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Abstract

The aim of this thesis is to investigate the computational mechanisms that drive
curiosity, the motivational state for learning for its own sake. Curiosity is
operationalized as information-seeking behaviors and self-reported curiosity. A
novel mechanism based on resolving uncertainty in episodic events (episodic
curiosity) is tested and compared to predominant theories on curiosity. This
computational mechanism is then used to investigate how curiosity interacts with
other types of motivation, and the effects of curiosity on learning in different
knowledge domains. Specifically, individually measured indicators of uncertainty
are computed using an information-theoretic quantity of entropy (Shannon,
1948).

The aim of the first study is to compare an existing theory, the Learning Progress
hypothesis (Gottlieb & Oudeyer, 2018; Oudeyer et al., 2016), to episodic curiosity
account. The experiment takes the form of an asteroid avoidance computer game,
where outcome uncertainty can be dispelled by requesting trial-related feedback.
The results of this study indicate that a desire to close episodic uncertainty is
enough to drive and maintain information-seeking behavior, but learning
progress is also a lesser determinant of information-seeking.

In the second study the relationship between uncertainty, curiosity and
satisfaction is examined. The experiment tests a predominant theory that
curiosity reflects a desire for pleasurable learning. The effect of uncertainty and
curiosity on memory encoding is also examined. The results show that
satisfaction had a negative association with learning, indicating that the learning
resulting from curiosity may not necessarily be pleasurable.

The final study looks at how curiosity integrates with other motivational goals, by
aligning curiosity with or against the best option in a two-armed bandit task. Can
curiosity distract from, or improve, learning and performance in the bandit task?
This study shows that the motivational value from curiosity can integrate with
extrinsic task goals to improve or distract from performance.
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Introduction

Which mammal has the shortest gestation period?

Consider the question above — do you know the answer? If not, perhaps you can
make an educated guess, or maybe you entertain several possible answers. Maybe
you have no idea. These different states of knowledge are all characterized by
some uncertainty, and leave room for learning something new. At this point it is
not unlikely that you begin to experience a desire to find the answer, even though
the knowledge is unlikely to improve your material status in any way. This desire
for knowledge for its own sake is commonly called ‘curiosity’ (Loewenstein, 1994).
There seems to be some relationship between the uncertainty present in this
situation and the curiosity that is experienced, but how does this relationship
work? What cognitive mechanisms determine curiosity? If you did indeed
become curious, what efforts would you be willing to expend in order to satisfy
your curiosity? You could ask a friend or colleague who might know, or spend
some time searching for the answer online. Taking any of these actions distracts,
even if briefly, from the purpose of reading this thesis. If I promise to reveal the
answer to the question at some point during this thesis, does this make you more
motivated to continue reading? The questions posed here lies at the center of this
thesis, where I investigate the computational mechanisms behind curiosity, and
how curiosity interacts with other goals.

A starting point to understanding how curiosity works is to consider which
organisms express curiosity-like behavior. While it is difficult to say much about
what non-human animals experience, several behaviors typically associated with
human curiosity are not unique to humans. Rats are drawn to changes in the
environment, evident by a preference for exploring parts of mazes that had its
color changed (Dember, 1956). Rats also prefer to explore stimulus of high
complexity over low complexity, a behavior that is satiated over time (Berlyne,
1955). A study by Glickman and Sroges (1966) tested over 100 species of animals
at a zoo by measuring how long they investigated a set of novel items. The results
showed large differences between species, with different species of monkeys
expressing the most curiosity as indicated by time spent investigating the items.
Other studies on monkeys have found a willingness to gather information about
upcoming rewards in a gambling task (Bromberg-Martin & Hikosaka, 2009) and
even forego a water reward for such information (Blanchard et al., 2015). In a
recent study by Wang and Hayden (2019), rhesus macaque monkeys were given
the chance to choose between two gambles with the possibility of winning water.
Here, the monkeys were willing to sacrifice reward to learn about the outcome of



the gamble that was not chosen. Humans also sacrifice reward to get information
(Kobayashi & Hsu, 2019) and display a preference for novelty (Wittmann et al.,
2008). Because we consider these human information-seeking behaviors as
expressions of curiosity, it does not seem too far-fetched to do the same for
animals even if they cannot communicate their internal states to us.

An important question is what functional role curiosity may fill. Curiosity is
linked to risk taking (Lauriola et al., 2015) and engaging in activities that can
satisfy curiosity is always associated with a cost, even if it is just losing the
opportunity to do something else. For so many different animals to express
curiosity, it likely has some benefit that outweighs these drawbacks. Any
organism with a potential for learning can benefit from a motivation to explore
and seek out new information as it increases learning opportunities, instead of
only learning from passive observation while fulfilling other needs (Byrne, 2013).
During times of excess energy and a full belly, it is worthwhile to spend time on
improving knowledge and skills that can facilitate adaptation to future
challenges.

Although curiosity has long been viewed as an important drive (Loewenstein,
1994), and has obvious applications in educational, entertainment and
advertising contexts, it has remained surprisingly elusive as an object of scientific
study. How curiosity operates is still not well understood. The aim of this thesis
is to examine the computational mechanisms of curiosity. Considering that many
non-human animals with much lower cognitive capacity can express curiosity-
like behaviors, there is reason to test how well a simple mechanism can explain
human curiosity. Thus, the central questions in the thesis focus on testing how
signals of uncertainty stimulates curiosity. In addition, the impact of curiosity on
learning outcomes and its interaction with motivation to fulfill other goals is
investigated.

Definition of curiosity

At a glance, curiosity may seem like a straightforward construct. Simply put, it is
the desire to learn something that is unknown, for its own sake. Like many
constructs in psychology, however, this simple definition falls apart when we
strive to understand the phenomenon better. To help situate the reader in the
context of the research presented in the thesis, this section examines different
aspects of curiosity.

Curiosity as a Trait

A good place to begin is to consider the difference between the statements ‘I am
a curious person’, where curiosity implies a personality trait, and ‘I am curious’,
which describes a transient state in relation to some specific question or situation.



Research on the former, trait curiosity, recognizes that individuals express
curiosity in different amounts or for different things. For example, Day (1971)
proposed three dimensions in which an individual has more or less curiosity:
specificity, reactivity and chronicity. In this framework, specificity describes the
breadth of domains that captures curiosity and reactivity concerns the
stimulation threshold for becoming curious, while chronicity indicates how
persistent curiosity is once it is sparked. In particular, the dichotomy of specificity
and reactivity found support (Ainley, 1987; Boyle, 1989; Langevin, 1971), and is
echoed in various forms in current theories of curiosity (e.g. Collins, Litman, &
Spielberger, 2004; Kashdan et al., 2009).

Curiosity is associated with several other individual characteristics, such as
intelligence (Langevin, 1971; Maw & Maw, 1975; von Stumm et al., 2011) and
creativity (Gross et al., 2020; Schutte & Malouff, 2020), but also with positive life
outcomes. Individuals that score high on trait-measures of curiosity tend to reach
higher academic achievements (Kashdan & Yuen, 2007; von Stumm et al., 2011),
experience higher well-being (Gallagher & Lopez, 2007; Kashdan, Michael, &
Steger, 2007) and age more successfully (Sakaki et al., 2018; Swan & Carmelli,
1996). The association between curiosity and successful aging, and other positive
outcomes, supports the earlier speculation that curiosity fills an important
functional role in our lives. Having a learning drive pushes humans, and many
other animals, to gain knowledge that may not be immediately useful, but
improves the ability to adapt to future unknown challenges.

Instruments that measure individuals’ tendencies for curiosity often include
components that describe an individual’s enjoyment of, and willingness to engage
with, intellectual efforts or novel experiences (Kashdan et al., 2009; Litman &
Spielberger, 2003). A tendency to enjoy and engage in intellectual efforts also
characterize other psychological constructs, such as Need for Cognition (NFC,
Cacioppo & Petty, 1982; Cohen et al., 1955) and Openness to Experience
(Openness, Silvia & Christensen, 2020). A recent review by Silvia and Christensen
(2020) found that most models of Openness includes behavior that also
characterizes curiosity, such as information-seeking, or explicitly mentions
curiosity in their definition. Indeed, separating NFC, Openness and curiosity is
not an easy task and evidence suggests poor discriminatory validity between
instruments measuring these constructs (Mussel, 2010).

Enjoyment and positive affect is one side of curiosity, but it is also possible to
experience a feeling of deprivation due to lacking knowledge (Litman, 2005;
Litman & Jimerson, 2004; Loewenstein, 1994). Deprivation is also related to
NFC, where individuals with high scores on instruments that measure NFC
express a strong desire for achieving structure and making sense of the world,
and can experience feelings of deprivation when such efforts are not fruitful



(Cacioppo & Petty, 1982; Cohen et al., 1955). Anxiety is another psychological
construct that is sometimes mentioned next to curiosity (Gruber & Ranganath,
2019; Loewenstein, 1994). While some individuals tend to respond to a lack of
knowledge by approaching the problem and seeking information, such situations
tend to cause anxiety and avoidance in others. One interpretation of all this
conceptual overlap described here, is that trait-curiosity is one of several
dimensions of some broader construct that captures attitudes and behaviors
related to maintaining a knowledge base that represents the world with sufficient
accuracy.

Adding to this, several different subdomains of trait curiosity have been
suggested, indicating that curiosity is a multifaceted construct that can focus on
very different types of knowledge. For example, Jordan Litman and colleagues
developed instruments for measuring curiosity about the self (intrapersonal,
Litman et al., 2017) and curiosity about other people (interpersonal, Litman &
Pezzo, 2007). Zuckerman and Litle (1986) developed a scale for measuring
morbid curiosity, and Mussel et al. (2012) created an instrument for measuring
curiosity in the workplace. This breadth of domains that humans can express
different amounts of curiosity about opens up for a discussion about the role of
interest. Interest is a construct closely related to curiosity, and often used
interchangeably in the literature and every day usage (Ainley, 2019; Grossnickle,
2016; Murayama et al., 2019). Grossnickle (2016) gives insight in how trait-
curiosity and interest is often separated. Interest is typically characterized as
positive disposition towards a very specific domain of knowledge, whereas
curiosity is a broader disposition for wanting knowledge that reduces uncertainty
when it is encountered. Another difference can be found in the stability of these
constructs. Interests are something that can form or dissipate over time, whereas
curiosity is typically considered a more stable trait.

Others have suggested what can be described as a more bottom-up approach to
research on curiosity and interest. The suggestion is that researchers turn their
focus to the neural and cognitive information processing behind specific
expressions and effects of curiosity in a broader sense, instead of trying to narrow
down a ‘true’ definition of curiosity (Kidd & Hayden, 2015; Murayama et al.,
2019). While the construct curiosity is the intended target of this thesis, I believe
that the individual studies largely adheres to this suggestion. Thus, the goal is not
to bring clarity to how curiosity differs from other similar constructs. Rather, the
goal is to improve our understanding of the computational mechanisms behind
specific behaviors, such as intrinsically motivated information-seeking.



