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Highlights
Traditional theories frame curiosity as an
intrinsic motivation to obtain information
to resolve uncertainty.

Recent empirical breakthroughs chal-
lenge this perspective and reframe curi-
osity in terms of the learning process
itself: curiosity is sustained when indi-
viduals perceive improvements in their
performance and actively engage in
the process of learning.
What drives our curiosity remains an elusive and hotly debated issue, with multiple
hypotheses proposed but a cohesive account yet to be established. This review
discusses traditional and emergent theories that frame curiosity as a desire to
know and a drive to learn, respectively. We adopt a model-based approach that
maps the temporal dynamics of various factors underlying curiosity-based explo-
ration, such as uncertainty, information gain, and learning progress. In so doing,
we identify the limitations of past theories and posit an integrated account that
harnesses their strengths in describing curiosity as a tool for optimal environmental
exploration. In our unified account, curiosity serves as a ‘common currency’ for
exploration, which must be balanced with other drives such as safety and hunger
to achieve efficient action.
Unlike previous research, which remained
agnostic about the change of curiosity
over time, the learning progress frame-
work provides insights into the temporal
dynamics of curiosity, shedding light on
its fluctuations based on the extent of
learning progress individuals make.

By integrating the desire to obtain infor-
mation with the drive to make learning
progress, we offer a unified account of
curiosity.
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What is curiosity?
Until recently, cognitive and neuroscientific theories of curiosity espoused a view in which curiosity
is motivated by the goal of obtaining information or knowledge. When uncertainty arises
(e.g., how will the book end? Who will win the lottery?), curiosity pushes us into seeking relevant
information that resolves the uncertainty. In line with this idea, functional imaging studies showed
that information activates the reward network, suggesting that receiving information is intrinsically
rewarding (see Glossary) [1–4].

However, recent evidence from a variety of fields indicates that this is not the whole picture.
Behavioral studies with human adults show that curiosity is motivated by the learning process
itself. For instance, participants exploring probabilistic environments showed engagement with
the task when they were learning the structure of the environment, but not when they either had
learned the structure (low uncertainty) or when the structure was unlearnable (high uncertainty)
[5,6]. Moreover, new studies on mice [7] show that midbrain dopamine, a key neurotransmitter
for the experience of reward, is released depending on the rate of learning, indicating that
the neural underpinnings of curiosity may be more closely tied to the learning process than
to the mere resolution of uncertainty. This evolving body of evidence suggests that traditional
theories, which primarily link curiosity to acquiring knowledge, are due for a substantive
re-evaluation.

More broadly, the amount of experimental evidence on the cognitive and brain mechanisms
underlying curiosity and exploration has grown exponentially in recent years, across cognitive
(neuro)science [8], artificial intelligence [9], as well as educational [10], social [11], and organiza-
tional psychology [12,13]. Hence, the time is now ripe to translate this experimental progress
into a robust, unitary theory of human curiosity. Here, we integrate the classic view of curiosity
as motivated by the goal of obtaining knowledge with the newly emerging view of curiosity as
motivated by learning progress.
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Glossary
Information gain: the degree to which
new evidence enhances the accuracy or
completeness of existing knowledge or
models.
Intrinsic reward: an internal incentive
that drives behavior due to the inherent
pleasure and interest in the activity itself,
rather than any external benefits or
penalties.
Learning progress: the rate of
improvement in understanding or
proficiency in a given domain. It can be
quantified as the rate of change in
prediction errors.
Optimal exploration: the most efficient
strategy for seeking out and investigating
new environments or ideas to gain
knowledge or experience, while
minimizing wasted physical or cognitive
efforts.
Precision: ameasure of the confidence
We will first introduce the main views of curiosity put forward in cognitive neuroscience and their
relationship with the concepts of prediction error, uncertainty, and information gain. We
frame these aspects of curiosity in the predictive processing framework, a popular account for
explaining how humans perceive and act upon the world [14], and analyze their limitations in
supporting optimal curiosity-driven exploration. Then, we show how the account of curiosity as
a drive to make learning progress can identify aspects of exploratory behavior that have been
largely disregarded by previous research and how it can improve our understanding of curiosity.

