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Abstract: Curiosity — the set of processes that drive organisms to spontaneously explore and
learn about their environment — is a fundamental aspect of human and animal cognition. It is
also a growing focus of research across psychology, neuroscience, artificial intelligence, and
education. This review provides an interdisciplinary overview of what science currently knows
about curiosity, how different fields conceptualize and study it, and why it matters for society.

The concept is traced from its philosophical origins to modern experimental and
computational approaches, and core theoretical frameworks that have shaped the field are
presented. As a particular form of intrinsic motivation — the drive to engage in activities for
their inherent satisfaction rather than for external rewards — curiosity plays a distinctive role
in how organisms organize their own exploration. A central theme is that curiosity is best
understood not as a single emotion or fixed personality trait, but as a family of diverse
processes driving spontaneous exploration across very different timescales — from rapid
attention shifts toward novel stimuli lasting a few seconds, to sustained intellectual pursuits
unfolding over months or years. Computational models have played a uniquely productive role
in formalizing and unifying these diverse curiosity processes, generating testable predictions,
and bridging disciplines.

The review also examines how scientists understand what curiosity does for individuals during
their lifetime — such as enabling efficient learning and the acquisition of broad and diverse
skill repertoires — as well as why curiosity evolved and how it may contribute to innovation
across generations. The neural mechanisms underlying curiosity, its development across the
lifespan, and its expression in non-human animals are discussed. Current scientific debates are
also addressed, including which intrinsic reward signals best explain human exploration, how
curiosity interacts with metacognition, agency and social interaction, and why new
experimental paradigms are needed to study open-ended, self-directed exploration.

Finally, the review highlights two domains where understanding curiosity carries broad
societal implications. In education, a growing body of research reveals how curiosity enhances
learning and memory, and points toward concrete opportunities for improving classroom
practices to nurture curiosity and reduce educational inequalities. In artificial intelligence,
curiosity-driven exploration algorithms have proven essential for enabling machines to
explore autonomously and learn efficiently, opening perspectives toward building systems
capable of open-ended learning and discovery. This review is intended for a wide readership,
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including graduate students and researchers across the cognitive sciences, as well as
educators and practitioners seeking a synthesis of this rapidly evolving field.

1. Definition(s)

Curiosity refers to a set of processes that push organisms to spontaneously explore their
environment for the sake of acquiring knowledge and competence. Curiosity is a particular form
of intrinsic motivation: it is a motivational system that gets individuals engaged in exploring
situations or problems for the purpose of building models of the world, and/or building diverse
repertoires of skills, as opposed to other forms of exploration driven by extrinsic objectives such
as obtaining food or social recognition.

The set of processes associated with curiosity is diverse, ranging from mechanisms that orient
individual’s attention and exploration towards novel or surprising stimuli within time spans of a
few seconds, to searching information to fill a knowledge gap over a few minutes, and to
mechanisms enabling individuals to self-generate and select their own problems/goals, engaging
over longer time spans for the pleasure of making progress in learning.

The term “curiosity” has also been used to refer to the set of emotional states and feelings
associated with these spontaneous exploration processes, as well as to general personality traits
associated with individuals propensity to spontaneously explore and their general preferences
over certain forms of curiosity-driven exploration.

In general, curiosity processes strongly interact with learning processes, and with metacognitive
processes. They can also be influenced by, and influence, interaction with social peers.

Historically, the term curiosity has first been used in everyday language, to speak informally
about human behaviour and its intuitive interpretation, i.e. it has often been used as a folk
psychology term. This has led to difficulties in establishing and agreeing on precise definitions in
the scientific community, as well as to overlap with related concepts such as “interest” and
“intrinsic motivation”. However, this has not been a major obstacle to making progress in
measuring, modeling and theorizing the diversity of mechanisms involved in spontaneous
exploration, across psychology, neuroscience and artificial intelligence modeling.

2. History
2.1 Early discussions in history

The concept of curiosity has a complex historical lineage. In Ancient Greece, while there was no
direct equivalent to our modern term "curiosity," philosophers recognized forms of



knowledge-seeking with varied connotations. Aristotle's famous opening to his
Metaphysics—"all men by nature desire to know"—acknowledged an innate drive toward
knowledge acquisition. The Latin term "curiositas" emerged during the Roman period with
multifaceted meanings: sometimes used positively for scholarly inquiry, sometimes as a
distracting pursuit of unnecessary knowledge, or with negative connotations of inappropriate
inquisitiveness or meddling (Harrison, 2001). This ambivalence toward curiosity persisted
through the Middle Ages, with religious authorities frequently warning against excessive inquiry
into divine matters (Ball, 2012; Daston & Park, 1998). The Renaissance and Enlightenment
witnessed a gradual rehabilitation of curiosity as a driver of scientific inquiry (Ball, 2012).

In 1891, William James characterized curiosity as an instinct that evolved to facilitate survival
and adaptation through active exploration of the environment. This evolutionary framing
highlighted curiosity's adaptive value, suggesting it played a crucial role in helping organisms
navigate and learn about their surroundings. Early educational philosophers like Maria
Montessori further emphasized curiosity's importance, advocating for learning environments
that nurture children's natural exploratory tendencies.

2.2 Foundational intuitions in psychology

Psychology's systematic study of curiosity emerged in the 1950s and 1960s, with multiple
pioneers.