Curiosity as a State

Research on state curiosity tries to explain what it is that occurs within our minds
when we become curious and what effects this state might have on our behavior
and experience. One of the most influential figures in the psychology of curiosity,
Daniel Berlyne, proposed that certain features of stimulation are able to instill
curiosity, which he called collative properties (or variables) (Berlyne, 1966;
Berlyne, 1960). For example, an item with a high degree of novelty, irregularity
or incongruity is more likely to attract prolonged attention compared to a familiar
or simple item. Complexity is often at the root of these collative properties, but it
is not always apparent what causes one item to have higher complexity than
another does. To remedy this, Berlyne (1957b, 1957a) suggested that information
theory, originally developed by Claude Shannon (1948) as a mathematical theory
of communication, could be used to quantify an item’s collative properties.
Although the application of information theory to curiosity is not the common
approach in current literature, the influence of Berlyne is evident. Information
and uncertainty are now key terms in most literature on curiosity (Gottlieb et al.,
2016; Kidd & Hayden, 2015; Loewenstein, 1994).

Later attempts at explaining state curiosity have since moved away from focusing
on collative properties of external stimuli as the underlying quantity that
stimulates curiosity and information seeking. Instead, the focus has shifted to
understanding how subjective assessment of situations relates to curiosity.
Research on state curiosity has found that being in a state of curiosity improves
memory encoding (Gruber et al., 2014; Kang et al., 2009; McGillivray et al., 2015;
Stare et al., 2018), supporting its function as a drive for learning. Humans, and
other animals, are willing to sacrifice rewards, such as money or food, as well as
time to satisfy their curiosity (Blanchard et al., 2015; Kang et al., 2009; Kobayashi
& Hsu, 2019; van Lieshout et al., 2018). Indeed, even the risk of electric shocks
may not be enough to deter us from getting the information that we want (Hsee
& Ruan, 2016; Lau et al., 2020). Information and uncertainty are still central
concepts in curiosity the literature, but now in regard to properties of our mental
processes (Gottlieb et al., 2013; Kidd & Hayden, 2015; Loewenstein, 1994). A key
question that remains to be answered is: information and uncertainty about
what?

Berlyne’s dimensions of curiosity

Berlyne (1954; 1960) created a classification scheme for state-curiosity, where the
target of curiosity could be either perceptual or epistemic, and either diversive or
specific. Sensory stimulation of high complexity or novelty can trigger perceptual
curiosity, which motivates inspection of the stimulus. Trying out new foods, going
to an art exhibition, or exploring a new city are examples of perceptual curiosity.
In contrast, the target of epistemic curiosity is complex or novel knowledge.



Playing a trivia game, reading a mystery novel or doing scientific research are
examples motivated by epistemic curiosity. In Berlyne’s view (Berlyne, 1954), one
reason for making this distinction is that it allows some separation between the
simpler curiosity that non-human animals display and the more abstract form of
thinking that humans engage in. In practice, this distinction can be difficult to
make as an observer. Information-seeking behaviors can easily yield information
about several uncertainties at once. For example, imagine that you are helping a
friend clean out her garage. You watch as your friend finds an old bag. When she
looks inside she claims that there is an item inside, but that it is too dark to see
what it is. She proceeds to put her hand in the bag to try to recognize the item by
touch. It certainly seems reasonable to characterize your friend’s behavior as an
expression of perceptual curiosity in this moment. Later, your friend explains that
she recognized that the bag belonged to either her brother or sister, and that if it
was her brother’s bag she suspected that one of the items was an old camera that
he had misplaced. Now you might be more inclined to classify your friend’s
behavior as motivated by epistemic curiosity.

Diversive curiosity is closely related to boredom (Berlyne, 1960). Berlyne
describes boredom as a response to low levels of arousal due to an environment
with low amounts of stimulation or complexity. Diversive curiosity may therefore
play a role in maintaining appropriate levels of arousal by guiding us away from
boredom. Finally, specific curiosity refers to a desire for information that resolves
specific gaps in knowledge, such as finding out the answer to a difficult riddle. In
my studies, the second study deals with word knowledge and is clearly in the
domain of epistemic curiosity. The first and third studies use visual stimulation
but likely involve both perceptual and epistemic curiosity, although I do not
consider the distinction between perceptual and epistemic curiosity to be of great
importance in my work. The intention is that all three studies investigate the
domain of specific curiosity. Diversive curiosity and boredom may play a role in
determining overall levels of information-seeking behavior in all three studies,
but cannot easily explain preference for specific pieces of information and is
therefore not the focus of this thesis.

Instrumental and non-instrumental information seeking

Theories on curiosity typically distinguish between information that has
instrumental value and information that does not (FitzGibbon et al., 2020; Kidd
& Hayden, 2015; Loewenstein, 1994; Oudeyer et al., 2016a; Ryan & Deci, 2000).
Information that is expected to be immediately useful in solving an assigned task
or lead to receiving rewards is considered to have instrumental value
(instrumental information). Information that is not expected to have any
immediate benefits has no instrumental value (non-instrumental information),
but can still be valuable because it leads to some improved state of knowledge, i.e.



knowledge is valued for its own sake. Thus, curiosity is commonly defined as a
desire for non-instrumental information. The intention is not to claim that
information-seeking motivated by curiosity can only generate knowledge that has
no immediate instrumental value, as that is essentially impossible to know before
the information is received. Rather, it is the subjective expectation that is
essential.

Consider a situation where a friend sends you an e-mail with the subject line
“Wow! You can’t believe what I found!” and you become curious enough to stop
what you are doing and open the e-mail. At best, you expect it to hold nothing
more useful than a funny picture of a cat. If it turns out that the e-mail contains
an amazing stock market tip and you swiftly turn this into a nice profit, this does
not change the fact that your expectation was to get non-instrumental
information. In practice, however, it is not easy to make this distinction between
instrumental and non-instrumental information, because there is no innate
conflict between needing information for solving a specific problem that is
extrinsically rewarding and simultaneously satisfying curiosity. Still, many
studies on curiosity take great care not to confound the two.

A common experimental paradigm is to use gambles with monetary or point
rewards, where the outcome uncertainty creates potential for curiosity (e.g.
Bennett et al., 2016; Kobayashi et al., 2019; van Lieshout et al., 2018). In these
tasks, participants are allowed to request information that reduces the
uncertainty about outcomes, without changing the probability of winning. For
example, in van Lieshout et al. (2018) on each trial participants could choose to
wait (3 — 6 seconds) to see the outcome of a gambling, but regardless of their
choice any winnings would be added to their point total and revealed at the end
of the experiment. Thus, the information dispelled uncertainty about a specific
trial, but did not have any effect on the total winnings. A study by Noordewier and
van Dijk (2017) found that people experienced higher degrees of discomfort and
frustration when exposed to longer periods of uncertainty, compared to shorter
periods. Offering earlier temporal reduction of uncertainty, as many of the studies
employing the gambling task do, is therefore a useful method of ensuring that
information is valued but non-instrumental.

A closely related distinction can be made between extrinsic and intrinsic
motivation. Simply stated, extrinsically motivated behavior is directed at
obtaining some form of reward from external sources. This involves some form
of outcome that is desirable such as gaining food or money, or that reduces the
risk of an aversive outcome such as avoiding punishment. Intrinsically motivated
behavior, on the other hand, is driven by internally generated values such as
enjoyment and pleasure (Ryan & Deci, 2000). Curiosity is normally considered a
powerful intrinsically motivating state for information seeking. The distinction is



not without its problems, however. Some evidence from neuroimaging studies
indicates an overlap in processing of intrinsic and extrinsic rewards (e.g. Gruber
et al., 2014; Jepma et al., 2012; Kang et al., 2009; van Lieshout et al., 2018). It is
presently unclear if, and how, extrinsic and intrinsic motivation is processed
differently in the brain.

Neural correlates of curiosity

A central idea in recent research on curiosity is that the brain assigns a reward
value to information, even when the information is not expected to lead to any
extrinsic reward (Gottlieb et al., 2013; Kang et al., 2009; Kidd & Hayden, 2015;
Loewenstein, 1994). This idea is borne out in several studies that include
neuroimaging with functional Magnetic Resonance Imaging (fMRI), which have
found activity in brain regions typically implicated in reward processing. In a
study that investigated curiosity for the answer to a diverse range of trivia
questions, Kang et al. (2009) found that activity in the caudate nucleus and the
inferior frontal gyrus was higher when participants were exposed to questions
that where rated as stimulating high amounts of curiosity, compared to low
curiosity. Gruber et al. (2014) also used trivia questions to elicit curiosity, and
found associations between curiosity ratings and activity in the nucleus
accumbens (NAc) and substantia nigra (SN). The brain activity patterns from
these studies were interpreted as support for the idea that curiosity reflects a state
of anticipation for information reward, although neither study found significant
effects of curiosity on activity in reward-related brain regions during the
presentation of trivia answers. Jepma et al. (2012) investigated perceptual
curiosity by presenting blurred or clear images to participants, with the reasoning
that blurred images would lead to higher curiosity. In this task, curiosity was
related to increased activity in the anterior cingulate cortex (ACC) and anterior
insular cortex, which the authors suggest are related to processing of aversive
experiences. Relief of curiosity, by revealing a clear version of the blurred images,
was associated with striatal activity in the caudate nucleus and NAc, and cortical
activity in the OFC and insular cortex.

Variations of the gambling task have been used to study brain activity related to
curiosity for uncertain rewards. In a study by van Lieshout et al. (2018), curiosity
ratings and the willingness to wait for information increased linearly with
outcome uncertainty. Here, the induction of curiosity was associated with activity
in the parietal cortex. The relief of curiosity was associated with higher activity in
the OFC, parietal cortex and insular cortex, but not with areas in the ventral
striatum. Thus, relief of both perceptual curiosity and curiosity about uncertain
rewards is associated with increased activity in the insular cortex and OFC
(Jepma et al., 2012; van Lieshout et al., 2018).



In a twist on the gambling task, Charpentier et al. (2018) allowed participants to
choose between two options: one with lower probability of seeing the outcome
(ignorance option) and one with higher probability (knowledge option). They
then manipulated the valence of gambles with a gain and loss condition. With this
design, it was possible to test if uncertain gains and losses are processed
differently in the brain, and how this relates to information-seeking. Behaviorally,
participants displayed an overall bias toward choosing the knowledge option in
both the gain and loss condition. Further, they displayed a stronger preference
for knowledge about gains and a stronger preference for ignorance about losses.
Neural activity in the mesolimbic reward pathway (specifically activity in NAc,
SN and the ventral tegmental area (VTA) were reported) was associated with
knowledge about gains specifically, while activity in the OFC was associated with
a preference for knowledge over ignorance regardless of gain or loss condition.
The authors suggest that the OFC signals opportunity for information, and that
the NAc integrates this information-signal with extrinsic reward value computed
by SN/VTA.