Deconstructing curiosity
Predictive processing offers a robust framework for modeling howwe handle uncertainty, making
it instrumental in understanding curiosity. It holds that our brains operate by generating predic-
tions about the world and then adjusting those predictions based on the sensory evidence we
receive. For example, entering a neighborhood where you have seen many cats before, you
might expect to spot one (Figure 1). Yet, you unexpectedly notice an animal with a long prehensile
tail and large teeth. This mismatch between the internal models of the world and the sensory
evidence is defined as prediction error or surprise [15,16]. By adjusting your prior models of
the world based on these error signals, the brain can improve its internal models and future
predictions.
Precision of the prediction

Precision of the evidence

(A)

(B)
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Figure 1. Predictions, evidence, and their precision. (A) Within predictive processing, predictions are probabilistic. The
precision of the prediction is captured by the width of the distribution of possibilities (black arrow), where higher precision
results in higher certainty of the prediction. Here, prediction is represented in a notional 1D space for illustration; however,
in reality, the feature space for animal identification would be high dimensional. (B) The evidence also has varying degrees
of precision from low (left) to high (right), depending on the amount of sensory noise (i.e., the density of the bushes). The un-
expected sensory evidence (e.g., large teeth, prehensile tail) will travel through the brain in the form of prediction error signals,
whereas the expected sensory evidence (e.g., black fur, four-legged) will not.
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or certainty of predictions and prediction
errors, determining how much sensory
feedback can alter the predicted state. It
is the inverse of uncertainty.
Prediction error: the mismatch
between the expected outcome of an
action or event and the actual outcome,
also referred to as surprise, novelty, or
violation of expectations.
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In this framework, predictions and evidence come with a fundamental feature: precision [16,17].
Predictions have a degree of precision in that, although one possibility is often more likely than
others, there is uncertainty around it: the animal hiding is most likely a cat, but it might well be a
dog, it could be a rabbit, and, in an extremely unlikely scenario, a monkey (Figure 1A). The evi-
dence (and the prediction error resulting from it) has a degree of precision, too: how confident
are you that your percept is accurate? The animal looked like a monkey, but if the bushes are
thick and you cannot see well (Figure 1B), you should not trust perceptual information much.
The final internal model must weigh in the precision of the prediction and the precision of the
evidence to infer the most likely state of the world [18].

Some situations require us to change our internal models of the environment. Encountering high
uncertainty, such aswonderingwhat animal might be lurking in the bushes, or high prediction errors,
such as being surprised upon seeing an unexpected animal, often prompts us to seek further infor-
mation. Whereas the current article focuses on intrinsic exploration and curiosity, additional elicitors
of information demand have been identified, including (monetary) value [19] or valence [20].

Curiosity motivated by the goal of obtaining knowledge
There are two prominent perspectives on curiosity: one focuses on the role of uncertainty as a
catalyst for curiosity, while the other emphasizes the pursuit of information gain as the primary
mechanism underlying curiosity-driven exploration. The connection between uncertainty and
curiosity has been substantiated by a considerable body of research [21–24]. Overall, there is
empirical evidence that uncertainty is related to subjective reports of curiosity [22,25,26] as well
as increased interest [27] and enhanced exploratory behavior [8,28,29], already from a very
young age [30,31]. For example, recent findings indicate that curiosity rises as the uncertainty
surrounding a lottery result increases [22]. Yet, curiosity had no substantial connection with the
expected value of such lotteries, indicating that it was independent from extrinsic rewards such
as monetary compensation [18]. The relation between curiosity and uncertainty holds even out-
side of controlled laboratory settings, expanding its validity to real-world contexts. Specifically,
it was found that in classrooms, students were most curious when they experienced uncertain
events, especially when this uncertainty was unexpected [32].

However, being drawn towards highly unpredictable situations can be maladaptive in the long
run, in that if uncertainty cannot be reduced, a sustained focus would imply a waste of cognitive
resources [33]. In accordance with this, it has been shown that during trivia questions, repeated
exposure to unknown questions that elicit large prediction errors leads to the depletion of atten-
tional resources, which results in participants disengaging from the task [27]. This indicates that
the concepts of uncertainty alone cannot account for the temporal dynamics of curiosity-driven
exploration. Specifically, it cannot explain why curiosity will not last if the uncertainty does not
reduce [34].