D.E. Berlyne (1960, 1965) established several foundational distinctions that continue to shape
curiosity research today. He differentiated between epistemic curiosity (directed toward
knowledge acquisition) and perceptual curiosity (directed toward sensory exploration), as well
as between specific curiosity (targeted at resolving particular uncertainty) and diversive
curiosity (seeking stimulation to alleviate boredom). Berlyne's framework was also particularly
influential for introducing an information-theoretic approach to curiosity. His concept of
"collative variables"—properties like novelty, surprise, complexity, ambiguity, and
incongruity—emphasized that curiosity is driven by the comparative processing of information
from different sources or time points. Importantly, these collative variables generate arousal and
become stimuli for exploratory behavior when they create what Berlyne termed "conceptual
conflict." This information-processing framework was remarkably prescient, anticipating
contemporary computational theories that quantify curiosity in terms of uncertainty reduction,
prediction errors, and information gain (Kidd and Hayden, 2015; Oudeyer, 2018; Dubey and
Griffiths, 2020).

Early psychological investigations conceptualized curiosity variously. Some theorists
approached curiosity through the drive theory framework (Hull, 1943), with Montgomery (1954)
proposing a "drive for exploration" and Harlow (1950) a "drive to manipulate." However, White
(1959) criticized this approach, noting that exploratory behaviors are not homeostatic like
traditional drives - they don't diminish when satisfied but often intensify with engagement.
White's alternative "competence motivation" framing positioned curiosity as intrinsically
motivated behavior directed toward mastery, a view later elaborated by De Charms (1968)
through concepts of personal causation and self-determination.



This emphasis on intrinsic motivation became foundational to Self-Determination Theory (Deci
& Ryan, 1985, Deci et al., 2001), which distinguished intrinsic motivation (engaging in activities
for their inherent satisfaction) from extrinsic motivation (driven by separable outcomes, such as
food or money). SDT positioned curiosity as a prototypical form of intrinsic motivation,
facilitated by environments supporting psychological needs for autonomy, competence, and
relatedness. Experimentally, Deci (1971) demonstrated that external rewards could undermine
intrinsic motivation for inherently interesting activities, revealing complex dynamics between
curiosity and incentive systems—findings with significant implications for educational practice.

Alternative frameworks emerged, including Festinger's (1957) cognitive dissonance theory,
which portrayed curiosity as motivated by a need to reduce inconsistencies between cognitive
structures. Kagan (1972) and Loewenstein (1994) further developed this uncertainty-reduction
view, with Loewenstein's "knowledge gap" theory characterizing curiosity as an aversive feeling
of information deprivation. However, these theories inadequately explained why people
sometimes voluntarily increase uncertainty through exploration.

Another influential perspective focused on optimal stimulation levels. Hunt (1965) suggested
children seek "optimal incongruity,” while Berlyne (1960) observed that people prefer
intermediate levels of novelty. This "Goldilocks principle" was later empirically supported by
findings that infants attend preferentially to stimuli of moderate complexity (Kidd et al., 2012).
Similarly, theories of competence motivation (White, 1959; De Charms, 1968; Deci & Ryan,
1985) framed curiosity as a desire for mastery and control, resonating with Csikszentmihalyi's
(1991) concept of "flow," the optimal experience achieved when challenge aligns with skill level.

2.3 Obstacles to the study of curiosity in the 20th century

Despite its fundamental importance in learning, the mechanisms of curiosity remained
experimentally understudied throughout much of the 20th century. A significant obstacle was
methodological: traditional experimental paradigms in psychology and neuroscience typically
imposed predefined problems on participants, together with constraints on the space of options
they could consider to solve these problems, fundamentally incompatible with studying curiosity
as self-determined exploration and question-asking in an open world. Laboratory settings
further constrained natural exploratory behavior, while behaviorist perspectives in psychology
directed focus away from "mentalistic" constructs like curiosity and toward directly observable
responses to stimuli. The emphasis on controlled laboratory conditions offering high internal
validity came at the expense of ecological validity, limiting understanding of how curiosity
manifests in naturalistic settings. These methodological constraints made it difficult to capture
curiosity's most distinctive feature: its autonomous, self-directed nature.

2.4 History of research on non-human animal curiosity



Research on animal curiosity has roots in early comparative psychology, with Willard Small's
1899 study of white rats noting curiosity as their "most striking" intellectual trait. He observed
that rats' curiosity developed early and often overrode fear. Subsequent research demonstrated
that rats would actively explore mazes even when well-fed, and would temporarily ignore food to
investigate novel environmental changes (Dashiell, 1925). Particularly revealing were studies
showing that rats would cross electrified floors to explore novel areas (Warden, 1931),
suggesting curiosity's motivational strength. This exploratory drive was not random: rats
systematically favored novel over familiar locations (Dennis, 1934; Montgomery, 1952). Similar
curiosity-driven behaviors have been documented across diverse species, from primates to birds
and cephalopods. Hughes (2007) reported that rats consistently preferred obtaining novel
stimuli over obtaining food or drugs, sometimes even crossing electrifying grids, further
demonstrating curiosity's powerful motivational force across species.

2.5 The sciences of curiosity: an emerging domain to naturalize the study of
curiosity

The turn of the 21st century marked a renaissance in curiosity research, with interdisciplinary
approaches offering new methodological and conceptual tools. Around 2000, researchers began
systematically investigating curiosity's neural, cognitive, and computational mechanisms,
establishing a truly interdisciplinary science of curiosity.

Advances in neuroimaging techniques enabled researchers to examine the neural correlates of
curiosity states in humans, while single-cell recording studies revealed how information-seeking
behavior is processed in non-human primates. Developmental robotics research demonstrated
how curiosity-like mechanisms could drive autonomous learning in artificial agents, offering
computational insights into curiosity's functional architecture.

Computational modeling emerged as a particularly fruitful approach, providing formal
frameworks to simulate and test theories of curiosity-driven learning. These models helped
bridge gaps between disciplines by providing a common theoretical language and generating
testable predictions about how curiosity influences learning across different contexts and
species.

