < 0.01, and images are plotted in MNI space.
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4.2 Category Classifier

Now, we seek to create a machine learning category classifier that can decode whether the participant is
activating regions associated with faces, places, or objects. We will demonstrate our performance on an
individual subject, with the method eventually generalizing to all subjects (aggregate results are reported in
the Appendix).

First, as a visual inspection, Figure 4.3 reports the one-hot category contrasts for our sample subject,
and Figure 4.4 shows the selectivity versus other categories. Images are in MNI space and thresholded at
a cluster minimum of 10 voxels at an uncorrected p-value of 0.001. Initial visual inspection reveals face
activation in the fusiform face area, and object activation in the lateral occipital cortex, but no immediately
visible place activation in parahippocampal place area. We will discuss these results when analyzing classifier
performance.

To process the data for our classifiers, we z-score the BOLD activation in a subject’s native space, and
restrict the search space to specific ROI's defined from the Harvard-Oxford atlas (which we also transform
from MNI to subject native space). We use a support vector classifier with a linear kernel to predict category
activation from the z-scored data. A 3-5 TR offset is used to map between stimulus and response data, with
the specific offset being chosen to maximize out-of-sample predictive accuracy.

Table 4.1 reports the binary classification of each of the three categories versus rest for different ROI
subsets (with Table 4.2 listing all the ROIs). Peak performance is roughly 90% (chance is at 50%), with
performance being maximized at the most inclusive subset of ROIs. The results in this table collapsed data
across both runs and used a 5-fold cross-validated procedure. While it is difficult to understand which ROI(s)
are the most useful for our classifiers, activity in LOC (ROIs 23 and 24), as well as parahippocampus (ROIs
35 and 36), seem to be highly selective in separating rest from category activation, consistent with their
historically measured roles in face, place, and object activation.

Table 4.3 similarly reports the binary classification of each of the three categories versus rest but uses a
different training and testing procedure. Here, we train a classifier on one of the localizer runs and test it on
the other run, thus evaluating the ability to transfer between runs. We do this twice for both combinations
of the two runs, and report the average of the train and test accuracies. Again, performance is roughly 90%
(chance is at 50%), suggesting there is an adequate signal for more complex classification models.

Tables 4.4 and 4.5 report four-way classification performance within and across runs. Chance is at 25%,
but performance peaks at roughly 66% in the across-run condition with the most inclusive ROI’s. While ideal
performance would be upwards of 90%, a close-to-70% performance is likely sufficient to start decoding

replay events during rest periods.
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Table 4.1: Binary Classification of Category vs. Rest (Within Runs)

ROIs Category Train Accuracy Test Accuracy
22 Face 0.838 0.757
22 Place 0.871 0.777
22 Object 0.854 0.767
23,24 Face 0.927 0.894
23,24 Place 0.935 0.901
23,24 Object 0.901 0.856
35,36 Face 0.922 0.882
35, 36 Place 0.927 0.890
35,36 Object 0.908 0.851
22,35, 36 Face 0.956 0.877
22,35, 36 Place 0.957 0.902
22,35, 36 Object 0.956 0.861
22, 35, 36, 38, 39, 40, 41 Face 0.974 0.911
22, 35, 36, 38, 39, 40, 41 Place 0.974 0.904
22,35, 36, 38, 39, 40, 41 Object 0.973 0.889
22,23, 24, 35, 36, 38, 39, 40, 41 Face 0.981 0.921
22,23, 24, 35, 36, 38, 39, 40, 41 Place 0.980 0.907
22,23,24, 35, 36, 38, 39, 40, 41 Object 0.981 0.894

Table 4.2: ROI Labels

ROI Label
22 Angular Gyrus
23 Superior Lateral Occipital Cortex
24 Inferior Lateral Occipital Cortex
35 Anterior Parahippocampus
36 Posterior Parahippocampus

38  Anterior Division of Temporal Fusiform Cortex
39  Posterior Division of Temporal Fusiform Cortex
40 Temporal Occipital Fusiform Cortex

41 Occipital Fusiform Cortex
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Table 4.3: Binary Classification of Category vs. Rest (Across Runs)

ROIs Category Train Accuracy Test Accuracy
22 Face 0.772 0.649
22 Place 0.810 0.733
22 Object 0.801 0.692
23,24 Face 0.842 0.789
23,24 Place 0.875 0.829
23,24 Object 0.813 0.757
35, 36 Face 0.832 0.743
35,36 Place 0.892 0.832
35,36 Object 0.786 0.733
22,35, 36 Face 0.949 0.877
22,35, 36 Place 0.942 0.908
22, 35,36 Object 0.947 0.841
22, 35, 36, 38, 39, 40, 41 Face 0.974 0.933
22, 35, 36, 38, 39, 40, 41 Place 0.964 0.932
22, 35, 36, 38, 39, 40, 41 Object 0.966 0.872
22,23, 24, 35, 36, 38, 39, 40, 41 Face 0.983 0.938
22,23, 24,35, 36, 38, 39, 40, 41 Place 0.976 0.937
22,23, 24, 35, 36, 38, 39, 40, 41 Object 0.971 0.897