Lau et al. (2020) created a task where participants could win food or resolution
of curiosity (either answers to trivia questions or solutions to magic tricks) by
gambling, but losing a gamble would result in a small electric shock. Participants
were more likely to enter a gamble when the stimulus was reported to elicit high
amounts of curiosity, and when the probability of winning increased. Both
curiosity and the desire for food was associated with higher activity in NAc, ACC
and insular cortex. The decision to accept a gamble was associated with striatal
activity in NAc, caudate nucleus and SN/VTA, but also several medial regions.
Based on these findings, the authors suggest that similar brain mechanisms
compute the motivational value of information and food. Additionally, the role of
incentive salience in motivating information-seeking is discussed by Lau et al.
(2020).

Incentive salience is a core component of reward, together with pleasure (‘liking’)
and learning responses, and signals motivational value or ‘wanting’ of a reward
(Berridge, 2007; Berridge & Robinson, 1998). ‘Wanting’ something creates a
strong urge and approach behavior, but does not necessarily entail expectation
for a pleasure response. A good illustration of how ‘wanting’ and ‘liking’ differ is
to consider that some patients with Parkinson’s disease can have a compulsive
urge (‘wanting’) to overmedicate, even though their medication does not result in
any positive hedonic response (‘liking’) (Berridge, 2007). Litman (2005) also
proposed a theory of curiosity that included separate ‘wanting’ and ‘liking’
components, linking these concepts to feelings of deprivation and feelings of
interest, respectively. However, this theory has primarily influenced studies on



how individuals differ in trait-curiosity. If a state of curiosity can be characterized
as ‘wanting’ or having an urge for information, it is possible that curiosity is also
linked to impulsivity and the risk of causing distractions when engaged in other
goals. How curiosity can lead to distraction is a central question in the third study
reported in this thesis.

Taken together, the results from these neuroimaging studies implicate several
brain regions in the processing of information value and the decision to seek
information. Activity in both the ventral and dorsal striatum was linked to the
induction and relief of curiosity (Charpentier et al., 2018; Gruber et al., 2014;
Kang et al., 2009; Lau et al., 2020), and also to the desire for food (Lau et al.,
2020). Because striatum is considered to be a central part of reward-processing
in the brain (Berridge & Robinson, 1998), these findings from studies on curiosity
support the idea that information is rewarding. The OFC and ACC is also
implicated in several of the studies discussed here, and may be important for
signaling opportunities for information, conflict and aversive states (Charpentier
et al., 2018; Jepma et al., 2012; Lau et al., 2020; van Lieshout et al., 2018).

Still, the research on neural correlates of curiosity is a young field with relatively
few studies on humans, and there are some outstanding issues regarding the
interpretation and significance of the patterns of brain activation reported in
these studies. First of all, the range of experimental tasks used in these studies is
narrow, commonly employing versions of the gambling task or using trivia
questions, although Jepma et al. (2012) used blurred images. Because of this
narrow scope, it is possible that the results from brain imaging methods reflect
specifics of the tasks used rather than general mechanisms of curiosity. For
example, uncertainty about extrinsic reward outcomes and risky decision-making
in gambling tasks. Second, the activation patterns discussed here are diverse,
even between studies that used similar tasks. For example, striatal activity was
linked to curiosity in Charpentier et al. (2018) but not in van Lieshout et al. (2018)
even though both used a gambling task. This diversity of brain regions implicated
in curiosity, in conjunction with methodological issues such as not assessing the
hedonic aspect of information gain, makes it difficult to make robust conclusions
about the neural correlates of curiosity. Information seems to be assigned reward
value in brain computations, at least in the sense of making motivationally salient
(‘wanted’). However, if, and in which contexts, information has hedonic value
(‘liking’) is unclear.
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Curiosity in this thesis

Considering the dimensions of curiosity described above, the focus in this thesis
is to advance the understanding of how state-type curiosity is stimulated and
what effects being in a state of curiosity can have on learning outcomes and
motivation to seek information. While trait-type curiosity and individual
differences are important areas of research, particularly for applied efforts such
as educational interventions, they are not the focus of this thesis. I acknowledge,
however, that individual differences in how easily or strongly curiosity is
stimulated, and what domains they are interested in, can affect outcomes in
experimental tasks. This expectation for substantial individual differences has
played an important part in both the design of the experiments and the choice of
statistical analyses. To determine what computations that drive states of
curiosity, we must carefully measure the factors that we believe are part of the
computations at an individual level. Next, we need to manipulate these factors
from trial to trial, to observe how states of curiosity change. For example, in the
first study we base our computation of uncertainty on individual performance
measures and vary difficulty level across trials. In the second study, the
experiment begins with an extensive phase where we measure individual prior
word knowledge that then serves as an approximation of individual uncertainty
in later tasks. This effort is unfortunately rare in research on state curiosity and
is one of the major contributions of this thesis.

In this thesis, curiosity is operationalized in two ways: by means of curiosity
ratings and by means of information-seeking actions. Curiosity ratings are self-
reports that indicate how strongly curiosity is experienced in a specific situation
or relating to a specific stimulus. A strength of curiosity ratings is that they have
strong face-validity and help anchor the construct that is measured. If someone
claims to feel curious, we have little reason to doubt it. The assumption
underlying this reasoning is that the ratings accurately reflect the internal state
of curiosity. It is certainly possible to question this assumption — perhaps there
are subconscious states of curiosity that are not captured by self-reports?
Furthermore, individual participants may have different interpretations of the
term curiosity and one simple rating cannot fully capture such differences.
Examining these issues, however, is not within the scope of this thesis.

Information seeking actions are used as an indication of curiosity in all three
studies that are part of this thesis. An information seeking action is any action
where the goal is to gain information. In the first study reported in this thesis,
participants were able to request feedback on their per-trial performance in an
asteroid avoidance game. Here, requesting feedback is a good example of an
action that yields information and nothing else. Ensuring that the action cannot
satisfy any other motivation (e.g. resulting in monetary gains) allows the
experimental outcome to be more clearly interpreted, because we can avoid
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confounding situations where an action was performed for another reason than
the assumed one. It has to be kept in mind, however, that human behavior is often
more complex. Several reasons for performing an action may complement or
conflict with each other. For example, Kobayashi et al. (2019) found that humans
sought information both to reduce uncertainty and to enable savoring of an
upcoming reward. In the third study, I look at how curiosity interacts with other
motivations.

As discussed previously, the information retrieved by information seeking can be
instrumental in achieving some task other than improving knowledge. The
distinction between instrumental and non-instrumental information seeking is
rather difficult to ensure in any task. Kidd & Hayden (2015) argued that this
distinction should not be the focus of research efforts until information seeking
is better understood. While I believe that this is a good guideline, I decided in my
studies to keep information seeking as non-instrumental as possible by ensuring
that the given information cannot lead to any immediate task improvements or
other gains. In comparison with curiosity ratings, a limitation with
operationalizing curiosity as information seeking actions is that it lacks the
experiential factor and it is more difficult to ensure that the motivation behind
the action was really curiosity and not something else. A limitation with both
information seeking actions and curiosity ratings as the operationalization of
curiosity is that they offer little insight into any emotional experience that may
accompany curiosity.

To summarize, for the purpose of this thesis I define curiosity as a transient state
which incentivizes information seeking to improve a knowledge state without the
need for extrinsic reward. In my studies, curiosity may be expressed as either self-
reported curiosity or as information seeking behavior. Thus, individual trait-type
differences and deep investigations of the subjective experiential or emotional
component of curiosity is not the focus of my work.

Measures of information and uncertainty

One way to approach the question of what information we become curious about
is to look at different measures that are used to approximate the internal
assessment of information and uncertainty. A popular method in current
curiosity research is to pose trivia questions and ask individuals to state their
confidence with respect to knowing the answer. Studies using this method often
find an association between confidence and curiosity in which curiosity is highest
at a medium confidence level and tapers off at both low and high levels (Baranes
et al., 2015; Kang et al., 2009), which is in line with some theories of curiosity
(Berlyne, 1960; Loewenstein, 1994). An issue with this conceptualization is that
low confidence may either reflect genuine uncertainty about the quality of a
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hypothesis, or a difficulty with decoding the question itself. Perhaps best
exemplified with a question posed in unfamiliar languages. The value of learning
that the Icelandic word ‘forvitinn’ has the same meaning as the Welsh word
‘chwilfrydig’ is likely low for those who do not speak either of those languages.

Another useful method when studying what drives curiosity is to create a
situation in which the objective probabilities of different outcomes are known.
Under the assumption that the individual can internalize these probabilities, we
can make predictions about how curiosity is affected when the probabilities are
manipulated. One way to accomplish this is using the previously discussed
method of setting up gambles with known probabilities of winning. Participants
then get the choice to pay a price (e.g. by imposing a time delay or lowering the
expected reward payout) to gain information about the outcomes of the gambles
(Bennett et al., 2016; Kobayashi et al., 2019; van Lieshout et al., 2018). Crucially,
the information available to participants in tasks of this kind is non-instrumental
and cannot directly influence the reward rate.

Berlyne (1957b; 1960) suggested using information-theoretic measures to
quantify collative properties of stimuli. Berlyne (1957a) tested this suggestion
conceptually by varying the complexity of visual stimuli in a systematic manner,
but not using actual information-theoretic methods to quantify uncertainty. A few
later studies have applied such information-theoretic measures on data from
gambling tasks (e.g. Bennett et al., 2016; Kobayashi et al., 2019; van Lieshout et
al.,, 2018) and found linear relationships with self-reports of curiosity or
information seeking behaviors.

When a probability distribution over several possible outcomes or hypotheses can
be estimated, methods from Information theory (Shannon, 1948) can be used to
quantify the amount of uncertainty present in the situation. In the context of
gambles, a common measure of uncertainty is the entropy of the outcome
distribution. In the case of a discrete gambling, i.e. a gambling with a countable
number of possible outcomes, the entropy H of the information source is
computed by equation 1:

Hy == P+ log, P(x), (1)

where X is the set of possible outcomes and P(x;) is the probability that the i-th
outcome will be realized. When using the base-2 logarithm, H is expressed in
terms of bits of information. Note that H is only defined for values where 1 > P(x;)
> 0. In the special case where observations give information that completely
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removes all uncertainty the expected information gain, IG of an observation is
equal to H. Observing a win or loss in a trial of a gambling experiment is an
example of this special case. The participant is uncertainty about the outcome of
a trial and the given information removes this uncertainty completely.