Recent work in machine learning and artificial intelligence has further emphasized curiosity's
importance, with curiosity-inspired algorithms proving essential for problems requiring
autonomous exploration in complex environments.

This interdisciplinary convergence of computational, neuroscientific, and psychological
approaches has enabled more naturalistic studies of curiosity, moving beyond simplified
laboratory paradigms to examine how curiosity operates in rich, ecological contexts.



3. Core Concepts of Curiosity

3.1 Curiosity and spontaneous exploration

Curiosity, as a general term often used in folk psychology —the everyday understanding and
interpretation of mental states and behaviors—, encompasses diverse forms of spontaneous
exploration that manifest across vastly different timescales and contexts. At its core, curiosity
drives organisms to actively seek out and engage with their environment without immediate
extrinsic rewards, ranging from reflexive orienting responses lasting mere seconds to sustained
investigative behaviors spanning years. On short timescales, curiosity manifests as rapid
attention shifts toward surprising stimuli—such as turning toward an unexpected noise or
visually tracking a novel object entering one's field of view. These brief exploratory episodes can
cascade into more extended forms of investigation, such as manipulating unfamiliar objects,
systematically exploring new environments, or pursuing answers to specific questions over
minutes or hours. At the longest timescales, curiosity underlies complex human endeavors like
scientific research programes, artistic exploration, or lifelong learning pursuits, where individuals
may dedicate years to understanding phenomena or mastering skills purely for the intrinsic
satisfaction of discovery and understanding.

3.2 Curiosity as a special form of intrinsic motivation

Beyond folk psychological descriptions, curiosity can be scientifically approached through the
conceptual framework of intrinsic motivation, which provides a foundation for understanding
its mechanisms and functions. Intrinsic motivation refers to engagement in activities for their
inherent satisfaction—the enjoyment, interest, or sense of competence they provide—rather than
for separable consequences or external rewards (Deci & Ryan, 1985). This contrasts with
extrinsic motivation, where behavior is driven by external outcomes such as obtaining rewards
(money, food, praise) or avoiding punishments. Within the broader category of intrinsic
motivation, which includes diverse phenomena like enjoyment of familiar activities or flow
states during skilled performance (Csikszentmihalyi, 1991), curiosity represents a special
subfamily specifically oriented toward exploration and learning (Oudeyer & Kaplan, 2007).
What distinguishes curiosity from other forms of intrinsic motivation is its focus on seeking
novelty, reducing uncertainty, and acquiring new knowledge or skills—it is the intrinsic
motivation to explore the unknown rather than to engage with the familiar.

This conceptualization aligns with theoretical accounts that characterize curiosity as
non-instrumental information seeking, where individuals pursue information purely for the
satisfaction of acquiring knowledge, without any immediate practical application (Loewenstein,
1994; Kidd & Hayden, 2015). An example of non-instrumental information seeking (intrinsically
motivated) is when someone reads about a topic simply because they find it fascinating, while
instrumental information seeking (extrinsically motivated) happens when gathering information
serves a specific external goal, such as researching restaurants to plan a dinner. However, this
distinction is not always clear-cut in practice: many real-world exploratory behaviors are



simultaneously driven by both curiosity and extrinsic goals (Murayama et al., 2019; Oudeyer
and Kaplan, 2007). A scientist might be genuinely curious about natural phenomena while also
motivated by career advancement; a child exploring a new toy might be intrinsically interested
in its properties while also seeking parent approval. This dual motivation is common in
educational settings, where learning activities ideally engage students' natural curiosity while
also serving instrumental goals like exam preparation (Deci et al., 2001). Understanding
curiosity as a form of intrinsic motivation thus provides a framework for examining how internal
drives for exploration interact with external incentives, and how environments can be designed
to support both.

3.3 Curiosity as state and metacognitive feeling

Beyond viewing curiosity as a motivational process, researchers have conceptualized it as a
metacognitive feeling—a subjective experience that provides information about one's own
cognitive states and learning opportunities (Goupil & Proust, 2023). Metacognitive feelings, like
confidence, familiarity, or tip-of-the-tongue experiences, serve as internal signals that guide
cognitive behavior, sometimes without requiring explicit reasoning about mental states. In this
framework, the feeling of curiosity emerges when individuals detect knowledge gaps, prediction
errors, or potential learning opportunities, functioning as an affective marker that something is
worth exploring or understanding better. This state-based conceptualization distinguishes
momentary experiences of curiosity from stable personality traits, focusing on the fluctuating
subjective sensations that arise in response to specific stimuli or situations.

Measuring curiosity as a metacognitive state requires capturing these transient experiences
through various methodological approaches (Jirout et al., 2024). Self-report measures include
experience sampling methods where participants rate their momentary curiosity levels
throughout daily activities, or post-task questionnaires assessing felt curiosity during specific
learning episodes (Ryan, 1982; Litman et al. 2005). Behavioral indicators of curiosity states
include information-seeking actions (clicking for more information, Jirout and Evans, 2023;
question-asking, Goupil and Proust, 2023)), exploration time allocation (Abdelghani et al. 2022)
or exploration patterns (Lydon-Staley et al., 2021), and willingness to sacrifice rewards for
information (Bennett et al., 2016; Embrey et al., 2024). Physiological measures such as pupil
dilation and gaze patterns (Baranes et al., 2015), as well as neuroimagery have also been used to
measure and characterize curiosity states (Kang et al., 2009; Gruber et al., 2014). Recent
paradigms combine these approaches, using trivia questions or visual stimuli to elicit curiosity,
then measuring both subjective ratings and subsequent memory performance to understand
how metacognitive feelings of curiosity influence learning (Gruber et al., 2014; Fastrich et al.,
2018). These multi-method approaches reveal that conceptualizing curiosity as a metacognitive
feeling involves both the subjective experience of feeling curious ("I feel curious about this") and
functional consequences for attention and memory, bridging subjective experience with
objective learning outcomes.