Table 4.4: Four-Way Classification of Category (incl. Rest) Within Runs

ROIs Train Accuracy Test Accuracy
22 0.628 0.501
23,24 0.638 0.548
35, 36 0.536 0.475
22,35, 36 0.766 0.561
22, 35, 36, 38, 39, 40, 41 0.850 0.596
22,23, 24, 35, 36, 38, 39, 40, 41 0.885 0.589

Furthermore, for the most inclusive ROIs, there is roughly a 20% gap between train and test accuracy,
suggesting a decent amount of overfitting is happening in our models. It is not clear what the cause of the
overfitting is, especially since it should be reduced in the across-run condition. This is likely hurting out-of-
sample accuracy, and future work should aim to minimize this gap. That being said, our results are consistent
with findings in the literature, suggesting our pipeline is set up properly.

Tables 4.6 and 4.7 similarly report classification within- and across-runs, but for three-way classification,
i.e. excluding rest and only predicting the three categories of face, place, and object. Like the previous results,
performance tends to be maximized across-run with the most inclusive subset of ROIs. Peak performance
reaches 55%, with chance being 33%. Rest is fundamentally different than activation of the three categories,
so it is perhaps not surprising the degree to which classifier accuracy drops off. Like the previous results,
there is a large gap between train and test accuracy, suggesting that there may be an opportunity to reduce
overfitting and increase performance.

Lastly, Tables 4.8 and 4.9 report classifier results when pitting two categories against each other (e.g. face
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Table 4.5: Four-Way Classification of Category (incl. Rest) Across Runs

ROIs Train Accuracy Test Accuracy
22 0.565 0.407
23,24 0.627 0.502
35,36 0.591 0.447
22,35,36 0.739 0.567
22, 35, 36, 38, 39, 40, 41 0.835 0.635
22,23, 24, 35, 36, 38, 39, 40, 41 0.857 0.663

Table 4.6: Three-Way Classification of Category Within Runs

ROIs Train Accuracy Test Accuracy
22 0.603 0.431
23,24 0.453 0.338
35, 36 0.347 0.296
22, 35,36 0.688 0.426
22, 35, 36, 38, 39, 40, 41 0.803 0.452
22,23, 24, 35, 36, 38, 39, 40, 41 0.855 0.467

Table 4.7: Three-Way Classification of Category Across Runs

ROIs Train Accuracy Test Accuracy
22 0.583 0.436
23,24 0.653 0.466
35, 36 0.632 0.387
22,35, 36 0.656 0.449
22, 35, 36, 38, 39, 40, 41 0.781 0.521
22,23, 24, 35, 36, 38, 39, 40, 41 0.811 0.555

Table 4.8: Binary Category Classification Within Runs

ROIs Category 1 Category 2 Train Accuracy Test Accuracy
22 Face Place 0.732 0.614
22 Face Object 0.767 0.645
22 Place Object 0.730 0.589
23,24 Face Place 0.715 0.591
23,24 Face Object 0.700 0.573
23,24 Place Object 0.574 0.460
35, 36 Face Place 0.520 0.455
35, 36 Face Object 0.583 0.462
35, 36 Place Object 0.511 0.475
22,35, 36 Face Place 0.808 0.596
22,35,36 Face Object 0.814 0.614
22,35, 36 Place Object 0.778 0.547
22, 35, 36, 38, 39, 40, 41 Face Place 0.909 0.603
22, 35, 36, 38, 39, 40, 41 Face Object 0.888 0.649
22, 35, 36, 38, 39, 40, 41 Place Object 0.837 0.554
22,23, 24, 35, 36, 38, 39, 40, 41 Face Place 0.946 0.652
22,23, 24, 35, 36, 38, 39, 40, 41 Face Object 0.925 0.641
22,23, 24, 35, 36, 38, 39, 40, 41 Place Object 0.873 0.540
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Table 4.9: Binary Category Classification Across Runs