A different line of research suggests that uncertainty is not directly related to curiosity [35], but that
the main factor underlying curious behavior might be the opportunity to gain information that
minimizes the uncertainty of the situation, rather than the uncertain situation in itself [35,36].
The link between curiosity and information gain has received substantial attention recently
[35,37–39]. Humans and other animals are motivated to seek information [38,40], even when
this information is not instrumental to acquiring extrinsic rewards [34,41,42]. Specifically, humans
show a preference for information that is important to them, positive in valence, or salient [43,44].
Yet, we also feel curious about information even when it is unpleasant [45], costly to acquire [46],
or when acquiring it is high-risk [1,47]. The intrinsic drive for information is also robust across de-
velopment [48,49], starting from the first year of life [31,50,51]. This conceptualization of curiosity
Trends in Cognitive Sciences, May 2024, Vol. 28, No. 5 443
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arising only when there is an opportunity to fill an information gap addresses themajor limitation of
theories that relate curiosity to uncertainty directly. Namely, it predicts that curiosity does not
remain high when uncertainty is high but information cannot be obtained. This helps agents not
to get stuck in unlearnable situations.

In Box 1, we use reinforcement learning as a tool to formalize the different mechanisms that might
underlie curiosity. Reinforcement learning is commonly used to quantify the latent variables
underlying learning processes [52,53]. As such, it offers a systematic way to represent the con-
cepts of prediction error, uncertainty, and information gain. By combining insights from previous
research with mathematical definitions of curiosity, we offer a more nuanced and comprehensive
account of the mechanisms underlying curiosity. After introducing all mechanisms that might
underlie curiosity, we will use these reinforcement-learning quantifications to illustrate the temporal
dynamics of curiosity and propose a unified account.

Although a drive towards information gain successfully deters people from unlearnable situations,
it is still suboptimal in driving efficient exploration. Some situations offer a large amount of
Box 1. Implementing curiosity with a reinforcement learning model

Reinforcement learning models are widely used to learn a true value (e.g., the position of an object in space, or the reward
associated with a certain choice) given continuous incoming evidence [52,53]. At each time-point t, an agent makes a
prediction, observes the outcome, and updates their previous prediction based on the magnitude of the error. The update
rule is:

P sjmð Þt ¼ Pt−1þ α rt−1 − Pt−1ð Þ ½I�

where the current prediction Pt about a state of the world s is obtained by updating the previous prediction Pt − 1 by the
prediction error. The prediction error is captured by the difference between the previous prediction Pt − 1 and the evidence
rt − 1. The learning rate α indicates howmuch the prediction error will change previous expectations. Note that predictions
are conditioned on the model m, indicating that an agent will only generate predictions for states that are relevant to
them [74].

Uncertainty is tightly coupled to precision, as uncertain situations arise from a lack of precision in the evidence or in the
predictions. The precision of the prediction captures how certain we are about our prediction being correct. Hence, rather
than a point estimate, our prediction is probabilistic. uPt is the most likely outcome, but with uncertainty around it:

Pt � N uPt ;σ
2� � ½II�

where the prediction Pt comes from a normal probability distribution that contains uncertainty, expressed in terms of
variance, or σ2.

Prediction error is defined as the discrepancy between a prediction and the evidence:

PEt ¼ ∣rt − 1� Pt − 1∣ ½III�

Prediction error is also referred to as surprise, as it quantifies how unexpected (i.e., surprising) the current state of the world
is compared to what was predicted.

Information gain is defined as any change of the internal model Pt from one time-point to the next. When internal models
remain stable, no information is gained. A common way to operationalize the information gain between two predictions at
consecutive time-points is the Kullback-Leibler divergence between the two [98]:

IG ¼
Z
Pt log2 Ptð Þ −

Z
Pt log2 Pt−1ð Þ ½IV�

where the information gain captures the difference between the probability distribution of the current prediction Pt and the
previous prediction Pt − 1. This construct is related to 'expected' information gain, which computes the information that is
expected at time-point tþ 1 instead of the information that has already been received. These two constructs often
produce similar estimates [51] and, for simplicity, they will not further be differentiated in this article.
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information (e.g., a book about Bayesian statistics) but acquiring it might be challenging or time-
consuming (the book is too complex or too long). In accordance with this, it was found that
instead of seeking stimuli that are themost informative, people engage with stimuli that offer easily
interpretable information [54]. Hence, as in the case of curiosity as a response to uncertainty, also
a drive for information gain fails to fully capture this temporal aspect of curiosity, namely why
curiosity wanes when the information is gained too slowly [55,56]. Next, we suggest that the
learning progress account of curiosity offers a way to resolve this limitation.