3.4 Curiosity as personality trait

In contrast to momentary states, curiosity has also been conceptualized as a stable personality
trait—an enduring individual characteristic that predisposes people toward exploratory behavior
and information-seeking across diverse contexts and time periods. Trait curiosity reflects
consistent individual differences in the tendency to seek out novel experiences, ask questions,
and pursue understanding, functioning as a relatively stable disposition that shapes how people
interact with their environment. Within personality psychology, curiosity has been linked to the
Big Five personality framework, showing strongest associations with Openness to Experience
(McCrae & Costa, 1997; Kashdan et al., 2018). Some researchers argue that curiosity represents
a distinct facet within Openness, while others propose it as a separate higher-order trait that
cuts across multiple personality dimensions, including aspects of Extraversion (social curiosity)
and Conscientiousness (systematic knowledge-seeking).

Contemporary research has revealed -curiosity's multidimensional structure through
sophisticated measurement approaches. The Five-Dimensional Curiosity Scale (5DC; Kashdan
et al., 2018) identifies five distinct factors: Joyous Exploration (enjoyment of novel stimuli),
Deprivation Sensitivity (need to resolve knowledge gaps), Stress Tolerance (ability to cope with
uncertainty), Social Curiosity (interest in others' behavior), and Thrill Seeking (willingness to
take risks for novel experiences). This framework builds on earlier distinctions, such as Litman's
(2008) I/D-type epistemic curiosity scales that separate interest-driven from deprivation-driven
curiosity. Domain-specific measures have also emerged, such as the Science Curiosity Scale
(Kahan et al., 2017) and measures of perceptual versus epistemic curiosity (Collins et al., 2004).
These varied assessment tools reveal that trait curiosity is not monolithic but encompasses
different ways people characteristically engage with uncertainty and novelty. Understanding
these individual differences in trait curiosity helps predict academic achievement, creative
problem-solving, psychological well-being, and lifelong learning tendencies, making it a valuable
construct for educational and occupational contexts.

3.5 Curiosity as a process: a unifying view

Rather than viewing curiosity as a trait or state, the scientific community has been increasingly
recognizing it as a dynamic, multi-component process involving diverse psychological
mechanisms working in concert to organize exploration and learning. This process view
acknowledges that curiosity emerges from the interaction of multiple systems—attentional,
motivational, emotional, cognitive, metacognitive, and behavioral—that collectively guide how
organisms navigate uncertainty, seek information or invent and select their own goals.

Several theoretical frameworks have advanced this process perspective. The reward-learning
framework (Murayama et al., 2019) conceptualizes curiosity as a dynamic cycle where initial
awareness of a knowledge gap triggers interest and exploration, leading to knowledge
acquisition that generates an intrinsically rewarding experience, which in turn reinforces further
curious behavior (e.g. through generating new questions). The PACE framework (Gruber &
Ranganath, 2019) corroborates this view by identifying four key components: Prediction



(generating expectations, measuring errors in prediction), Appraisal (evaluating information
value), Curiosity state (the subjective experience and neural activation), and Exploration
(searching information to resolve prediction error). These components interact in a cycle where
outcomes from exploration feed back to influence future predictions and appraisals.

Computational theories provide perhaps the most detailed process accounts, explicitly modeling
the mechanisms underlying curiosity-driven behavior (Baldassarre & Mirolli, 2012; Oudeyer,
2018). These models typically distinguish between a primary learning system that builds
knowledge or skills, and a metacognitive system that monitors this primary learning process and
generates intrinsic rewards to guide exploration. The metacognitive component tracks patterns
in the primary system—such as prediction errors, uncertainty levels, or learning rates—and
computes intrinsic rewards that motivate exploration toward situations with high learning
potential. This dual-system architecture has enabled to articulate mechanisms enabling curiosity
to adaptively focus attention on learnable challenges while avoiding both trivial and impossibly
complex situations (Oudeyer, 2018).

This process view unifies previously disparate findings by showing how different curiosity
manifestations emerge from the same underlying architecture operating in different contexts.
Information-gap theories emphasizing uncertainty reduction, optimal arousal theories focusing
on novelty-seeking, and learning progress theories highlighting competence development all
describe different aspects or operating modes of the same multi-component system. Context,
goals, prior knowledge, and individual differences in component strengths determine the
manifestation of curiosity in any given situation. Understanding curiosity as a process also
explains its multifaceted nature—why someone might show intense epistemic curiosity in
academic domains while displaying little social curiosity, or why the same person might shift
between exploration strategies depending on environmental demands. This perspective moves
beyond simple individual differences to examine how curiosity emerges from the dynamic
interplay of cognitive, affective, motivational processes and the contexts in which they happen.

3.6 Computational models of diverse curiosity processes

Computational modeling has emerged as a powerful approach for formalizing and testing
theories of curiosity, enabling researchers to precisely specify mechanisms underlying
curiosity-driven exploration and learning in humans and other animals. These models serve
multiple purposes: they formalize verbal theories into mathematically precise frameworks,
simulate how proposed mechanisms account for already observed phenomena-including
proposing explanations of the role of curiosity in explaining other aspects of cognition, and
generate testable predictions for experimental validation. For instance, computational models
enabled to formulate theories on the role of curiosity-driven exploration in self-organizing long
term developmental trajectories, e.g. some models successfully reproduced patterns of vocal
development (Moulin-Frier et al., 2014), tool use acquisition (Forestier & Oudeyer, 2016), and
visual category learning (Twomey & Westermann, 2018) in human infants. Other models were
also used to account for exploratory behaviors in other animals like rodents (Gordon et al.,
2014). Examples of predictions from these models that have been experimentally confirmed



include predictions from the Learning Progress hypothesis tested in humans (Ten et al., 2021;
Poli et al., 2020, 2022; Leonard et al., 2023).