ROIs Category 1 Category 2 Train Accuracy Test Accuracy
22 Face Place 0.705 0.594
22 Face Object 0.761 0.636
22 Place Object 0.712 0.609
23,24 Face Place 0.772 0.605
23,24 Face Object 0.821 0.658
23,24 Place Object 0.712 0.576
35, 36 Face Place 0.708 0.513
35, 36 Face Object 0.799 0.531
35, 36 Place Object 0.692 0.558
22,35, 36 Face Place 0.752 0.605
22,35, 36 Face Object 0.801 0.643
22,35, 36 Place Object 0.772 0.592
22, 35, 36, 38, 39, 40, 41 Face Place 0.873 0.701
22, 35, 36, 38, 39, 40, 41 Face Object 0.884 0.679
22, 35, 36, 38, 39, 40, 41 Place Object 0.828 0.625
22,23, 24, 35, 36, 38, 39, 40, 41 Face Place 0.915 0.759
22,23, 24, 35, 36, 38, 39, 40, 41 Face Object 0.895 0.688
22,23, 24, 35, 36, 38, 39, 40, 41 Place Object 0.844 0.634

versus object). This gives a sense of the pairwise similarity between two categories and helps isolate where
confusion in the more complex models may be happening. Place and face activation seem to be the most
separable, consistent with contrast results suggesting they are the most specified. The object comparisons are
less accurate, perhaps due to the broader cognitive control network activation in our object contrasts. This
suggests again the need to isolate the LOC in subsequent analyses.

Tables A.1 to A.6 in the Appendix report classifier results averaged across all subjects, with mean accu-
racy and SEM reported. For each subject, a 3 to 5 TR offset was used to map between input and output, with
the selected offset being the one that optimized predictive accuracy across all ROI’s.

Future work needs to aim to improve the classification accuracy of the decoding models. State-of-the-art
models can reach roughly 90%, and while this is likely implausible for the current data, some improvements
should be possible. The difference between train and test accuracy suggests there is some overfitting going
on. One of the major ways to change overfitting would be to change the model itself. Currently, we use a
regularized support vector machine with a linear kernel, which was selected because we thought the model
was sufficiently simple (and thus not as susceptible to overfitting). Other models, e.g. logistic regression
[173], may function as a better alternative, though the computational demands will be greatly increased.

Other helpful techniques may aim to augment the data itself. For example, rather than train on adjacent
BOLD images which will have a significant amount of overlap, a small set of ‘motifs’ can be averaged from
the data and used to train the model. Currently, each run has four blocks each of the three categories. Perhaps,

we could generate four motifs each for twelve motifs (and a total of twenty-four across two runs). While this
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is a small training set, perhaps a sufficiently simple model (e.g. a support vector machine with a linear kernel)
would lead to greater accuracy.

A second way to modify the data is to add manual convolution. Currently, we train on and predict each
TR independently. However, we know that neighboring TR’s are likely to be related to one another. Thus,
embedding manual convolution into our classifiers would involve giving data about neighboring TRs and
allow us to weight them in a manner that optimizes performance.

In summary, while these results are promising, there is work to be done on improvement. Once the
classifiers are sufficiently accurate, we can decode the ‘rest’ periods between every trial to get a proxy for
what categories are being replayed (or reactivated). For every individual, we have trial-by-trial predictions as
to what categories are being replayed, and we can evaluate the extent to which these predictions correspond
to the neural decoding, and subsequently, the extent to which we can explain individual differences in remote

updating.
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Figure 4.3: Face, place, and object contrasts for one individual subject in MNI space. Cluster minimum of
10 voxels at an uncorrected p < 0.001.
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Figure 4.4: Face vs. all, place vs. all, and object vs. all contrasts for one individual subject in MNI space.
Cluster minimum of 10 voxels at an uncorrected p < 0.001.
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4.3 Task Contrasts

We next compute contrasts on different event types during the behavioral task. Participants performed 200
trials, and we divided this session over two different scanning runs, allowing participants to take a short break
between scans. These two scanning sequences were parameterized in the same way as the two previous
localizer scans.

Similar to the localizer contrasts above, we perform first-level analyses on each subject by combining
both runs and we then perform second-level analyses over all the analyzed subjects. All analyses are in MNI
space and show voxel (minimum cluster size of 10) activation at an uncorrected p < 0.001. In addition to
standard motion correct, five specific variables of interest were regressed in the design matric: button press,

(no) reward, reward, bonus reward, regular trial, and bonus trials.

Figure 4.5: Four different contrasts during the two task runs across subjects. Cluster minimum of 10 voxels
with an uncorrected p-value of 0.001. Anatomicals are in MNI space. (Top Left) Button Press. (Top Right)
Reward minus No Reward. (Bottom Left) Bonus Reward minus No Reward. (Bottom Right) Bonus Trials
minus Regular Trials.

Figure 4.5 plots four relevant contrasts. The first, in the top left, plots contrasts corresponding to when
participants pressed a button. As expected, we see widespread activation across the premotor and motor

cortices, confirming that our scanning and time tracking are aligned. Furthermore, the contrast demonstrates
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that the left side is preferentially activated, presumably corresponding to our participants being right-handed
(and thus pressing the button with their right hand). This initial contrast acts as a sanity check to ensure our
pipeline is intact.