To illustrate this, imagine that you repeatedly play a jelly bean gambling with two
possible outcomes, you get a jelly bean (win) or you get nothing (loss). The chance
of winning is a fixed probability for every play of the gambling P(win). For fun,
you also try to predict if you will win or lose before each play. If you know that the
probability of winning or losing is extremely high, say P(win) = .999, you will
predict a win on every play and be right 999 times out of 1000. In this case,
observing the outcome of a play gives you very little information (only 0.0114 bits)
because you already believe that you have predicted the correct outcome with very
high accuracy. This is also true for the case where the probability of winning is
extremely low, P(win) = .001, but you’ll have fewer jelly beans to help you get
through the boredom of making these obvious predictions. Now consider a
gambling where P(win) = .5. Correctly predicting the outcome is quite difficult
and you will only perform at chance level. In this case, observing the outcome of
a play gives you the maximum amount of information, 1 bit possible for a
gambling with only two outcomes. Figure 1 illustrates how H changes according
to an inverted-U shaped function, with the probability of winning for a gambling
with two discrete outcomes.

Studies using information-theoretic measures of uncertainty sometimes rely on
the assumption that the objective probabilities presented in an experimental task
can serve as an approximation of subjective uncertainty. This is likely acceptable
for gambles, as evidenced by the success of these setups in explaining information
seeking (Bennett et al., 2016; van Lieshout et al., 2018), but this is merely one of
many domains in which humans express curiosity. It is presently unclear what
role uncertainty fills in knowledge-based domains like in the trivia question
paradigm. Further, the presence of extrinsic reward as the object of curiosity may
confound the issue. While the information presented in the gambling paradigm
cannot be used to improve reward outcomes, this is perhaps a special case of
reward learning. In many situations, perhaps most, information about the
reward-generating process is in fact instrumental in improving reward rates, e.g.
as seen in the k-armed bandit task (Kidd & Hayden, 2015). We cannot rule out
that what occurs in the gambling paradigm is actually a mistaken attempt at
gathering instrumental information with the purpose of increasing reward rate.
Widening the repertoire of experimental tasks and measures of subjective
uncertainty is an important contribution of the research summarized in this
thesis.
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Figure 1

Entropy as a function of the probability of winning in a gambling with two
discrete outcomes.
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Theoretical frameworks

Information gaps

An intricate aspect of curiosity is that being held in a state of uncertainty, where
attention is focused on some knowledge that is missing, can be aversive. Yet,
humans actively seek these situations out for entertainment. This apparent
contradiction has been a longstanding point of debate in the psychology of
curiosity (Loewenstein, 1994). One influential theory on curiosity, Loewenstein’s
Information Gap theory (1994), attempts to reconcile the different predictions
from drive-based and optimal arousal theories. Briefly, drive-based theories of
curiosity suggest that curiosity is an innate drive similar to that of hunger, but
with information as the target. Curiosity is considered to be the drive to reduce
aversive high arousal states following some stimulation. The stimulation required
to initiate curiosity in drive-based theories is often considered to be attributes of
external stimulation, such as novelty, complexity and incongruency (Berlyne,
1954). A problem with drive-based curiosity is that it cannot account for agents
that voluntarily seek out situations of uncertainty where curiosity could arise
(Loewenstein, 1994). In contrast, theories that incorporate optimal arousal as a
key component claim that agents find medium levels of arousal more pleasurable
than low or high levels, and strive to maintain this optimal level of arousal
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(Berlyne, 1960). A problem with this conceptualization is that it struggles to
explain why people attempt to resolve their curiosity, if curiosity is indeed a
pleasurable state to maintain (Loewenstein, 1994).

To combat these issues with earlier theories, Loewenstein (1994) suggested that
curiosity is a state of deprivation, stimulated when attention is focused on gaps in
knowledge, information gaps. Such gaps are the result of some process where an
individual realizes that the current state of knowledge is less than some desired
state, what Loewenstein called the reference point. Curiosity therefore motivates
information seeking with the goal of bridging the information gap between a
current state of knowledge and the reference point, and removing the feeling of
deprivation that results from perceiving the information gap. To explain why
individuals sometimes seek out situations where knowledge gaps are likely to
occur, Loewenstein stipulated that satisfying curiosity is pleasurable. The
pleasure derived from satisfying curiosity explains why individuals sometimes
seek out curiosity. An individual should be more willing to engage in activities
that can elicit curiosity if the satisfaction of curiosity is highly likely, compared to
an activity where satisfaction is less likely.

A feature of the Information gap theory (Loewenstein, 1994) is that it requires a
forecast on the quantity of the information that is craved. An individual should
prefer (increased intensity of the desire for) information that promises to
elucidate the entire information gap compared to partial solutions, and
information that dispels large information gaps compared to smaller. Further,
Loewenstein suggest that curiosity should be related to one’s prior knowledge in
an area. Someone with little prior knowledge about a specific situation is unlikely
to realize the potential larger state of knowledge that could be achieved,
compared to a knowledgeable individual who is more likely to know what is not
known. Thus, there is some point on the knowledge scale where a shift in the
reference point occurs. This shifting point results in an inverted-U shaped
function of curiosity dependent on knowledge, with curiosity being the most
intense at levels of medium knowledge. Some studies have indeed found this
relationship when knowledge is operationalized as confidence ratings (Baranes et
al., 2015; Kang et al., 2009). As discussed previously, however, low confidence
can reflect qualitatively different states of knowledge. It is therefore difficult to
make clear predictions of where the point of optimal intensity should fall based
on the qualitative description from Information gap theory.
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Learning progress

A more recent proposal for the mechanism behind curiosity is the Learning
Progress theory (Gottlieb & Oudeyer, 2018; Oudeyer et al., 2016). This framework
suggests that curiosity is operating on an internal forecast on learning
opportunities in the surroundings. Information sources that promise rapid
learning gains are more likely to attract attention compared to sources with slow
or no learning. Crucially, this framework rests on the assumption that sources of
information can be engaged with repeatedly, to be able to form a prognosis on
learning progress. This type of learning can be framed as parameter learning, in
that it updates some internal estimation of skill or incrementally improves
abilities. Unfortunately this framework has been subjected to little empirical
testing on humans, although it has had success as a model for robotic learning.
Another issue is that it can at best be considered a partial model for curiosity, as
it gives little insight on how information seeking works in contexts where
repeated activity is impossible, such as cliffhangers in episodes of TV-shows. Still,
it is an interesting framework for explaining prolonged learning activities such as
skill learning or updating metacognitive parameters.
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Aims and contributions

The overarching aim with the research project presented in this thesis is to
examine the computational role of cognitive uncertainty in signaling learning
opportunities and driving curiosity. The computational mechanisms of curiosity
are tested by applying information theoretic concepts of uncertainty and
information gain on individually measured quantities. We test predictions from
two theories on curiosity, the Information Gap theory (Loewenstein, 1994) and
the Learning Progress hypothesis (Gottlieb et al., 2013; Gottlieb & Oudeyer, 2018;
Oudeyer et al., 2016) and contrast this with an alternative mechanism based on
resolving episodic uncertainty. The effects of curiosity on learning also plays a
central role in each study.

Study I

In the first study, we test an information theoretic model of information seeking
based on individual performance measures. We compare an existing theory, the
Learning Progress hypothesis (Gottlieb & Oudeyer, 2018; Oudeyer et al., 2016),
to a novel proposal that curiosity may reflect a simpler desire to close uncertainty
about episodic events.

This study contributes to our understanding of the computational mechanisms
that drive information-seeking, by showing that a desire to close episodic gaps
can explain maintained information-seeking.

Study IT

Here we examine the relationship between uncertainty, curiosity and satisfaction.
A current explanation of curiosity is a drive for learning because information is
intrinsically rewarding. We contrast this with the possibility that uncertainty is
aversive and that curiosity may be better understood as a drive for achieving
stable knowledge states rather than learning per se. In this study, we also examine
the effect of uncertainty and curiosity on memory encoding.

A main contribution of this study is that feedback-related satisfaction had

negative associations with learning, indicating that the learning resulting from
curiosity may not be pleasurable as the Information Gap theory suggests.
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Study IIT

In the final study, we investigate how curiosity, the intrinsic motivation for
information-seeking, integrates with extrinsic reward goals. Can curiosity
improve, or distract from, extrinsic task performance? We test if the finding that
curiosity can enhance memory encoding (Gruber & Ranganath, 2019; Kang et al.,
2009) also holds for learning a in two-armed bandit task. We accomplish this by
aligning task-irrelevant curiosity with or against performance in a two-armed
bandit task.

This study shows that the motivational value from curiosity can integrate with
extrinsic task goals to improve or distract from performance.
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Summary of empirical studies

Study I: Episodic curiosity for avoiding asteroids: Per-trial
information gain for choice outcomes drive information
seeking

Linus Holm, Gustaf Wadenholt & Paul Schrater

Material from: 'Linus Holm et al., Episodic curiosity for avoiding asteroids: Per-
trial information gain for choice outcomes drive information seeking, Scientific
Reports, published 2019, Springer Nature'

Current theories on curiosity propose that gaining information is intrinsically
rewarding and that closing information gaps, motivates information seeking
actions and leads to learning (Loewenstein, 1994). Yet, in any given situation
there may be several sources of uncertainty present that offer learning
opportunities and it is presently unclear which learning goals underpin curiosity.
The Learning Progress hypothesis (LP) proposes that information seeking is
primarily motivated by learning opportunities that lead to progressive
improvements in a skill or generalizable knowledge (Gottlieb & Oudeyer, 2018;
Oudeyer et al.,, 2016). Thus, information seeking that does not yield skill
improvements should quickly abate. We propose that another type of information
gap that may motivate information seeking is uncertainty about the outcome of
some immediate episode. We call this motivation to know what transpired
Episodic Curiosity (EC). These two types of learning goals may coexist, but should
lead to different patterns of information seeking. On the LP account, information
seeking should diminish over time as skill improvements taper off. In contrast,
EC predicts that information seeking should persist as long as outcome
uncertainty remains high.

Aims

The aim of this study was to test if the Learning Progress hypothesis and Episodic
Curiosity accounts can predict information seeking in a visual discrimination task
disguised as an asteroid avoidance game.

1. Information seeking motivated by skill improvement (LP) should
manifest as a time series effect with higher initial information seeking
that decreases over trials.

2. Information seeking motivated by outcome uncertainty (EC) should
manifest as a linear relationship between outcome uncertainty and rate
of information seeking, such that the most difficult trials are most likely
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to motivate information seeking. This effect should be stable across the
entire experiment.

Method

Participants
Forty-three participants (20 females, age 19 — 42, M = 26.1) were recruited
through Umed University campus advertisements and were reimbursed 99 SEK.