These computational approaches reveal that -curiosity encompasses far more than
non-instrumental information seeking, identifying a rich diversity of curiosity processes that
vary in their goals, mechanisms, and behavioral manifestations. The models typically distinguish
between two major categories (Oudeyer and Kaplan, 2007; Mirolli & Baldassarre, 2013):
Knowledge-Based Intrinsically Motivated exploration and learning (KB-IM), focused on
improving predictions about the world, and Competence-Based Intrinsically Motivated
exploration and learning (CB-IM), centered on improving abilities to achieve goals.

Most computational models of curiosity share a common dual-loop architecture. The first is a
low-level learning loop where agents interact with their environment, use internal models to
predict or control outcomes, measure prediction or control errors, and update their models
accordingly. This loop can employ various learning mechanisms, from self-supervised learning
for building predictive models to reinforcement learning for acquiring goal-reaching policies.
The second is a higher-level metacognitive loop that guides exploration by monitoring the
lower-level system and selecting what to explore next. This metacognitive system includes three
key components: (i) a metamodel that tracks patterns in the primary learning system, such as
where prediction errors or learning progress occur; (ii) computation of intrinsic rewards
quantifying the potential interest of different experiments; and (iii) decision mechanisms for
selecting next experiments that maximize expected intrinsic rewards, often using reinforcement
learning methods (Barto et al., 2004).

The distinction between KB-IM and CB-IM models reflects fundamentally different forms of
curiosity. In KB-IM systems, agents select actions to observe their effects and improve predictive
models—curiosity drives the acquisition of knowledge about "what leads to what." In CB-IM
systems, agents generate their own goals (and more generally their own problems, or their own
games), allocate effort toward achieving them, and learn from goal-achievement
errors—curiosity drives the acquisition of competencies. This latter form has been termed
"autotelic" exploration (Colas et al., 2022), from Greek auto (self) and telos (goal), emphasizing
the self-directed nature of goal generation and pursuit (Forestier et al., 2022). This connects to
Csikszentmihalyi's (1991) flow theory, where intrinsic motivation emerges from pursuing
self-selected challenges matched to one's abilities.

Models vary along two primary dimensions. First, whether they implement knowledge-based or
competence-based/autotelic mechanisms fundamentally shapes what is learned and how.
Second, the specific intrinsic reward signals used to quantify interestingness of potential
experiments to conduct (or probe actions to make) create different exploration patterns. These
rewards include novelty (Sutton, 1990; Dayan & Sejnowski, 1996), prediction errors (Marvin &
Shohamy, 2016), surprise (Friston et al., 2017; Schwartenbeck et al., 2019), state visitation
density (Ostrovski et al., 2017), competence errors (Barto et al., 2004), epistemic uncertainty
(Osband et al., 2023), intermediate complexity (Dubey & Griffiths, 2020), learning progress for
predictions (Schmidhuber, 1991; Kaplan & Oudeyer, 2007), learning progress for skills in
autotelic agents (Oudeyer & Kaplan, 2007; Baranes and Oudeyer, 2013), predictive information



(Martius et al., 2013), and empowerment (Salge et al., 2014). Each reward type produces distinct
exploration strategies, from random exploration with novelty rewards to systematic curriculum
learning with progress-based rewards, demonstrating how computational approaches illuminate
the diverse mechanisms through which curiosity operates.

3.7 Normative vs heuristic theories of curiosity

Theories of curiosity can be broadly categorized into normative and heuristic (or process)
theories, which serve complementary roles in understanding curiosity-driven behavior (Ten et
al., 2024). Normative theories adopt a "function-first" approach, beginning with a
well-motivated computational objective—typically knowledge maximization (Ten et al.,
2024)—and deriving mathematically optimal solutions under specified constraints (Griffiths et
al., 2010; Dubey & Griffiths, 2020). These theories prescribe how an ideal rational agent should
allocate limited resources to maximize learning, establishing normative benchmarks for
curiosity. One example of a key insight from normative analyses is that the inverted-U
relationship between knowledge and curiosity, observed in many contexts, emerges as an
optimal exploration strategy specifically when learning follows S-shaped curves. As Ten et al.
(2024) synthesize, when competence grows according to an S-shaped function, the derivative of
knowledge gain peaks at intermediate levels, making it optimal to focus on tasks where one has
partial knowledge. However, normative theories also reveal that this inverted-U pattern is not
universally optimal: in environments with exponential learning curves, optimal exploration
should favor novel stimuli unless additional constraints apply, such as when past exposure
correlates with future encounter probability (Dubey & Griffiths, 2020).

In contrast, heuristic or process theories employ a "bottom-up" approach, proposing
psychologically plausible mechanisms that approximate optimal solutions while accounting for
real-world cognitive, energetic and time constraints. These theories describe how curiosity
actually emerges from specific and tractable computational processes involving variables like
uncertainty, familiarity, or learning progress, rather than prescribing ideal behavior. While
normative theories reveal why certain curiosity patterns (like the curious U) might be adaptive
from a computational perspective, heuristic theories explain how resource-limited agents might
implement approximations of these optimal strategies. This distinction parallels Marr's levels of
analysis: normative theories address the computational level (what problem is being solved and
why), while heuristic theories address the algorithmic level (how the problem is actually solved).
Together, they provide complementary functional and mechanistic accounts of curiosity, with
normative theories establishing theoretical ideals and heuristic theories explaining how these
ideals might be realized in practice through implementable cognitive mechanisms.