Curiosity motivated by the learning process itself
The learning progress account of curiosity holds that the brain is intrinsically motivated to engage
in activities during which learning is occurring because this leads to an improvement of our internal
models of the world [57,58]. Within this account, agents are expected to engage preferentially in
activities and tasks that are just beyond their current level of skills or knowledge, with the goal of
maximizing learning. At the implementation level, this entails that what we are curious about
depends on the ‘rate’ at which we are decreasing our prediction errors [33,59] (Box 2). If predic-
tion errors are not reduced, this might be because an activity is too difficult for the agent’s current
skillset or because the agent has already mastered the task. In these cases, curiosity about the
activity should wane [31,60]. In this regard, the learning progress account gives a mechanistic
explanation to the U-shape relation that is often found between human curiosity and uncertainty
(i.e., a preference for intermediate levels of uncertainty or complexity) [4,30,61]: by maximizing
learning progress, an agent will incidentally end up in environments that are neither too simple
nor too complex.

This learning-maximization strategy is highly beneficial for guiding optimal exploration, as it
allows us to improve internal models of the world at a high pace and avoids wasting cognitive re-
sources on activities that cannot be learned. Indeed, multiple computational experiments [62,63]
show the evolutionary advantages of an intrinsic motivation to learn, demonstrating that it is more
efficient to evolve a general architecture that rewards learning itself rather than domain-specific
modules for each cognitive ability.

Consistent with this computational work, recent studies suggest that learning progress may be
experienced as intrinsically rewarding [57,64,65]. Studies conducted on mice indicate that the
Box 2. A formal definition of learning progress

Quantifying learning progress is not easy, as it requires tracking how quickly an agent’s internal model of the world
changes over time. Although many options exist [60,99,100], prediction errors are one of the simplest ways of capturing
howwell a model performs, as they tend to be high in a model that performs poorly. Hence, given the function of prediction
error (i.e., how prediction errors change over time), learning progress is captured by its derivative:

LP ¼ f PEð Þ′ ½I�

This value can be difficult to infer if the function of the prediction error is unknown. To solve this, previous research has
captured curiosity with an approximate quantification of rate of change in prediction errors. For instance, learning progress
was defined as the difference in prediction errors between two consecutive time-points [70]:

LPt ≅ PEt�1 − PEt ½II�

This approximation was employed successfully in research on artificial agents [101] and humans [5,6]. Regarding research
on artificial agents, it was shown that endowing robots with an intrinsic drive to maximize learning progress led to faster
and more robust learning [101]. Robots stayed focused on activities in which they were improving their predictions and
avoided the ones that were either too easy or unlearnable. As concerns human behavior, it was shown that participants’
learning progress in an open-ended exploration task predicted whether they remained engaged with the task or switched
to a different one [2]. Moreover, similar to artificial agents, individuals who relied on learning progress to tailor their explo-
ration had better learning outcomes [3].
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release of midbrain dopamine, a crucial neurotransmitter associated with the sensation of reward,
is influenced by the rate of learning [7] rather than the expected level of predictability of rewarding
stimuli, contrary to previous assumptions [66]. Specifically, manipulations of mesolimbic dopa-
mine using a neural network-based model showed the involvement of this neurotransmitter in
adapting the rate of learning to improve efficient action over the environment [7]. These findings
highlight the significant role of dopamine activity in regulating learning progress.

Although this conceptualization of curiosity has been used extensively to optimize the exploration
strategies of artificial agents [60,67–69], evidence onwhether humans display a pattern of behaviors
consistent with such a drive was lacking until recently [5,6,70]. New studies now provide evidence
for the idea that humans rely on learning progress to tailor their attention [31], task engagement
[5,6,70,71], and sampling decisions [5]. For example, it was shown that howmuch learning progress
adult participants make predicts whether they will remain engaged on a given task or switch to a
different one instead [5]. Moreover, learning progress is associated with greater task engagement
and subjective liking [70].

The learning progress account offers a simple heuristic mechanism to guide exploration, but its
simplicity comes with a cost. If this is a generic drive, it cannot take into account how useful a
given activity is to the agent’s goal [72]. As such, every bit of learning progress is treated as
equal, irrespective of its relevance. This might erroneously draw an agent towards an activity
that allows for fast learning but holds little relevance for their goals. This contrasts with the predic-
tive processing conceptualization of information gain, where information is specifically assessed
as a function of its relevance for the agent [73]. In addition, the learning progress account cannot
explain how individuals choose between different activities that offer a similar amount of learning
progress [74]. We argue that overcoming the limitations of each account of curiosity in terms of
their utility for exploration is only possible by integrating them.