Materials

The computerized task was created using Matlab R2010b with Psychtoolbox
(Kleiner et al., 2007) and presented on a LCD screen with a 1920 x 1080
resolution. An EyeLink 1000 was used to track participants’ eye movements.

On each trial, the stimulus consisted of one asteroid traveling a short distance
from the top of the screen towards the bottom, and slightly to the left or right side.
Asteroids came in ten difficulty levels, corresponding to their angular deviation
from the vertical midline of the screen (0.005 to 0.180 radians). The angular
deviation of asteroids was the only independent variable in the experiment. Each
asteroid was color and texture coded to allow participants to discriminate
between them quickly.

Procedure

At the beginning of each trial, a brief (200 ms) flare was presented to alert the
participant to the incoming asteroid. Next, the asteroid traveled across the screen
for 400 ms before disappearing and then a steering decision was made.
Participants were instructed to steer the ship in the opposite direction of the
asteroid, i.e. press the left arrow if the asteroid traveled right, and press the right
arrow if the asteroid traveled left. After the steering decision was made, feedback
could be requested by fixating the gaze on the cockpit at the bottom of the screen.
The eye tracking camera would pick up on this fixation and signal if feedback was
requested. Whenever feedback was requested, the game paused for one second
and flashed either a green color to indicate that the correct steering decision was
made, or a red color to indicate that the wrong decision was made. A trial lasted
for two seconds and an additional second if feedback was requested. In total each
participant performed eight blocks of 100 trials, with a short break in between.
Asteroid trajectories occurred in randomized order within each block and
repeated ten times each, evenly split over left- and right-traveling asteroids. In
case of a missed steering decision, the same asteroid would appear again at the
end of the block. See figure 2 for a flowchart of a trial.
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Figure 2

Trial flowchart.

Trial start

Steering
decision

Feedback

700 - 1,999ms or next trial
2,000 ms

Note. Participants were given a two alternative forced choice visual
discrimination task, presented as a simple computer game with the objective
of steering a spaceship away from approaching asteroids, which expanded in
size over time. After watching the asteroid appear and travel towards the
cockpit for 400ms, the asteroid disappeared and participants indicated where
they wanted to steer the ship (left or right) to avoid collision, and
subsequently, whether to request feedback in the form of steering decision
outcome. Both responses were made within a 1300ms deadline. Asteroid size
increased for illustrative purposes here.

Results

Time series effects

To assess performance improvement over time (figure 3A) we conducted a
repeated measures ANOVA on the proportion of correct responses in each block,
indicating a statistically significant performance improvement over blocks, F(7)
= 4.85, p < .001 (Greenhouse-Geisser corrected), n2 = 0.103. Contrast analysis
showed that the difference is primarily found between the first block and the last
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block, F(1) = 9.55, p < .001 (Greenhouse-Geisser corrected). The same analysis
was then performed on the rate of feedback requests, but no significant difference
was found, F(7) = 2.25, p = .09. To assess the relationship between performance
improvements and feedback requests, for each block we computed a learning rate
quantity based on the derivative of performance (see study I, Holm et al. (2019)
for details) and divide by the proportion of feedback requests. As figure 3B
illustrates, there was a sharp decrease in feedback related learning after the first
block of 100 trials.

Figure 3

Performance and feedback requests across trials and learning rate per
feedback request.
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Note. A) Average performance and proportion feedback requests as a function
of trial block. Each block is 100 trials. Error bars are 95% CI. B) See study I
for details on how learning rate was computed.

Uncertainty predicts information seeking

We quantified subjective uncertainty, at the individual level, as the Shannon
entropy, H over proportion correct steering decisions P, on each asteroid
trajectory, x. Because participants received full feedback that left no room for
uncertainty about the trial outcome, we assumed that expected information gain,
IG equaled H in this task:

1G, = —P xlog,(P) — (1 —P) *log,(1 — P)

Because we noticed substantial individual differences in performance and
feedback rates, we performed a linear mixed effects regression model with
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individual as the random effect grouping, to assess the relationship between
feedback choices and information. A likelihood ratio test indicate significant
linear fit compared to a null model with no fixed effects, x2(1, N = 43) = 23.56, p
< .001. The fixed effects parameters suggest that, at the aggregate level, our
participants gained B, + . = 0.12 + 0.28 bits/second invested on feedback
requests. Results from the linear mixed effects-regression and a linear regression
of aggregate feedback proportion and information gain are displayed in figure 4.

Figure 4

Results from regression analysis of proportion feedback choices on
information gain, per difficulty level.
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Note. Dotted line: fixed effects from mixed effects regression-analysis. Solid
line: linear regression analysis of aggregated feedback and information gain.

Conclusion

We conclude that the Episodic Curiosity account best explained our data, based
on the strong linear relationship between uncertainty and information seeking.
Unlike the predictions made by the Learning Progress hypothesis, we observed
no significant changes in information seeking across trials, nor any clear
feedback-related learning past the first block of trials. However, some learning
was evident in the initial block of trials, which leaves room for a combination of
both explanations. In the initial trials, information seeking actions served both
the goal of skill improvement and closing episodic gaps. We show that a simple
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mechanism based on subjective uncertainty about the outcome of immediate
episodes is sufficient to motivate information seeking.

Study II: A desire for painful truths: Vocabulary uncertainty
drives epistemic curiosity and information seeking, but
learning the answer is dissatisfying

Linus Holm, Gustaf Wadenholt & Paul Schrater

In this study we examine the idea that curiosity is the motivation to seek out
satisfying learning rewards. In curiosity research, it is commonly maintained that
learning is intrinsically rewarding. Behavioral studies show that humans are
willing to sacrifice extrinsic reward to learn non-instrumental information
(Baranes et al., 2015; Kobayashi et al., 2019; Marvin & Shohamy, 2016). Also,
evidence from brain imaging studies implicate neural structures commonly
associated with the processing of extrinsic rewards (Blanchard et al., 2015;
Bromberg-Martin & Hikosaka, 2011; Kang et al., 2009; Kobayashi & Hsu, 2019).
Expected learning rewards increase with uncertainty, but uncertainty also
increases the probability of being wrong and being wrong is unlikely to be
satisfying. An alternative interpretation is that uncertainty is aversive and what
is sought through curiosity is relief from an aversive state rather than a hedonic
drive for anticipated reward. Thus, curiosity can be reframed as a motivation for
reaching a state of knowing rather than the motivation to have learning
experiences.

Aims

We investigate the relationship between uncertainty, curiosity and learning
satisfaction in a vocabulary test. If learning rewards scale with uncertainty and
learning is satisfying, then satisfaction should be proportional to uncertainty. An
alternative prediction is that curiosity reflects uncertainty aversion, in which case
satisfaction should be inversely proportional to uncertainty.

Method

Participants

We recruited 91 participants (64 female, age 18 — 61, M = 27.5) through
advertisements on Umed University campus. Because the vocabulary items used
in the test were in Swedish, fluent Swedish was a requirement for participation
and all advertisements were in Swedish. Each participant completed three
sessions on different days, and received 99 SEK for each completed session.
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Materials and stimulus

The Swedish scholastic aptitude test, SweSAT, contains a vocabulary test
consisting of a target word or expression and five alternatives (5AFC), of which
one is a proper synonym. The task in this test is to select the alternative that is
synonymous to the target word. We extracted 160 of these multiple-choice
questions from a larger set of 429 questions, using response distributions from
test takers in the original tests to ensure our questions had a wide range of
difficulty. In the SweSAT, test takers have roughly 22.5 seconds to respond to
each item. See figure 5 for a schematic of the stimulus used and the experimental
procedure.

All three experimental sessions were computerized using Matlab R2010b with
Psychtoolbox (Kleiner et al., 2007).

Procedure

Day 1. In the first session, we divided the 160 5AFC items into 800 target-
alternative word pairs. Thus, each target word was presented five times, but
paired with a different alternative on each trial. Participants were instructed to
rate how similar in meaning the words were, on a scale from o (dissimilar) to 100
(identical). The items were presented in randomized order, and participants had
5 seconds to respond. In the event of a time out, the word pair cycled back to the
end of the list forcing 800 ratings from each participant.

At the end of the task, we asked that they did not look up any word from the test
until after completing the three sessions.

Day 2. In the second session, we split the 160 5AFC items into two lists based on

entropy calculated from the synonymy ratings on the previous session. First, we
normalized the ratings according to:

p(x;) =x*(1— maX(P(X)) + max(P(X) * p(x;)

where P(X) is the distribution of synonymy ratings and x is the mean of the
distribution. And then we computed the Shannon entropy, H

Hy = = ) Pxlogy(P(x)

Note that because information requests were designed to give full information,
we assume that the expected information gain is equal to the Shannon entropy of
the synonymy distribution.
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The lists were individually matched to be as similar as possible in the distribution
of difficulty. Then, two different tasks were performed in counter-balanced order
across participants.

Figure 5

Vocabulary experiment design.
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Note. Although the item Entrenched is shown in both the Curiosity rating
and Information seeking condition in this image, each 5AFC item was only
present in one condition on Day 2.

Condition 1 — Curiosity ratings. On each trial, a 5AFC item was presented and
participants were asked to select the alternative most similar in meaning to the
target word, with a time limit of seven seconds. Then, they rated how curious they
were to see the correct answer, on a scale from o (not at all) to 100 (very curious).
After two seconds, the correct answer was presented. Finally, participants rated
how satisfied they felt after learning the correct answer, on a scale from o
(unsatisfied) to 100 (satisfied). The question for the satisfaction rating was “How
satisfied were you with the answer?” (translated from Swedish: “Hur néjd var du
med svaret?”).
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Condition 2 — Information-seeking. This task was identical to the curiosity
ratings task until participants had made the 5AFC choice. At this point, we
presented a choice between spending six seconds viewing the correct answer
(paying a time cost) or skipping to the next trial without learning the correct
answer.

Day 3. In the final session, participants completed a surprise synonymy test with
the 160 5AFC items. Participants indicated which of the five alternatives was most
similar in meaning to the target word, and at the end of the test estimated how
many percent correct guesses they had made.

Figure 6

Satisfaction as a_function of expected information gain
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Note. Left panel shows satisfaction ratings as a function of expected
information gain across items. The distribution suggests diminishing
satisfaction with information gain. The middle panel shows satisfaction as a
function of correct (blue dots) and incorrect (red dots) initial synonymy
guesses. As seen, being correct or incorrect largely determines the information
satisfaction ratings. The right panel shows estimated information satisfaction
based on individual participant average satisfaction rating for correct and
incorrect according to the satisfaction utility function. As seen, the second
order polynomial fit to individual estimates (implied strings of dots) suggest
decreasing satisfaction with information at the individual by item level.