Some theories straddle this divide: for example, the Learning Progress Hypothesis exemplifies
both normative and process aspects. It was initially proposed as a computationally efficient
mechanism for enabling agents explore efficiently large environments with several challenges
such as many unlearnable tasks, or too many learnable tasks given the whole budget of
exploration (Oudeyer et al., 2007; Kaplan and Oudeyer, 2007b). Later on, it was shown that
some implementations of learning progress maximization can be optimal for important classes



of learning environments (Lopes and Oudeyer, 2012). This dual nature illustrates how
computationally tractable heuristics can sometimes achieve near-optimal performance, bridging
the gap between ideal normative solutions and practical cognitive mechanisms.

3.8 Neural bases of curiosity

Research into the neural mechanisms underlying curiosity has employed various methodologies
to understand how the brain processes and values information-seeking behaviors. In humans,
functional magnetic resonance imaging (fMRI) studies have used trivia paradigms, where
participants rate their curiosity about questions before receiving answers, revealing brain
activation patterns during anticipatory periods (Kang et al., 2009; Gruber et al., 2014).
Electroencephalography (EEG) has also emerged as a portable and affordable tool for
continuous monitoring of curiosity states, for example leveraging information in theta
oscillations (Begus and Bonawitz, 2020), or combining multiple frequency bands using machine
learning (Appriou et al., 2020). Functional near-infrared spectroscopy (fNIRS) has also been
employed, detecting hemodynamic responses in orbitofrontal cortex regions using blurred
picture paradigms to induce perceptual uncertainty—a state closely related to curiosity
(Korniluk et al., 2025). In non-human primates, researchers have utilized observing paradigms,
where monkeys choose between informative and uninformative cues that predict rewards,
combined with single-unit recordings to examine neuronal responses (Bromberg-Martin &
Hikosaka, 2009; Blanchard et al., 2015).

These multimodal investigations have revealed that curiosity activates brain regions
traditionally associated with reward processing. In humans, high curiosity states elicit increased
activity in the caudate nucleus, bilateral inferior frontal gyrus, putamen, and globus pallidus
during the anticipation of information, detectable through fMRI (Kang et al., 2009). EEG
studies have shown enhanced theta oscillations in frontal regions during curiosity states,
suggesting their potential as real-time markers for monitoring information-seeking behaviors
(Begus & Bonawitz, 2020). Similarly, the substantia nigra/ventral tegmental area (SN/VTA)
complex and nucleus accumbens show enhanced activation when individuals expect to receive
answers to questions they find intriguing (Gruber et al., 2014). Neuronal recordings in monkeys
have demonstrated that midbrain dopaminergic cells encode the anticipation of obtaining
reliable information, exhibiting stronger excitatory responses when expecting informative
versus uninformative cues (Bromberg-Martin & Hikosaka, 2009).

Overall, a crucial finding across species is that behaviours motivated by curiosity and by
extrinsic rewards (like food or money) are processed in a convergent manner through a
two-level neural organization. At the subcortical level, the dopaminergic reward system treats
both types of rewards similarly: midbrain dopamine neurons signal value for both information
and material gains, providing a "common currency" that allows direct comparison between
them. This supports the mechanisms leading humans to sometimes sacrifice money or time to
satisfy curiosity (Kang et al., 2009), and leading monkeys to choose informative cues even when
this may be at the cost of juice rewards (Blanchard et al., 2015). However, at the cortical level,
the brain maintains a distinction: the orbitofrontal cortex uses separate neural populations to



compute information value versus extrinsic reward value (Blanchard et al., 2015). This makes
functional sense—while we need to compare knowledge and food on a single scale for
decision-making (hence the shared dopaminergic signal), calculating their respective values
requires fundamentally different computations. Information value depends on semantic and
epistemic factors (what does this knowledge mean?), whereas extrinsic reward value depends on
physiological needs or material benefits (how nutritious is this food? how valuable is this
money?). This two-level architecture—unified comparison at the dopaminergic level, specialized
computation at the cortical level—provides the neurobiological basis for how organisms can
flexibly choose between satisfying curiosity or pursuing material rewards.

3.9 Proximal functionalities of curiosity

Proximal functionalities refer to the immediate, direct benefits that curiosity provides to
individual organisms during their lifetime, as opposed to distal evolutionary advantages that
emerge over longer timescales across populations (Singh et al., 2010). At the level of individuals,
computational models have revealed that curiosity-driven processes enable remarkably efficient
learning under resource constraints and challenging environmental conditions (Baldassarre and
Mirolli, 2013; Oudeyer, 2018). These models demonstrate that curiosity mechanisms
automatically self-organize effective learning curricula, directing organisms toward activities
that provide optimal learning opportunities while avoiding tasks that are either too trivial or
impossibly difficult (Kaplan & Oudeyer, 2007b), focusing on those that are learnable (Gerken et
al., 2011). Rather than requiring external guidance, curiosity-driven systems naturally sequence
their exploration from simple to increasingly complex challenges, maximizing learning efficiency
within the limited time and energy budgets that characterize real-world learning (Twomey and
Westermann, 2018, Dubey and Griffiths, 2020; Ten et al., 2024).