Next, in the top right, we plot the differences between rewarded trials and not rewarded trials. The
difference between these two trials gives a proxy for the magnitude of reward prediction error. Reinforcement
learning models were famously introduced in neuroscience as a model that connects dopamine activation in
rodents to the computational imperative of prediction error, and subsequent fMRI work has seen similar
results in humans [48, 55]. Our results in the top right plot align with this work, where we see activation in a
cluster corresponding to striatum, which is the location of dopaminergic neurons that are hypothesized to fire
in proportion to reward prediction errors. Reward prediction errors are much more temporally sensitive than
button pressing, and thus our results further suggest our preprocessing and alignment pipeline is valid.

The bottom left plots imaging contrasts for the differences between rewards during bonus trials and no
rewarded trials. We expected to see even greater striatal activation than in the previous plot as prediction
errors should be greater, but this is not the case. However, there does seem to be systematic activation
in visual cortex, posterior cingulate, and anterior cingulate. Visual cortex activation likely arises from the
colorful effects of reward (points are awarded in a rainbow-colored text). Cingulate activation, especially
anterior cingulate, is especially intriguing because this has been implicated as a key metacognitive decision-
making system in rational models of control [190]. Our theory suggests a similar computation is being done
when determining whether to replay or not. As a result, we have offered the anterior cingulate as a potential
region of interest to where E'V B¢ calculations are occurring.

Lastly, the bottom right plots the contrast between bonus trials and regular trials. In addition to the
visual cortical activation (which is expected due to the colorful stimuli), we see systematic bilateral insular

activation. However, we are relatively agnostic in interpreting this effect.
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4.4 Default Mode Network

The default mode network (DMN) refers to a set of brain regions (primarily medial prefrontal cortex and
posterior cingulate) that are systematically activated during periods of wakeful rest. Despite these consistent
findings, many scientists are often puzzled by its function. Recent work has suggested there is a coupling
between replay and default mode [87, 100, 154], and this coupling may coalesce well with our proposal that
the phenomenology of cognitive fatigue is related to the value of hippocampal replay.
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Figure 4.6: Z-scored Default Mode Network (DMN) Activation across four scanning runs for a sample
subject. The first two runs are localizer runs, and shaded portions correspond to category stimuli. The second
two runs are the task runs, and shaded portions correspond to task stimuli.

Figure 4.6 plots Z-scored default mode activation for a sample subject across the four scanning runs (two
localizer runs, two task runs). To compute this activation, we align the Schaefer atlas [177] with the subject’s
native space. We isolate regions of interest (ROIs) that correspond to the pre-specified default mode network.
We then regress out motion regressors, compute the mean activation, and Z-score this activation to see how
it changes through the course of a run.

First, as a sanity check, we look at the localizer runs and test whether default mode activation is higher
during off periods compared to image stimuli. Figure 4.7 plots two comparisons. First, on the left, we plot
default mode activation during rest versus all the localizer stimuli. A t-test based on mean activation find
DMN activity during rest to be statistically higher (p < 0.05) compared to the periods in which the localizer
stimuli are present on the screen. Analyses use an offset of four TRs between stimulus and BOLD activity as
this number optimized the difference between the two conditions.

The right of Figure 4.7 plots a finer-grained comparison, comparing DMN activity in the localizer rest
period compared to each image category (face, place, object) separately. For our sample subject, we see
that activation is not significantly different between rest and face, and rest and object, but the difference is
significant between rest and place. These results are consistent with our previous localizer results, which
demonstrated that posterior cingulate (a region implicated in the default mode network) activation is higher
during face stimuli and that the cognitive control area is activated during object activation (presumably due

to our attention task), whereas place activity is well-localized to the PPA.
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Figure 4.7: Default mode network (DMN) activation between periods of no stimulus versus stimulus during
the two localizer runs.

Figure 4.8 plots similar results, but this time averaging across all subjects. For each subject, we take the
mean Z-scored activation for each condition (rest, face, object, place), and compare mean activations across
subjects. Figure 4.8 demonstrates that DMN activation is significantly higher at rest compared to stimulus at
the p < 0.0001 and that this relationship holds when separating out based on stimulus conditions. Like the
previous analyzes, these effects are optimized when offsets are between 3 - 5 TRs (which we individually
optimized for each subject).

Next, we evaluate the extent to which variance in default mode activation relates to the model-based effect
in each participant. One of our hypotheses is that default mode activation is tracking replay activity, and if
replay is captured by the model-based behavior of a participant, there may be a relationship between DMN

activation and model-based behavior that captures individual differences.
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Figure 4.8: Across-subject default mode network (DMN) activation between periods of no stimulus versus
stimulus during the two localizer runs.
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Figure 4.9: DMN activation versus model-based and model-free behavior across all subjects

Figure 4.9 reports the results of these analyses, with the left reporting the correlation with model-based
behavior and the right reporting the correlation with model-free behavior. We calculate the model-based

and model-free effects from the win-stay, lose-shift behavior, and thus we all include all subjects (not just the
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‘good’ subjects since we want to explain individual differences). There is a positive correlation between DMN
activation and model-based behavior (r = 0.25, p = 0.17), though this effect is not significant at the p < 0.05
level. The effect increases when ‘bad’ participants are excluded, but the effect remains insignificant. This
gives weak evidence that there may be a relationship between DMN activation and model-based behavior,
and perhaps a higher-powered study could identify a significant relationship. DMN activation and model-free
behavior are negatively correlated (r = —0.22, p = 0.24), though the effect is not statistically significant.
Future, more precise work should break up DMN activation into three hypothesized subregions as well

as continue masking out pre-defined ROISs for the localizer classifiers.