Results

Performance in the 5AFC task improved between Day 2 and Day 3 for items in
both the curiosity rating condition (M, = .66 to M; = .82) and the information-
seeking condition (M. = .66 to M; = .81). Interestingly, our participants displayed
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highly calibrated metacognition for when to seek information. When information
was requested performance improved from M. = .55 to M; = .81, compared to no
change when information was not requested (M. & 5 = .79). Thus, even though
participants learned the answer to every item in the curiosity rating condition and
only learned the answer to self-selected items in the information-seeking
condition, they were able to achieve comparable performance on Day 3.

Figure 7

Correlations between variables at the by-item level.

Curiosity rating

Exp. infogain

Fb. request

p. improvement

p. correct t1

Note. Exp. infogain = expected information gain, Fb. request = feedback
requests, p. improvement = performance improvement from Day 2 to Day 3,
p. correct t1 = performance rate at Day 2. All variables are aggregated across
items to allow for between-condition comparisons.

Figure 6 shows the relationship between expected information gain and
satisfaction. As seen in the middle panel, the variation in satisfaction is mainly
driven by correct and incorrect guesses, and to a smaller extent information gain.
Figure 7 shows correlations between all variables at the by-item level. With
increasing information gain, participants should expect to perform worse and feel
less satisfied, yet they seek information proportional to information gain. To
illustrate the relationship between information gain and satisfaction more
clearly, we compute an expected satisfaction utility function:
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Us(D) =p(c =1[0) *Sc=1 + (1 —plc= 1|i)) * Sc=0

Where the expected satisfaction utility, Us is dependent on the probability p of
answering correct (c=1) given expected information gain, i and s is the by-
participant averaged satisfaction rating for correct and incorrect guesses. As seen
in the right panel of figure 6, most participants expect less satisfaction as a
function of increasing information gain.

Conclusions

Our participants displayed a high degree of metacognitive calibration as they
were able to selectively seek information to improve their performance in the
information-seeking condition to the same level as in the curiosity rating
condition, where the answer was always given. Perhaps surprisingly, we also
found negative associations between satisfaction and all other measures except
for performance at Day 2, which had a strong positive correlation with
satisfaction. The negative association between satisfaction and performance
improvement is contrary to expectations if learning is intrinsically rewarding and
pleasurable. An alternative interpretation is that uncertainty is aversive and
learning unsatisfactory because it points to a flawed knowledge state. Curiosity
can then be formulated as the motivation to seek relief from uncertainty by
reaching a state of knowing, rather than learning.

Study III: Attraction and distraction by task-irrelevant
curiosity in a two-armed bandit

Gustaf Wadenholt, Ronald van den Berg & Linus Holm

Curiosity motivates behavior with the goal of retrieving knowledge, in the absence
of extrinsic rewards. As a separate motivation, it should be possible to align
curiosity with — or against — the motivation to accomplish other goals, but this
aspect of curiosity has received little attention in the curiosity literature. Further,
previous studies have found enhanced encoding of information that is the target
of curiosity (Kang et al., 2009), but also for coincidental information presented
during states of increased curiosity (Gruber et al., 2014). In the k-armed bandit
paradigm, participants are asked to choose between two gambles with unknown
reward rates. Optimal performance in this task requires an exploration phase
where both bandit options are tested, to identify which bandit is the most
profitable (Lee et al., 2011). In this study, we examine if it is possible to leverage
the motivational and memory-enhancing effects of curiosity to improve both
learning rate and overall choice performance in a two-armed bandit task with
time penalties as the extrinsic reward. We also test the inverse situation, where
curiosity is working against the goal of accruing extrinsic reward.
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Aim
The purpose of this study was to test

1 if task-irrelevant curiosity can increase the perceived value of bandit
options, and

2 ifthisincrease is different depending on whether curiosity is aligned with
or against the faster bandit option.

3  if learning rate is affected by the addition of task-irrelevant curiosity to
the bandit task.

Method

Participants

151 participants (99 male, age Mdn = 28, IQR = 14) were recruited through the
scientific crowdsourcing platform Prolific.co and reimbursed $4.70 for an
estimated completion time of 35 minutes. The study was conducted online,
meaning that participants performed the experiment task on their own computer.

We excluded 14 participants from the analysis based on unrealistically low
response times (Mdn < 500 ms), suggesting low quality data submissions. An
additional g participants were excluded from the analysis due to extreme choice
behaviors with <10 of the most rare bandit choice, because logistic regression
analysis can be sensitive to rare events (Peduzzi et al., 1996). In total, 128
participants were included in the analysis, with 40, 44 and 44 in the neutral,
aligned and misaligned conditions, respectively.

Materials and stimulus

The experiment was implemented with PsychoPy3 and the accompanying
JavaScript plugin, PsychoJS (Peirce et al., 2019). The website Pavlovia.org was
used to host the experiment.

A set of 200 color images, 400x600 pixels, depicting various scenes and objects,
previously used by (Frojd, 2019) were put through a masking procedure using
Voronoi tessellation (see figure 8 for example image).

Procedure

The experiment consisted of two stages: a curiosity rating task and a two-armed
bandit task. A brief questionnaire was added at the end of the experiment for
purposes not related to this study.

Curiosity ratings. First, participants were asked to give curiosity ratings for the
set of 200 masked images. Images were presented, in randomized order, in the
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middle of the screen with a rating scale beneath, ranging from o (not at all
curious) to 100 (very curious).

Images were then ordered from lowest to highest curiosity and divided into one

list of the 100 lowest rated images and one of the 100 highest rated images. In the
neutral condition, 100 random images were selected.

Figure 8

Design of Curiosity rating and Two-armed bandit tasks

» Delay
oo 0.2s/5s
Select left or right bandit
0 100
Rate your curiosity

Note. A) Participants made curiosity ratings for each of 200 masked images
on a scale from 0 to 100. B) Two-armed bandit task. On each trial we
presented a choice between two bandits, represented by two different masked
images. After choosing, a 5 second delay may occur with a fixed probability of
66% for one bandit and 33% for the other. Then, the chosen image is revealed
and can be viewed freely. In the aligned condition, the faster bandit was
represented by images with higher curiosity ratings compared to the slower
bandit. In the misaligned condition, the higher rated image was placed on the
slower bandit. Finally, in the neutral condition, the same image was placed on
both bandits.

Two-armed bandit. In the main part of the experiment, two masked images were
presented side by side, each representing a bandit option that could be selected.
The probability of time penalty (five seconds long) was .33 and .66, but which
bandit was faster depended on the experiment condition. Participants were only
instructed that the left and right bandits had different probability of causing a
time penalty, and that they should attempt to select the fastest bandit. After the
bandit choice was made, the outcome of the bandit was presented (i.e. time
penalty or not) and then the selected image was revealed without masking. See
figure 8 for a schematic overview of the curiosity ratings task and the two-armed
bandit task.
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We utilized a between-subjects design. Each participant played the bandit in one
of three possible conditions. In the neutral condition, one randomly drawn image
was placed on both bandits. Thus, curiosity could not influence choice either way.
In the aligned condition, the faster bandit was represented by a randomly drawn
image from the high curiosity list, and the slower bandit was represented by a
random image from the low curiosity list. In this condition, curiosity should
improve the value of the faster option relative to the slower option. Finally, in the
misaligned condition the faster bandit was represented with a low curiosity image
and the slower bandit by a high curiosity image. Meaning that curiosity should
improve the value of the slower bandit relative to the faster bandit.

Finally, at the end of the bandit task the two bandits were represented by empty
squares and participants were asked to indicate which side was less likely to give
a time penalty, i.e. faster. Then they indicated how confident they were that the
faster bandit was correctly identified, on a scale ranging from o (not certain) to
100 (certain).

Results

To determine if there was any effect of task-irrelevant curiosity on bandit
performance and the speed of bandit learning, we fit a logistic mixed effects
regression model with Bayesian estimation, using the brms package in R (v 4.0.3)
with bandit choice as the dependent variable and by-individual grouping for
random effects. A mixed effects model was used because of substantial individual
differences in choice behavior.

The predictor variables included in the model were 1) Trial, 2) Condition (with
neutral as baseline), 3) Curiosity difference (rating difference between the two
masked images) and 4) an interaction term between Condition and Trial. Trial
and Curiosity difference were scaled to values between -.5 and .5 to facilitate the
fitting procedure. For parameter estimates, evidence ratios (ER) were computed
using the hypothesis function from brms, and give the ratio of the evidence in
favor of the hypothesis (based on posterior probability).

The logistic regression model indicates a reliable effect of trial. As the experiment
progressed, participants in all conditions learned which option was faster and
selected it at a higher rate, OR = 2.19, 95% Crl = [1.42 — 3.37] with a ER > 100.
Curiosity difference had a smaller but still reliable effect. Participants in the
aligned and misaligned conditions were, at any given trial, more likely to select
the high curiosity image, OR = 1.74, 95% Crl = [0.94 — 3.12], ER = 25.04.

Compared to the neutral condition, participants in the aligned condition reliably
selected the faster bandit more frequently, indicating better performance, OR =
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1.52,95% Crl = [1.07 — 2.19], ER > 100. In contrast, participants in the misaligned
condition reliably performed worse, OR = .78, 95% Crl = [0.55 — 1.12], ER >
27.74. Figure 9A shows model predictions for fast bandit choice across trials, split
by condition.

We found no reliable interaction between Condition and Trial, suggesting that
participants learned at the same rate in all three conditions. Aligned, OR = 1.00,
95% Crl = [0.54 — 1.86], ER = 5.06. Misaligned, OR = 0.91, 95% CrI = [0.50 —
1.68], ER = 4.75. This is further supported by a one-way Bayesian ANOVA of the
post-test confidence ratings, suggesting no reliable difference in confidence
between conditions, BFo; = 4.23. See figure 9B.

Figure 9

Results from the Bandit task
A B
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Trial
Note. A) Model predictions. Change in conditional probability of selecting the
fast bandit over trials, split by condition. B) Mean confidence ratings by
condition. Error bars indicate 95% Credible interval.

Conclusions

Based on the above results, we conclude that task-irrelevant curiosity integrated
with the value of the bandits and distracted participants from maximizing
extrinsic reward (avoiding time penalties) in the misaligned condition, and
facilitated performance in the aligned condition. This is in line with studies that
have found a common neural code for information and extrinsic reward value,
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but the potential distractive power of curiosity has received very little attention
in the literature on curiosity. Contrary to expectations, we found no effect of
curiosity on learning rates nor on post-test confidence in either condition. This
suggests that curiosity may not improve learning in all contexts. Different brain
regions have been implicated in the type of parameter learning required for
tracking reward-changes in a bandit task and curiosity related memory-
enhancing effects.
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Discussion

Summary

Curiosity fills a central role in preparing humans and animals for challenges to
come. It stimulates the creation of new knowledge, technology and
entertainment. Yet, the fundamental principles and computations of curiosity
remain elusive and it has received relatively little scientific attention. The aim of
this thesis project was to examine the computational mechanisms behind
curiosity, by using information theoretic concepts to quantify subjective
uncertainty and relate it to information seeking and learning outcomes.