A fundamental proximal function of curiosity is enabling organisms to efficiently acquire
comprehensive world models—internal representations of how the environment works and how
actions produce outcomes. Through systematic exploration driven by intrinsic motivation,
organisms build predictive models that capture environmental regularities, causal relationships,
and the consequences of different behaviors (Sutton, 1990; Schmidhuber, 1991; Dayan and
Sejnowski, 1996; Gopnik et al., 2004; Friston et al., 2017). These world models prove invaluable
when organisms later encounter situations requiring the discovery of rare rewards in uncertain
and changing environments.

Beyond acquiring knowledge about the world, curiosity also drives the continuous expansion of
diverse skill repertoires, serving as an engine of open-ended learning throughout an individual's
lifetime (Singh et al., 2004; Forestier et al. 2022; Colas et al., 2022). Rather than being limited
to solving predetermined problems, curiosity-driven exploration enables organisms to make
unexpected discoveries and develop competencies whose utility may only become apparent
much later. This process creates a growing toolkit of behavioral skills and problem-solving
strategies that can be flexibly recombined and reused when facing novel challenges—whether
these challenges are externally imposed by environmental demands or internally generated
through further curiosity-driven exploration. This open-ended dimension of curiosity enables



individuals to continuously expand their adaptive potential, building capabilities that extend far
beyond immediate survival needs and creating the foundation for lifelong learning and
innovation (Oudeyer & Smith, 2016; Chu and Schultz, 2020).

Particularly crucial is curiosity's role in solving problems where successful outcomes are
extremely rare—a ubiquitous challenge in natural environments (Lehman & Stanley, 2011;
Bellemarre et al., 2016). Many real-world problems, such as finding food in unfamiliar
territories or developing complex skills like tool use, involve situations where most attempts fail
and positive feedback occurs infrequently (Forestier et al., 2022). Conventional trial-and-error
learning gets stuck in unproductive patterns when success is so uncommon that learners receive
little guidance about which approaches might work. Direct, goal-focused learning strategies that
concentrate solely on achieving specific objectives often fail because learners receive insufficient
feedback about which directions might prove fruitful. In contrast, curiosity-driven exploration
enables organisms to efficiently learn about environmental structure and contingencies through
intrinsically motivated investigation, substantially increasing the likelihood of eventually
discovering solutions to extrinsic problems (Oudeyer, 2018; Pathak et al., 2017). By fostering
exploration of diverse behavioral skills and environmental regularities independent of
immediate external rewards, curiosity creates learning pathways toward competencies that
would remain unreachable through direct goal pursuit alone (Singh et al., 2004).

3.10 Distal functionalities of curiosity: evolutionary perspective

Beyond immediate benefits to individual learning, curiosity serves distal functions that emerge
across evolutionary timescales, both explaining how curiosity itself evolved and demonstrating
how it continues to drive evolutionary processes. Singh et al. (2010) provide a computational
perspective illustrating how intrinsic motivation systems can evolve because they maximize
long-term evolutionary fitness under rapidly changing environmental conditions. Their
computer simulations demonstrate that when environments change faster than genetic
adaptation can track, and when they contain sparse or deceptive rewards—where focusing solely
on external goals leads organisms to get trapped in local optima or fail to discover solutions
entirely—intrinsic motivation systems that reward exploration and learning progress achieve
superior long-term evolutionary fitness than domain-specific behavioral adaptations. Crucially,
curiosity-driven exploration enables organisms to build comprehensive world models and
diverse skill repertoires during periods when extrinsic rewards are unavailable, creating a
repository of knowledge and capabilities that proves invaluable when survival challenges do
arise. This provides a theoretical evolutionary account for why curiosity-driven mechanisms
would be favored by natural selection, particularly in species like humans that inhabit rapidly
changing social and cultural environments.

Curiosity also functions as an engine of evolutionary innovation through what Oudeyer and
Smith (2016) term "curiosity-driven developmental processes." These mechanisms create
emergent developmental structures that serve as a reservoir of behavioral and cognitive
innovations, which can later be recruited for functions not initially anticipated—a process
known as exaptation (Gould, 1991). For instance, computational models suggest that generic



curiosity-driven exploration of vocal capabilities could have spontaneously bootstrapped vocal
structures at both individual and population levels, which were subsequently co-opted for
language functions through evolutionary processes (Oudeyer, 2006; Moulin-Frier et al., 2014).
This illustrates how curiosity can generate the raw material for evolutionary innovation by
producing diverse behavioral repertoires whose ultimate utility only becomes apparent over
longer timescales.

At the cultural evolution level, Chu et al. (2024) argue that humans' capacity for pursuing
seemingly arbitrary or "foolish" goals creates a powerful mechanism for generating and
transmitting innovations across generations. Because goals and their associated solutions can be
decoupled from original motivations and transmitted culturally, even activities initially pursued
purely for intrinsic satisfaction can ultimately yield transformative technologies and knowledge
systems. This cultural evolutionary process, mediated by curiosity's drive toward flexible
goal-setting and exploration, may represent one of the core features of human cognitive
evolution, enabling our species to rapidly and open-endedly accumulate innovations that would
be impossible for any individual to discover within a single lifetime.

4. Open Questions and Recent Scientific Developments

4.1 Domains and timescales of curiosity

Curiosity manifests across multiple timescales and domains, from millisecond-level orienting
responses to lifelong intellectual pursuits. Understanding this diversity requires addressing an
important terminological issue in the literature: some researchers, e.g. Hidi and Renninger
(2019), distinguish between "curiosity" (conceived narrowly as short-term information seeking
to close knowledge gaps) and "interest" (conceived as a longer-term motivational disposition
that develops through phases). However, in this review—consistent with broader usage in
cognitive science, neuroscience, and artificial intelligence—we adopt a more encompassing
conceptualization of curiosity as the set of processes that drive spontaneous exploration and
learning across all timescales (see also Murayama et al., 2019). Under this framework, what Hidi
and Renninger call "interest development" represents particular manifestations of curiosity
processes operating over extended temporal scales, rather than a fundamentally distinct
phenomenon.