4.5 Discussion

This chapter demonstrated a proof-of-concept that the multi-echo neuroimaging pipeline was collected prop-
erly and was adequately aligned with the task. Sanity contrasts such as button press activation in motor cortex
and reward prediction errors in the striatum were consistent with past reinforcement learning neuroimaging
studies, and the visual category (face, place, object) contrasts generally recapitulated with past literature.

Future work will use the localizer classifiers to make predictions on what events are being replayed during
the task. Three hypotheses are of interest here. In the first, we will determine whether replay and default
mode activation track one another. Specifically, we can use the four-way classifiers to determine whether the
participant is not replaying (prediction of rest) versus whether they are replaying one of the three categories.
Either could be correlated with default mode activation; the former suggesting a relationship between ‘off-
task’” and DMN activation, and the latter suggesting DMN activation facilitates replay. While we did not
see a strong relationship between model-based updating and DMN activation, an alternative approach using
localizer classifiers may shed some light in either direction.

Second, we can evaluate the extent to which replay follows the £V B model [130], as done in [122].
We manipulate both the Need and Gain terms, and thus we can make trial-by-trial predictions for what a
participant is replaying and then see whether the localizer classifier agrees.

Last, we can determine whether the strength of replay as inferred by both the logistic regression models
and the hierarchical Bayesian models are correlated with the strength of replay as inferred by the localizer
classifier. Specifically, we would predict that participants who have more model-based updating should have

stronger predictions of replay (or reactivation) during their trials.
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Chapter 5

Conclusion

Over time, our ability to exert cognitive control seemingly diminishes, and this results in the phenomenolog-
ical state of cognitive fatigue and the corresponding decrements in task performance. Yet, while cognitive
fatigue has been studied for over a hundred years, its origins still remain a mystery. The most influential line
of work (ego depletion) suggested fatigue to reflect the depletion of a metabolic resource, and while this idea
largely fell out of favor, it has given rise to a widely agreed upon insight: the value of rest. We have built
a line of research that extends previous work on hippocampal replay, a widely studied neural mechanism
active during ‘rest’ We proposed that cognitive control mitigates the use of replay, and we demonstrated
that this specification reproduces the behavioral effects of cognitive fatigue [5]. We then used this model to
construct a taxonomy of the related phenomena of fatigue, boredom, and mind-wandering; we demonstrated
their computational similarities while also offering dissociable functions, paving the way for future research
to study them independently [34]. Furthermore, the link between fatigue and replay lets us build upon a rich
tradition in the reinforcement learning community to use neuroimaging as a tool by which to validate trial-
to-trial behavioral variation [3]. Here, we are seeking to confirm that control is a mechanism that modulates
the use of replay, using both neural decoding and computational modeling of behavior. Future work will
determine how agents perceive time and how does this perception affect judgments of effort? Colloquially,
time flies quickly when you’re having fun and drags when you’re bored. The ‘contextual change’ hypothesis
[27, 26] explains people’s time perception judgments as a function of the number of context shifts they have
experienced. We can formalize this idea by building computational models of time perception. Specifically,
we can use Bayesian nonparametric inference [73] to make precise predictions on the number of context
switches and thus the perceived time duration for any given task. We can then integrate these behavioral and

computational results with related neuroimaging work in ‘event segmentation theory’ [223, 68] to construct
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a unified behavioral, computational, and neural theory of time perception.

5.1 Cost of Time

This thesis leverages an increasingly popular insight: that time is costly. Agents have limited resources, and
with limited time, there is a need for prioritization. This thesis explored this concept through the phenomenol-
ogy of cognitive fatigue and boredom. Below are two other lines of work that leverage the cost of time: (1)
the scarcity of researchers’ resources and the opportunity to evaluate thousands of hypotheses simultaneously

and (2) the rationality of using heuristics and its philosophical relevance.