The functional shape of curiosity

In the two studies (1 and 2) that examined the relationship between expected
information gain and information seeking or curiosity ratings, we found evidence
for monotonically increasing rates of information seeking as a function of
uncertainty. This goes against the inverted-U function account predicted by the
Information Gap theory (Loewenstein, 1994) and that has been observed in
empirical studies using confidence as a predictor for curiosity about trivia
questions (Baranes et al., 2015; Kang et al., 2009). Of course, confidence and
uncertainty, as used here, are different constructs. Confidence expresses strength
of self-belief in relation to some statement, e.g. ‘I know the answer to this
question’. Uncertainty, on the other hand, describes the level of conflict over some
belief distribution. Because of this, different outcomes are not surprising. We can
illustrate this by considering how low confidence statements can reflect different
internal states.

First, a situation with low confidence should arise when similar levels of belief
probability is assigned to several hypotheses, leading to high uncertainty about
which hypothesis is correct. In the context of the trivia paradigm, information
seeking actions in this case of low confidence yield high expected information
gain, as uncertainty is completely dispelled. In this case, our results predict high
stimulation of curiosity. Second, low confidence can reflect ambiguity, in the
Ellsberg (1961) sense, where a belief distribution has not been properly assigned.
The reasons for this could be manifold. For example, if the question cannot be
understood, then the answer to the question is unlikely to be meaningful. In terms
of our model, information seeking actions are unlikely to yield information that
can dispel the uncertainty, and thus curiosity is low as well. Since it is known that
ambiguity of this kind is aversive (Camerer et al., 1992), this could further
discourage the ‘willingness to bet’ on information seeking. As far as I know, the
role of ambiguity in stimulating or discouraging curiosity has not been
investigated thoroughly.
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The computational mechanisms of curiosity

In study I, we propose that curiosity can be driven by expectation for information
that dispel uncertainty about the outcome of some specific episode (episodic
curiosity), without any requirement of positive learning outcomes or skill
improvements like the learning progress hypothesis predicts (Gottlieb &
Oudeyer, 2018; Oudeyer et al., 2016). Similarly to the Information gap theory
(Loewenstein, 1994), episodic curiosity operates on signals of uncertainty. In
contrast, episodic curiosity only requires the ability to notice conflict in outcome
predictions, while information gaps require an ability to quantify the size of
knowledge gaps based on a desired knowledge reference point. Thus, the episodic
account suggest that a desire to simply know what happened next is enough to
motivate information seeking.

While this computational mechanism may seem simplistic, it allows an organism
to gather useful data points with the potential to reveal more complex patterns or
lead to skill improvements, without necessarily expecting such improvements. A
criticism that has been leveraged against the simpler episodic curiosity proposal,
is that uncertainty is ubiquitous and should be possible to get ‘stuck’ in situations
of irreducible uncertainty, such as watching dice rolls over and over. However,
some studies have found that brain regions that code uncertainty can separate
between two types of uncertainty. Soltani and Izquierdo, (2019) differentiate
between expected uncertainty, which reflects nuisance variability, and
unexpected uncertainty that reflects opportunities for learning about the
environment. Similarly, Kobayashi and Hsu (2017) distinguish between reducible
uncertainty and irreducible uncertainty, and report behavioral and fMRI results
that indicate that the brain can separate the two types.

In the asteroid avoidance game, outcome uncertainty was a strong predictor of
costly information seeking actions throughout the entire experiment. While we
did find some evidence for skill improvements early in the experiment,
information seeking rates were maintained with no sign of decrease as would be
expected once learning improvements stopped (see figure 3). This suggests that
episodic curiosity is sufficient for driving information seeking, while learning
progress might not be required but still a good explanation for information
seeking in domains where skill updating is possible. A recent study illustrated
that individuals performing the same experiment can find different things to
become curious about (Kobayashi et al., 2019). Thus, state curiosity might not be
a unitary construct, but rather a host of mechanisms driving information seeking
in different contexts.
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Satisfaction and learning

Satisfaction upon learning the answer to a word synonymy question in study II
was inversely proportional to individually assessed uncertainty and curiosity
ratings. This is not in line with the current explanation of curiosity as a drive for
intrinsically rewarding information (Gottlieb et al., 2013; Loewenstein, 1994;
Marvin & Shohamy, 2016), where receiving reward is expected to be pleasurable.
In this study, participants’ satisfaction was best explained as an expression of
belief congruency, i.e. learning that the best guess was in fact correct was
experienced as satisfying. Because learning opportunity is larger when a belief is
incongruent with the true state of the world, and information gain was negatively
related to satisfaction (see figure 6, right side panel), we conclude that learning
was a dissatisfying experience in this study. This conclusion leads to a
characterization of curiosity as a motivation to seek relief from an aversive state
of uncertainty, or a drive for reaching a stable knowledge state rather than
learning per se. This is more in line with earlier drive-state theories of curiosity
but more recent studies have also suggested this relationship between uncertainty
aversion and information seeking (Bennett et al., 2016; D.E. Berlyne, 1954;
Gottlieb & Oudeyer, 2018; Loewenstein, 1994). Unfortunately, considering that
studies on state curiosity repeatedly offer participants a chance to ‘satisfy their
curiosity’, it is surprisingly rare that satisfaction with curiosity outcomes is
assessed, making it difficult to draw any robust conclusions from recent curiosity
studies. Marvin and Shohamy (2016) measured the valence of information and
found that positive information was more valued as evidenced by the willingness
to wait longer. However, valence related to satisfying curiosity was not assessed.

Aggregated by item, the results from study II indicate that uncertainty is a strong
predictor of curiosity, as evident by the strong correlations with feedback requests
and curiosity ratings. Further, these expressions of curiosity were correlated with
performance improvements on Day 3 of the experiment. These findings are
similar to previous studies where curiosity was related to learning of trivia
answers (Gruber et al., 2014; Kang et al., 2009; Marvin & Shohamy, 2016).
Additionally, our participants in study II displayed a high level of metacognitive
calibration about their vocabulary knowledge, as evident in their use of feedback
requests to improve follow up performance to the same level as when the answer
was revealed automatically. This suggests that they were able to invest efficiently
in feedback on high value items, guided by computations of uncertainty.

Previous studies have found that curiosity has a positive effect on memory
encoding (Gruber et al., 2014; Kang et al., 2009), which the results of study II
support as both curiosity ratings and uncertainty predicted improved
performance at the follow up test. Thus, curiosity does not only guide us towards
learning opportunities, it also boosts encoding of memories once learning takes
place. Curiosity has previously been shown to improve encoding of coincidental

38



information (Gruber et al., 2014), in a study where participants displayed
improved recognition for face images that had been presented during high
curiosity trivia questions compared to low curiosity questions. Because of this, we
expected to see beneficial effects on learning in the bandit task in study III.
However, task-irrelevant curiosity failed to enhance learning of bandit events in
study III, as evident by similar learning rates and post-test confidence across all
three conditions.

Interaction between curiosity and extrinsic reward

As seen in the shift of intercepts (and thus overall level of fast choices, figure 9),
the curiosity value of the task-irrelevant masked images in study III integrated
with the time values of the bandit options. When curiosity was aligned with the
faster choice, performance improved compared to the neutral condition where
curiosity could not influence choice. Conversely, when curiosity was aligned
against the faster choice, participants were distracted from the bandit task and
performance dropped. This suggests that curiosity value can spill over to
decisions about extrinsic rewards, to either facilitate or hinder decision-making.
The division between intrinsic and extrinsic reward motivation traditionally seen
in psychology (Ryan & Deci, 2000) can be questioned, considering the large
number of brain imaging studies that indicate that information gain activates
brain regions typically implicated in processing of extrinsic reward (Bromberg-
Martin & Hikosaka, 2009, 2011; Charpentier et al., 2018; Gruber et al., 2014;
Kang et al., 2009).

Summary

To summarize the lessons from my research, from study I and II I find that a
computational mechanism based on resolving outcome uncertainty in relation to
an episode can explain information-seeking behavior and experience of curiosity
in two different knowledge domains. Study II indicates that this type of curiosity
is an aversive state, which motivates information seeking to get relief from
uncertainty rather than an expectation of a pleasurable learning reward. Previous
theories (FitzGibbon et al., 2020; Litman, 2005) have suggested that curiosity
corresponds to a ‘wanting’ aspect of reward motivation, that signals the incentive
salience of actions (Berridge, 2007; Berridge & Robinson, 1998). ‘Wanting’
corresponds to a motivational urge towards something, but does not require an
expectation of pleasure or ‘liking’ (which may or may not occur at consumption
of information).

In study I, I found feedback-related learning in the initial block of the asteroid
game. I interpret this as an indication that curiosity is not dependent on just one
specific computation. Consider the asteroid game for a moment, to highlight the
different learning motivations that can be satisfied from observing a single
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outcome. First, observing an outcome satisfies the desire to simply know what the
outcome of a decision was (episodic curiosity), but it also allows for feedback-
related skill improvements. Further, observing the outcome can also lead to
improved understanding of task difficulty and personal skill level. Another
motivation for information seeking is the possibility to savor an upcoming
pleasurable reward (Kobayashi et al., 2019), which in the asteroid game would
manifest as observations on trials with high certainty of a correct decision. With
this breadth of possible learning outcomes, it seems reasonable to consider
several computational mechanisms that can motivate information seeking. But if
there are several mechanisms, what determines action selection based on these
computations is an open question.

When curiosity is aligned with — or against — the motivation to accomplish other
goals, performance of those goals can be affected. My interpretation of this
finding is that curiosity operates on specific computational signals, such as
uncertainty, but the motivational value can be integrated with other motivations.
This is in line with results from a study by Charpentier et al. (2018), which
implicates OFC in computations of information value and later integration with
extrinsic reward value in striatal regions. Under the wrong circumstances,
curiosity can distract from extrinsic tasks, an aspect of curiosity that is rarely
investigated, but has important implications in applied contexts such as
education and decision-making.

Finally, the large individual differences in the expression of curiosity indicate that
while there may be general computational mechanisms that drive state-curiosity
for specific information, such as episodic curiosity, information gaps and learning
progress, contextual and personality factors influence behavior. In study I, some
participants displayed a general apathy for information-seeking in the asteroid
game, while others sought information on nearly every trial. For a comprehensive
computational theory of curiosity, the influence of individual factors must be
quantified as well.