A unified account of curiosity
Here, we integrate the learning progress conceptualization of curiosity with the earlier described
conceptualizations based on uncertainty and information gain, using the predictive processing
framework as a guide. Specifically, we show that the maximization of learning progress should
be considered an additional mechanism underlying curiosity, independent of but complementary
to maximizing information gain (Figure 2). Conversely, we show that following uncertainty in itself
is a suboptimal behavior.

Curiosity as a tool for optimal exploration
Assessing the different accounts of curiosity requires a criterion for comparison, whether it
be a theoretical ideal or an empirical benchmark. Without such a criterion, it is difficult to
determine which mechanism underlying curiosity (i.e., seeking uncertainty, information
gain, or learning progress) is more efficient. We will assess these mechanisms by their ability
to foster optimal exploration of the environment. We define optimality in terms of an agent’s
success in improving their internal models of the world (i.e., improving the precision of their
predictions) without spending too much time exploring in vain, thus wasting cognitive re-
sources. In other words, optimal exploration optimizes the trade-off between an internal
model’s precision and the costs of exploration (e.g., time and effort). This viewpoint situates
curiosity as an algorithmic mechanism that delivers a computationally demonstrable ecolog-
ical advantage, promoting optimal environmental exploration. By defining a clear criterion for
comparison, we are better positioned to critically evaluate the different mechanisms that
might underlie curiosity and to integrate them to reach a more comprehensive operationalization
of curiosity.
446 Trends in Cognitive Sciences, May 2024, Vol. 28, No. 5
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Figure 2. A schematic representation of the different factors underlying curiosity. Initially, an observer expects to
see a cat with some degree of uncertainty (in green). However, they encounter a monkey instead, which leads to a
prediction error (PE) (in yellow). Given the new evidence, the observer updates their internal model, now expecting to see a
monkey. This expectation is confirmed by the incoming evidence (which is still the same monkey), thus leading to a small
PE. The divergence between previous and current predictions (i.e., the difference in the location andwidth of the distributions)
captures the information gain (in red). The rate of change in the PEs over time is a proxy of the learning progress (in blue). The
observer’s curiosity about the identity of the animal may be related to uncertainty, information gain, or learning progress.
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We use the equations introduced in Boxes 1 and 2 to visualize the temporal dynamics of prediction
error, uncertainty, information gain, and learning progress in a situation in which curiosity arises. As
an example, we use the encounter with an animal, as introduced earlier. First, imagine the situation
where after spotting an animal in the bushes, the animal slowly moves and becomes more visible
(Figure 3A). From the initial belief that the animal is a cat, we update our internal model as increas-
inglymore evidence becomes available. After 1min, we are confident that we spotted amonkey (as
indexed by the narrow probability distributions centered on the monkey in Figure 3C).
Trends in Cognitive Sciences, May 2024, Vol. 28, No. 5 447
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Figure 3. The temporal dynamics of curiosity. (A,B) An animal is hiding in the bushes for 25 s, then either starts moving
out of the bushes (A) or deeper into the bushes (B) for 25 s. Finally, it stops moving. Computationally, the animal is
represented in an arbitrary space as a vector of many features and every feature is learned independently through
reinforcement learning. (C) As the animal gradually leaves the bushes, it delivers more information about its identity, which
results in greater model change and greater confidence that the animal is a monkey. The bushes can be seen as Gaussian
sensory noise that is added to the signal, where the level of the noise is proportional to the density of the bushes. (D)
When the animal goes further into the bushes, it delivers less information about its identity, which results in reduced model
change and reduced confidence in the identity of the animal. (E,F) The different accounts of curiosity are quantified using
the equations in Boxes 1 and 2 to display their different temporal patterns. The green bar below the plots indicates the
change in the level of noise across time. (G,H) Integrating learning progress and information gain allows to account for
multiple aspects that are key to curiosity, such as increased interest when the animal is first spotted and persistence when
learning is occurring.
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To support optimal exploration, curiosity should be high at the beginning (when our model of the
world is bad and wemight have a chance to improve it) and when the animal starts moving (when
our model of the world is finally getting better). As depicted in Figure 3E, uncertainty and informa-
tion gain predict the initial high levels of curiosity, which is in line with optimal exploration, but not
448 Trends in Cognitive Sciences, May 2024, Vol. 28, No. 5
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the latter increase. Conversely, learning progress predicts the latter increase, but not the former.
Hence, all mechanisms are not fully optimal in promoting exploration, but all have unique strengths.