5.1.1 Big Data and Machine Learning for Theoretical Progress.

With (tens of) thousands of dollars and off-the-shelf machine learning algorithms, (behavioral) scientists can
train predictive models that outperform symbolic theories. Is theory dead? We argue no. Theoretical ex-
planations are imperative to the scientific endeavor: they influence how we think about problems and enable
us to generalize findings from one domain to another. Thus, we have started to adapt the scientific method
to incorporate machine learning algorithms so that scientists can jointly maximize both the predictive and
explanatory power of their theories. We proposed a methodology called ‘Scientific Regret Minimization’
that helps scientists use the predictive power of machine learning to specify shortcomings in extant theories
and identify novel empirical phenomena [7]. We demonstrated this method on the Moral Machine dataset
[17] in order to (i) build a complex, but interpretable computational model of moral judgment and (ii) use
this model to identify three increasingly complex and novel moral behaviors. We then applied this method-
ology to two classic decision-making problems: [164] and intertemporal choice [6]. In risky choice, we
found that an unconstrained machine learning model can outperform over fifty models in the literature, and
yet can be simplified into a mixture of two previous ideas: an expected utility component that accounts for
the vast amount of choice problems and a prospect theory component that accounts for classic biases when
facing complex problems. This new theory encapsulates past work while specifying the new question for
future research: what problem characteristics determine an individual’s strategy? Our work in intertemporal
choice demonstrates that unconstrained neural networks outperform classic discounting functions, and we
are currently building a theoretically-driven and interpretable model that can match the neural network’s per-
formance and accommodate individual variation. Future work will use similar tools to construct ‘basis sets’
of human decision-making biases. Psychologists and behavioral economists have catalogued a significant
number of biases [206, 52], and we seek to understand the extent to which these biases are independent of

one another. We can collect large-scale datasets that capture the different decision-making biases and then fit
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machine learning algorithms to subsets of these biases in order to which models reproduce the left-out biases.
These metrics can be analyzed to create a ‘basis set’ of decision-making biases, which we will then validate

through fine-grained individual behavioral studies.

5.1.2 Integrating Theoretical and Practical Rationality in Philosophy

Experimental psychology has largely invalidated the homo economicus assumption which posited that hu-
mans obey the classical axioms of rationality. While early research suggested these results indicate human
irrationality, recent work views them as reflecting the rational use of limited, cognitive resources [193, 194,
118, 119]. This perspective has started to offer a new standard of rationality. We are using this perspective to
reconcile one of the biggest tensions of the last few centuries in moral philosophy: consequentialism versus
deontology. Rule consequentialism [137, 83, 90] offered an exciting compromise between these two tradi-
tions, proposing agents ought to abide by deontic principles (i.e. rules) which themselves are justified by the
consequentialist calculus, however, it largely fell out of favor in the mid-twentieth century due to its perceived
instability [176, 13]. We have resurrected this idea, leveraging the past few decades of experimental data and
computational modeling to (i) provide a normative moral theory that reconciles long-held tensions and (ii)
provide a new descriptive theory in which to understand human behavior [4].

Future work along this line will expand the scope of bounded rationality to other philosophical problems.
As one illustrative example, consider scientific virtues. Philosophers of science suggest our scientific hy-
potheses should have values such as simplicity and unification, even if these values don’t directly correspond
to the evidentiary confirmation [112]. Bounded rationality is a framework that can rationalize these virtues,

which would enable us to integrate epistemic and pragmatic approaches to scientific hypotheses.

5.2 Concluding Remarks

‘We have seen cognitive science come of age in the last few decades. Technologically, we now have access to
a plethora of tools that enable us to abstract a psychological problem into its most general form, construct a
set of possible solutions, and then validate a subset of them through neural and biological data. This thesis
integrated work in psychology, neuroscience, computer science, and philosophy. Here, we aimed to formalize
an elusive phenomenological construct in the language of computation, and we then designed a behavioral

and neuroimaging study to tie empirical data to computational imperatives.
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Appendix A

Appendix

A.1 Theory Methods

A.1.1 Cognitive Fatigue

EV Ba(s, s, ay) = E [;VZ’RW S, = 5} -E [;yiRtH S, = 5} (A.1)
=7 VU (8) = Uy () (A2)
=V U (8) = 7V 0ma(8) + 7 0y (8) = Ve () (A3)
=" (Ve (8) = Vg (5)) 47 Vg (8) = Vs (5) (A4)
=~"EVB(s, sk, k) + 7 Uy, (8) — Vi (8) (A.3)
=~"EVB(s, sk, ar) — (L =4 )0r,,(8) (A.6)
=~"EVB(s,sk,ar) — (1 —~77) Z Told(@]8) Gy (5, @) (A7)

A previous version of the manuscript incorrectly decomposed E'V B¢ into Gain x Need in which

Gain(sk, ar) =7 > Qmyen (Sk, @) Tew(a]sk) = Y Qro, (58, a)7oia(al si.) (A8)

acA a€A

This mistake has been corrected in the present manuscript.
The original gridworld comprised of a 9x6 maze, in which the agent started at (0,3) and there was a
reward of 1 at (8,5). Walls were additionally located at (2,2), (2,3), (2,4), (7,3), (7.4), (7,5), and (5,1). The

agent’s Q-values and reward prior were both initialized to 0.
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An agent’s policy is calculated using the softmax choice rule:

BQ(s,0)

S ePQls.a) (A.9)

m(als) =

in which f is the inverse temperature. /3 was set to 5 for all simulations, unless otherwise stated.