Practical implications

In study I and II we illustrate the usefulness of information theoretic methods to
quantify the uncertainty present in subjective belief distributions, with overall
strong predictive ability on information seeking and curiosity ratings. Measuring
the subjective probabilities across beliefs can be demanding and time consuming
in laboratory settings, but allows a more nuanced understanding of the
mechanisms behind curiosity. Thus, an important practical implication of my
research is improvements to current research methodology. Study I and II can
serve as examples for how subjective belief distributions can be approximated
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and allow curiosity research to branch into a broader range of tasks than the
narrow focus on gambles and trivia questions that is currently employed.

The results presented in this thesis can also have implications for educational
contexts. We find that episodic curiosity — the motivation to reduce uncertainty
about the outcome of an episodic event — is a strong driver of information seeking,
indicating that student curiosity could possibly be stimulated by rather simple
methods. Potentially, this could be achieved by structuring study materials as
story-telling to create strong expectations on episode closing outcomes that
students need to research. The results from the synonymy study are in line with
previous findings showing that curiosity enhances long-term memory encoding,
highlighting the importance of activating curiosity for successful learning
outcomes.

The results from study III shows that aligning task-irrelevant curiosity with a
desired behavior, such as spacing curiosity-inducing questions in the student
literature, could improve motivation to engage with the material. On the other
hand, some care must be taken to ensure curiosity is pointed in the same direction
as the overarching goal. The distractive power of curiosity is still not a well-
researched area, but these results indicate that even small amounts of curiosity
stimulations can distract from prescribed tasks. Experimental studies suggest
that the mere presence of mobile phones in classroom studies can have negative
effects on learning (Kuznekoff & Titsworth, 2013), implicating curiosity as a
distractor.

Another area where curiosity could be leveraged is promoting pro-active health
interventions. A real-world example of this is the recent Pokémon Go
gamification of physical activity (Leblanc & Chaput, 2016), that has the potential
to activate a segment of the population that otherwise risks a sedentary lifestyle.
Studies looking at how curiosity impacts video games could serve as a template
for how to gamify health promotion materials (Gémez-Maureira & Kniestedt,
2019; Leblanc & Chaput, 2016; Schaekermann et al., 2017a)

Limitations

Curiosity is an elusive phenomenon that overlap several fields of psychological
research, such as decision-making, reward processing and memory. Therefore, it
is no surprise that the work here contains several limitations.

Individual differences

Research on curiosity recognizes that there is vast heterogeneity in people’s
interests. Information that triggers curiosity in one individual may cause another
to yawn and reach for the remote. Yet, the typical experiment on state-curiosity
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does not employ individually designed stimulation. One example of how this
limitation manifests, is in how differently participants have responded to the
experimental paradigms developed for the thesis project. For example, in the
asteroid avoidance game, information seeking rates ranged from .013 to0 .991, and
study III faces similar heterogeneity. Such variation poses a challenge to curiosity
research, as it becomes difficult to speak about clear trends in the data. One
solution, employed in the three studies presented in this thesis, is to use statistical
methods that in some way deals with the fact that individuals respond to the
manipulations to different degrees, such as mixed effects modeling. Yet, with this
approach, some of the individual differences are invariably occluded and valuable
information is lost.

However, there are alternatives that may be more interesting for future research
to consider. A recent study by Kobayashi et al. (2019) estimated individual model
fits for their computational model, and analyzed the resulting functions by
qualitatively reasoning about how different model parameter related to behavior.
In this way, the authors could effectively illustrate how different clusters of
individuals displayed different motivations for information seeking. Another way
to deal with this heterogeneity is in the design of experiments. Instead of using a
‘one size fits all’ approach to stimulus design, researchers can adapt their design
to individual participants. This can be accomplished by testing individuals over
several different knowledge domains, allowing participants to select domains that
speak to their interests, or using adaptive methods for stimulus generation. To
some degree we attempt to control for this by basing the measures on uncertainty
and information gain on probability distributions that are generated by the
participants, instead of objectively imposed by the researcher. This is a novel
approach that will hopefully see more use in future research.

Validity concerns

Ecological validity is a concern in all three studies, since the goal of curiosity
research is to study intrinsically motivated, and thus ideally self-initiated and
self-guided, information seeking. Imposing tasks with few options for
information seeking actions and setting self-generated learning goals limits the
ability to generalize to the more dynamic contexts present in everyday life.

The laboratory setting can also influence behavior in ways that counteract the
self-generated motivation for information seeking and threaten ecological
validity. In my experience, it is common to see large degrees of task compliance,
as experiment participants try to deduce the researcher purpose and seek
information in accordance with these expectations. To combat this, we used
instructions that emphasized that there was no correct or incorrect pattern for
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information seeking, and used extensive piloting studies with debriefing sessions
that probed participant motivations.

More specifically, it is reasonable to criticize the operationalization of curiosity in
study I for using potentially instrumental feedback as the target of curiosity,
though as observed in the analysis the actual performance improvements based
on this feedback was small. Still, the non-instrumentality of information is often
emphasized in studies on curiosity, although a recent theoretical review suggests
that it could be beneficial to use a broader sense of information seeking until
more robust theories have been developed (Kidd & Hayden, 2015). Several
studies in the last decade have employed variations of gambling tasks (e.g.
Bennett et al., 2016; Kobayashi et al., 2019; Kobayashi & Hsu, 2019; van Lieshout
et al., 2018), with information seeking yielding objectively non-instrumental
information. As far as I can tell, no study using this paradigm has examined
whether participants consider their information seeking to be instrumental or
not. In general, information pertaining to the reward-generating process of a
reward source does allow for improved exploitation. It is possible that
information sampling in gambling tasks reflect a misguided attempt at improving
performance.

Study II and III included combinations of self-report measures of curiosity,
satisfaction, synonymy and confidence. Although participants were instructed
how to use them, these measures were single ratings of rather complex constructs
and were unlikely to capture all relevant aspects. Particularly troublesome is the
possibility that participants may have had their own, qualitatively different,
understandings of what these constructs constist of and how they are expressed.
This is a general limitation with self-reports, but the results of my studies could
have been strengthened if a broader range of measures had been used for each
construct. This is a trade-off that needs to be done, however, because each study
contains 100s or more trials and doing several ratings each time would quickly
become tedious. Study II and III did also include debriefing questionnaires with
instruments used to measure trait curiosity (e.g. CEI-II, Kashdan et al., 2009; )
and other personality dimensions, but these results have not been reported due
to small samples and an expectation of very small effect sizes. The intention is to
analyze how trait-curiosity measures correspond to behavior in different state-
curiosity tasks, once a sufficient number of tasks and data has been collected.
Perhaps surprisingly, it is difficult to find strong correlations between trait and
state measures of curiosity, in specific tasks. Or perhaps this is to be expected,
given that individuals will have varying interests, prior knowledge and
expectations coming in to experiments.

A larger limitation is the design of the satisfaction rating in study II, which was
placed immediately after participants were shown the correct answer to the 5AFC
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vocabulary items. Because participants had made an explicit guess they may have
been primed to interpret the question as a judgement of their performance, which
could be an alternative explanation for the strong negative correlation between
learning and satisfaction. Still, the results from study II fills an important void in
the curiosity literature. While there has been a lot of activity in the field during
the last decade, few studies have attempted to measure the hedonic aspects of
state-curiosity.

Future directions

Several important questions remain to be answered. In study II, we find that
satisfaction in a synonymy test is inversely proportional to information gain, but
primarily driven by belief congruence. This suggests that learning may not be the
goal of curiosity per se, but rather to be in states of stable knowledge. If this idea
is correct, it could have interesting implications for research on topical
phenomena, such as filter bubbles, fake news and conspiracy theories. These
phenomena are to some degree characterized by a desire to maintain a world view
and a preference for information that supports it. Liao and Fu (2013) studied how
personal information preferences can help shape filter bubbles and found that
perceived threat had a negative influence on unbiased information seeking, but
high topic involvement could counteract this influence somewhat. Similar to how
theory on curiosity suggest a connection to anxiety when information is appraised
as threatening (Gruber & Ranganath, 2019), and how topical interest may
influence the strength of curiosity in an area (Loewenstein, 1994). Future
research should test the relationship between satisfaction and information
seeking outcomes as it is likely to reveal much about the mechanisms behind
curiosity.

Superficially, the synonymy task in study II is similar to the well-established
effect of retrieval practice on long-term retention (Roediger & Butler, 2011). As
curiosity is known to enhance memory encoding and questions can stimulate
curiosity (Baranes et al., 2015; Kang et al., 2009), there may be interesting
overlap in the explanatory mechanisms. Studies on retrieval practice could apply
theory on how to stimulate curiosity to further improve efficacy, and curiosity
research could test the importance of hypothesis generation in driving curiosity.

With machine learning methods becoming more accessible and opening up the
ability to deal with large scale data, it would be interesting to gather data from
more ecologically valid contexts, such as tracking how students use web searches
when writing essays. In a study by Schaekermann et al. (2017) player in-game
behavior in the online multiplayer game Destiny was tracked and compared to
responses on self-report instruments of curiosity. Four player clusters were found
based on self-report instruments and measures of in-game behavior: socially
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curious players were focused on pvp activities; sensory/cognitive players tended
to stay on the move and completed few game objectives; explorative players spent
most of their time in the pve mode, exploring new areas; and novelty seeking
players displayed risky behavior that lead to repeated in-game deaths, and
completed fewer long-term objectives. A similar approach could be taken in other
facets of life where exploration and information-seeking can be expressed. Social
media venues such as Instagram or Facebook come to mind, but there is also
potential to use GPS-tracking or activity in different apps for rating restaurants,
entertainments etc., to quantify patterns of curiosity in travels or city life.

Conclusion

The research presented in this thesis aimed to examine the mechanisms of
curiosity through information theoretic models, and the impact of curiosity on
learning and satisfaction. This produced several novel findings. In study I, we find
that episodic curiosity — the desire to close gaps in episodes — is a powerful
motivator for information seeking even when performance is not improved. In
study II, the effect of curiosity on satisfaction indicates, somewhat surprisingly,
that curiosity-driven learning may not be satisfactory in itself, but rather that
satisfaction is dependent on belief congruency. In study II1, the distractive power
of curiosity is investigated and results suggests that while task-irrelevant curiosity
does not necessarily impact learning rate, the value of curiosity can spill over to
decision-making in a primary task.

Finally, I believe you have been held in suspense long enough at this point. The
mammal with the shortest known gestation period is the stripe-faced dunnart
(figure 10), found in Australia, that gestates for only 11 days (Gemmell & Selwood,

1994)!
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Figure 10

Stripe-faced dunnart (Sminthopsis macroura)

Note. From Stripe-Faced Dunnart [Photograph], by Alan Couch, 2009, Flickr

(https: //www.flickr.com/photos/couchy/4198402102/in/album-
72157622194029226/). CC BY 2.0.
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