In an alternative situation, after initially being spotted, the animal starts moving deeper into the
bushes (Figure 3B). We might realize it is unlikely to be a cat, but our certainty on whether it is
truly a monkey will remain low (as depicted by wide distributions in Figure 3D). This results in an
inability to optimally improve our internal model of the animal’s identity. Contrary to the previous
example, if curiosity was to support optimal exploration, it should peak at the start, but abruptly
drop when the challenge of determining the animal’s identity becomes impossible. As depicted
in Figure 3F, information gain and uncertainty are again high at the start, thus capturing the initial
curiosity that is instrumental to optimal exploration. However, only the values of learning progress
quickly drop when the animal leaves, which captures a sudden reduction in curiosity that aids op-
timal exploration. Information gain reduces more slowly and uncertainty even keeps increasing.
Hence, seeking uncertainty would lead us to invest resources in an unsolvable situation, which is
in total contrast to optimal exploration.

Integrating information gain and learning progress
Each account of curiosity has important limitations if taken in isolation. Following uncertainty
can cause agents to become mired in unlearnable situations, seeking information gains fails to
account for whether actual learning can occur, and focusing on learning progress does not
satisfactorily address the initial state of curiosity. Hence, adhering to only one of these mecha-
nisms will lead to suboptimal exploration. For example, only valuing information gain may lead
to disengagement from activities where learning occurs but information is gained slowly, prefer-
ring the instantaneous acquisition of a different piece of knowledge instead. Conversely, only
seeking learning progress might lead an agent to miss out on activities that are very informative
to them, just because some other aspects of the world allow for greater learning.

Yet, merging the drives towards information gain and learning progress enables us to capture all
essential aspects of curiosity as a tool for optimal exploration. Notably, an initial surge in curiosity,
prompted by the need to gain information, is followed by a decrease. This diminishing curiosity
becomes even more pronounced when learning is impossible (Figure 3H), yet it reverses tempo-
rarily when learning occurs (Figure 3G). These opposing temporal dynamics successfully capture
the fact that engagement should remain high when learning takes place and decrease otherwise.

With this integration, the predictive processing framework is enriched by introducing the temporal
dynamics of active learning, as a drive towards learning progress endows agents with a simple
but powerful heuristic, which allows them to avoid wasting resources on situations where learning
is not occurring. Moreover, this integration provides a ‘common currency’ for the value of explo-
ration, underscoring the shared behavioral outcome of these diverse accounts: exploration.
Establishing this common currency simplifies the calculation of the trade-offs with competing
motivations and drives, such as avoiding danger or seeking rewards [75–77], thereby offering
an efficient way to determine the optimal course of action.

Finally, the current work can approximate the actual computations that the brain may be perform-
ing to instantiate curiosity, moving away from vague and elusive definitions on one side [78] and
from complex but biologically implausible implementations on the other. For example, previous
computational work implemented curiosity as expected information gain [79], where thousands
of hypothetical prospective scenarios are simulated and the one that is expected to minimize
uncertainty the most is picked. Although effective, it is unlikely that the human brain implements
such an effortful and costly strategy. Conversely, initial work relates the concepts presented in
Trends in Cognitive Sciences, May 2024, Vol. 28, No. 5 449
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Outstanding questions
What is the exact interaction between
information gain and learning progress in
shaping curiosity? Does their importance
differ across individuals?

How does individual variability in curiosity
relate to differences in brain function and
connectivity?

Do the cognitivemechanisms underlying
curiosity change across phylogenesis
and ontogenesis? Do they move from
simpler but imperfect mechanisms to
more optimal ones?

How does curiosity interact with other
cognitive and affective processes, such
as interest, reward processing, cognitive
control, and emotion regulation?

Do the mechanisms underlying curiosity
vary across clinical groups? What are
the potential clinical implications of
understanding curiosity and how can
they be harnessed to enhance cognitive
abilities and promote well-being?

Can we develop interventions or training
programs to enhance curiosity? How
can we leverage our understanding of
the neural mechanisms of curiosity to
promote lifelong learning and intellectual
growth?