After every state-action-reward-state transition, the agent updates its Q-values according to the temporal
difference learning rule in Eq. 2.1. The learning rate o, was set to 0.90 for all simulations. Each replayed
backup follow the same update equation. After every actually realized state-action-state transition (i.e., not
replayed transitions), the successor representation also updated according the temporal difference learning
rule.

Ateach time step, the E'V B¢ is computed. If the value is greater than zero, the agent replays arg max E'V B¢.
Once it falls below zero, the agent samples from its policy 7.

The easier gridworld comprised of a 4x6 maze, in which the agent started at (0,3) and there was a reward
at (3,5). Walls were additionally located at (2,2), (2,3), and (2,4). All other details were the same as the agent
in the harder gridworld.

The agent completed twenty episodes for the harder gridworld and forty episodes for the easier gridworld.
Ten different runs were completed for each value of 7, and number of replay events and average reward rate
were averaged over these runs.

The bottom panels in Figures 2.2 and Figures 2.3 plot the replay behavior of the ten different agent runs

when 7 = 0.04. The right plot was a smoothed version of the left plot, using a Gaussian filter with o = 5.

A.1.2 Boredom

The right panel of Figure 2.5 demonstrates how the Qv o of a dynamic task changes over time. An infinite
horizon and a discount factor of v = 0.9 were used for simulations. The g, Was calculated using the
temporal difference learning update rule.

Figure 2.6 contrasts the exploratory behavior of an agent in a short horizon versus that in a long horizon.
The uncertain action had a relative mean value represented by the x-axis, but was given uncertainty by simu-
lating a fifty percent chance of changing by plus one and fifty percent chance of changing by minus one for
twenty iterations. For the short horizon, a horizon of two was used, while a horizon of ten was chosen for the
long condition. A discount factor of 0.5 was used for this simulation.

Furthermore, in order to keep the scaling of the Q-values consistent, the policy was computed with respect
to the expected one-step reward (which was computed by dividing the Q-value by the Need term). Because

of the nature of the bandit task, the Need term for both simulations were calculated analytically instead of
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using a successor representation.

A.1.3 Replaying to Explore

The T-Maze was constructed in the Gridworld environment, using a 5x5 grid with walls everywhere except
for the middle row and the last column. The agent started at (0,2), and there were two rewards, 1 and 5, at
locations (4,0) and (4,4).

Rewards were shuffled randomly every five trials. A successor representation based on a uniform policy
7 was used instead of a dynamically updated successor representation. The agent’s Q-values were initialized
to 0, but the VOI’s were initialized to Uy = 5. For the Need term in Eq. 2.22, three different values of k were
used: 0, 0.05, and 0.5. A value of 7 = 0.04 was used for all simulations. Forty simulations of forty episodes

were run for each value of k.
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Table A.1: Four-Way Classification of Category (incl. Rest) Within Runs

ROIs Train Mean Train SEM Test Mean Test SEM
22 0.656 0.012 0.513 0.009
23,24 0.649 0.013 0.541 0.010
22,23,24 0.793 0.012 0.581 0.010
35, 36 0.499 0.011 0.441 0.008
22, 35, 36 0.756 0.012 0.540 0.009
38, 39, 40, 41 0.631 0.016 0.516 0.011
22, 35, 36, 38, 39, 40, 41 0.834 0.012 0.561 0.011
22,23, 24, 35, 36, 38, 39, 40, 41 0.870 0.012 0.567 0.012

Table A.2: Four-Way Classification of Category (incl. Rest) Across Runs

ROIs Train Mean Train SEM Test Mean Test SEM
22 0.626 0.014 0.460 0.009
23,24 0.663 0.015 0.532 0.012
22,23,24 0.773 0.012 0.564 0.010
35, 36 0.511 0.016 0.416 0.010
22, 35,36 0.738 0.012 0.518 0.009
38, 39, 40, 41 0.613 0.017 0.481 0.013
22,35, 36, 38, 39, 40, 41 0.808 0.012 0.573 0.010
22,23, 24, 35, 36, 38, 39, 40, 41 0.844 0.012 0.605 0.010

A.2 Aggregate Classifier Results

Tables A.1 to A.6 report classifier results averaged across all subjects. For each subject, a 3 to 5 TR offset
was used to map between input and output, with the selected offset being the one that optimized predictive

accuracy across all ROI’s.