How can insights from cognitive
neuroscience inform the design of
educational strategies and environments
that foster curiosity and optimal learning
outcomes?
this article to their neural underpinnings [80,81]. For example, a subset of neurons in a network
encompassing the anterior cingulate cortex, inferior dorsal striatum, and pallidum are involved
in computing the trade-off between the utility of information and its accessibility, contingently
prompting gaze behavior to gather this information [80].

In summary, understanding the mechanisms underlying curiosity is essential for comprehending
human learning and exploration. By identifying and integrating various accounts of curiosity, we
have developed a more precise model of human behavior. Next, we address how this improved
model allows us tomakemore accurate predictions about how individuals explore their environment.

From optimal to human exploration
In this article, we first reviewed empirical research on the cognitive mechanisms that have been
proposed to underlie curiosity, highlighting their strengths and weaknesses. Then, we assessed
these mechanisms in terms of their utility for optimal exploration. This led us to conclude that a
mechanism integrating both learning progress and information gain would support optimal explo-
ration. What remains to be determined is the extent to which human curiosity-driven exploration
aligns with optimality [82,83].

Our review indicates that curiosity likely is the result of multiple underlying mechanisms. In this
perspective, the extent to which eachmechanism impacts behaviormay differ between individuals.
While some individuals might approximate optimality, others might be located in other portions of a
‘curiosity space’ that extends along the continuum of information gain, learning progress, and
uncertainty (Figure 4). This space also allows for suboptimal curiosity mechanisms, which are more
(e.g., information maximization) or less (e.g., information avoidance) efficient in driving exploration.

In line with this idea of curiosity space, existing empirical findings have reported individual differ-
ences in the extent to which information, learning progress, and uncertainty impact curiosity.
For instance, some people were found to prefer acquiring new information [19] even to the
point of incurring costs to obtain it [26,34], while others might even avoid information [84].
Similarly, while some individuals might seek learning progress [5,6], others might not [85,86].
Moreover, uncertainty is sometimes sought [22,86,87], but often avoided [88,89], especially by
individuals with anxious traits [90]. Finally, irrespective of where they are situated in this curiosity
space, individuals might vary in how strongly they experience curiosity [55,91]. For example,
the personality trait of impulsivity has been shown to overlap with curiosity both behaviorally
and in its neural substrates [55]. This might imply that enhanced impulsivity could lead to a height-
ened experience of curiosity. Focusing on individual differences is fundamental to come to an
understanding of these complex interactions between multiple intertwined cognitive processes,
which may be confounded at the group level [92].

Recent work started to develop model-based approaches to study individual differences in curiosity
in adults [20,86], children [48,85,93], and infants [94,95]. Although these initial studies are promising,
the end goal should be the successful measurement of stable individual differences in curiosity,
which in turn would allow the prediction of people’s real-life choices and behaviors. Relatedly, we
have considered the unfolding of curiosity on relatively short timescales. Recent work is starting to
explore how these curiosity mechanisms operate in real-world contexts [96,97] and their functioning
in longer time horizons or more complex environments is yet to be determined.

Concluding remarks
In the current article, we defined curiosity as motivated by the goal of obtaining knowledge and as
motivated by the learning process itself. Seeking uncertainty as well as maximizing information
450 Trends in Cognitive Sciences, May 2024, Vol. 28, No. 5
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Figure 4. The curiosity space. Optimal exploration balances the maximization of information gain and learning progress
(in blue). The specific weight of different curiosity mechanisms may vary across individuals, such that some individuals
might be less inclined to gather new information (in purple). Conversely, other individuals may have a strong preference for
obtaining instant information, taking into account, to a lesser extent, the aspect of learning progress (and the effort that
comes with it) (in green).
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gain or learning progress have all been proposed as different mechanisms to reach the same
goal, namely a better understanding of the world around us. A comparison between these different
mechanisms revealed fundamental differences in terms of their temporal dynamics and their utility
for optimal exploration. This led us to conclude that only the concurrent tracking of information gain
and learning progress offers a promising path for capturing curiosity. This theoretical work will allow
us to test more precise hypotheses regarding the mechanisms underlying human curiosity.
Although recent studies have advanced our understanding of these mechanisms, future work
needs to increase its focus on the biological substrates that explain how curiosity originates and
on the individual differences in the cognitive mechanisms that underlie curious behavior (see
Outstanding questions). These advances will allow us to test biologically plausible theories of
curiosity and to eventually explain and predict human behavior in the real world.
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