Table A.3: Three-Way Classification of Category Within Runs

ROIs Train Mean Train SEM Test Mean Test SEM
22 0.661 0.010 0.468 0.011
23,24 0.585 0.014 0.436 0.010
22,23,24 0.781 0.010 0.503 0.011
35, 36 0.415 0.008 0.326 0.005
22, 35,36 0.739 0.010 0.456 0.011
38, 39, 40, 41 0.569 0.015 0.406 0.011
22,35, 36, 38, 39, 40, 41 0.830 0.009 0.478 0.011
22,23, 24, 35, 36, 38, 39, 40, 41 0.875 0.010 0.481 0.012
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Table A.4: Three-Way Classification of Category Across Runs

ROIs Train Mean Train SEM Test Mean Test SEM
22 0.674 0.008 0.427 0.009
23,24 0.670 0.008 0.462 0.009
22,23,24 0.764 0.009 0.480 0.010
35,36 0.628 0.007 0.377 0.005
22,35, 36 0.731 0.009 0.438 0.009
38, 39, 40, 41 0.678 0.008 0.466 0.008
22, 35, 36, 38, 39, 40, 41 0.805 0.009 0.488 0.010
22,23, 24, 35, 36, 38, 39, 40, 41 0.846 0.009 0.524 0.010

Table A.5: Binary Classification of Category Within Runs

ROIs Category Train Mean Train SEM Test Mean Test SEM
22 Face 0.834 0.012 0.751 0.011
22 Place 0.859 0.010 0.780 0.010
22 Object 0.867 0.009 0.800 0.009
23,24 Face 0.892 0.012 0.851 0.013
23,24 Place 0.887 0.011 0.847 0.013
23,24 Object 0.888 0.010 0.849 0.010
22,23,24 Face 0.927 0.009 0.849 0.012
22,23,24 Place 0.925 0.009 0.850 0.011
22,23,24 Object 0.923 0.008 0.848 0.009
35,36 Face 0.814 0.016 0.769 0.014
35,36 Place 0.829 0.016 0.783 0.015
35,36 Object 0.808 0.016 0.762 0.015
22,35, 36 Face 0.913 0.009 0.817 0.011
22,35, 36 Place 0.918 0.009 0.828 0.011
22,35, 36 Object 0.913 0.008 0.829 0.009
38, 39, 40, 41 Face 0.882 0.012 0.828 0.013
38, 39, 40, 41 Place 0.874 0.013 0.818 0.014
38, 39, 40, 41 Object 0.869 0.013 0.815 0.013
22, 35, 36, 38, 39, 40, 41 Face 0.941 0.009 0.840 0.011
22, 35, 36, 38, 39, 40, 41 Place 0.937 0.009 0.839 0.012
22, 35, 36, 38, 39, 40, 41 Object 0.934 0.008 0.836 0.010
22,23, 24, 35, 36, 38, 39, 40, 41 Face 0.950 0.008 0.848 0.012
22,23, 24, 35, 36, 38, 39, 40, 41 Place 0.945 0.008 0.845 0.012
22,23, 24, 35, 36, 38, 39, 40, 41 Object 0.943 0.008 0.842 0.010
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Table A.6: Binary Classification of Category Across Runs

ROIs Category Train Mean Train SEM Test Mean Test SEM
22 Face 0.802 0.013 0.706 0.012
22 Place 0.827 0.012 0.727 0.012
22 Object 0.846 0.010 0.763 0.012
23,24 Face 0.865 0.014 0.820 0.015
23,24 Place 0.865 0.014 0.823 0.014
23,24 Object 0.863 0.012 0.821 0.014
22,23,24 Face 0.916 0.010 0.844 0.011
22,23,24 Place 0.918 0.009 0.843 0.011
22,23,24 Object 0.917 0.009 0.844 0.010
35,36 Face 0.750 0.015 0.702 0.013
35, 36 Place 0.768 0.016 0.715 0.014
35, 36 Object 0.745 0.015 0.699 0.013
22, 35, 36 Face 0.897 0.010 0.794 0.010
22,35, 36 Place 0.904 0.010 0.814 0.011
22, 35, 36 Object 0.904 0.009 0.817 0.010
38, 39, 40, 41 Face 0.828 0.014 0.771 0.014
38, 39, 40, 41 Place 0.823 0.014 0.754 0.015
38, 39, 40, 41 Object 0.815 0.014 0.749 0.014
22, 35, 36, 38, 39, 40, 41 Face 0.929 0.009 0.851 0.010
22, 35, 36, 38, 39, 40, 41 Place 0.927 0.009 0.852 0.011
22, 35, 36, 38, 39, 40, 41 Object 0.928 0.008 0.845 0.010
22,23, 24, 35, 36, 38, 39, 40, 41 Face 0.940 0.009 0.869 0.010
22,23, 24, 35, 36, 38, 39, 40, 41 Place 0.937 0.009 0.867 0.011
22,23, 24, 35, 36, 38, 39, 40, 41 Object 0.937 0.008 0.860 0.010
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