Short timescales (seconds to minutes) encompass perceptual curiosity—rapid attention
shifts toward novel, surprising, or ambiguous sensory stimuli. This form appears across many
species and emerges early in development as infants visually track unexpected events or explore
objects through looking, touching, and mouthing. These brief exploratory episodes typically
resolve quickly through direct sensory experience but can cascade into longer-duration
investigation.

Medium timescales (minutes to hours) involve epistemic curiosity—systematic
information-seeking to resolve knowledge gaps or understand causal relationships. This



includes question-asking, problem-solving activities, and exploration of abstract concepts. Even
non-human primates demonstrate this form, willingly sacrificing rewards to gain information
about uncertain outcomes with no practical value. Social curiosity also operates at these
timescales, as individuals investigate others' thoughts, feelings, and behaviors through
observation and interaction.

Long timescales (months to years) encompass sustained intellectual curiosity and
domain-specific interests—from children's deep fascination with dinosaurs or trains to
scientists' lifelong research programs. These extended curiosity-driven pursuits may span
decades, involving systematic skill development and knowledge accumulation within specialized
domains like mathematics, music, or nature.

The relationship between timescales and domains remains poorly understood. Computational
approaches suggest that while core curiosity mechanisms (such as learning progress
maximization) may be domain-general and operate across all timescales, their expression
becomes increasingly domain-specific as knowledge accumulates and expertise develops within
particular areas. This temporal specialization may explain why individuals show varying
curiosity patterns across different domains and life periods.

4.2 Which intrinsic rewards explain best human curiosity-driven
exploration?

Computational theories have proposed numerous intrinsic rewards that might drive
curiosity-based exploration, including novelty (Sutton, 1990; Dayan & Sejnowski, 1996; Gordon
et al., 2014), prediction errors (Marvin & Shohamy, 2016), surprise (Friston et al., 2017;
Schwartenbeck et al., 2019), empowerment (Salge et al., 2014), epistemic uncertainty (Osband
et al.,, 2023), intermediate complexity (Dubey & Griffiths, 2020), learning progress for
predictions (Schmidhuber, 1991; Kaplan & Oudeyer, 2007b), learning progress for competence
(Oudeyer & Kaplan, 2007; Baranes & Oudeyer, 2013), and predictive information (Martius et al.,
2013). Recent experimental paradigms confirm that humans employ several of these
mechanisms, often in combination, to organize their spontaneous exploration (Kobayashi et al.,
2019; Ten et al., 2021; Molinaro et al., 2023). This raises fundamental questions: Is there a
universal set of intrinsic rewards used by all individuals, or do different people rely on different
motivational systems? How are multiple intrinsic rewards integrated? Does this integration
depend on context? From a normative perspective, are there universally optimal intrinsic
reward systems for exploration? As Ten et al. (2024) demonstrate, the answer to this last
question is no—optimal intrinsic rewards depend critically on the statistical properties of the
environment being explored, and how they link with the (limited) resources of agents in terms of
learning capabilities, energy and time.

Traditional accounts based on novelty, prediction error, or surprise face significant limitations
in complex, real-world environments. In large exploration spaces, these mechanisms can trap
learners in unlearnable situations—tasks that generate perpetual novelty or surprise but offer no
opportunity for meaningful learning. For instance, a child trying to predict truly random events,



or events which cannot be predicted because of lack of available information (e.g. predicting
color of the next car appearing in the street), would experience constant surprise without ever
improving their predictive model. Similarly, approaches that prioritize exploration of situations
with maximum epistemic uncertainty suffer from inefficiency: they direct learners toward the
most difficult learnable tasks first, consuming excessive time and cognitive resources before any
learning gains materialize, which is problematic when the available time resources are small
compared to the space of all learnable tasks in the environment.

The learning progress hypothesis addresses these limitations by proposing that curiosity is
driven by the rate of improvement in prediction or control abilities (Kaplan & Oudeyer, 2007;
Oudeyer et al., 2007). This mechanism creates a self-organizing curriculum where learners
naturally focus on activities that are neither too easy (offering no learning progress) nor too
difficult (being currently unlearnable), but rather at an intermediate level of difficulty where
learning is maximized. This creates bi-directional interactions between curiosity and learning:
curiosity guides attention toward fastly learnable tasks, while the learning that results updates
estimates of where future progress is likely, dynamically adjusting the focus of exploration.

Empirical support for learning progress as a key driver of curiosity comes from multiple sources.
Computational models implementing learning progress mechanisms successfully reproduce
structural regularities in human developmental trajectories, including vocal development
(Moulin-Frier et al., 2014), tool use discovery (Forestier & Oudeyer, 2016), and social skill
abilities (Doyle et al., 2023). Recent behavioral experiments provide direct evidence that
humans monitor learning progress during exploration. Ten et al. (2021) showed that adults who
are free to select and explore several learning tasks, show an exploration pattern which is best
accounted for by utility functions which combine learning progress and prediction error. Similar
findings emerge from studies by Poli et al. (2020, 2022, 2024), Leonard et al. (2023), and Sayali
et al. (2023), collectively demonstrating that learning progress signals guide exploration across
diverse tasks and age groups. Critically, children's capacity to use learning progress signals for
guiding exploration appears to develop during early and middle childhood: while children ages 6
and older strategically practice more difficult tasks when uncertain about upcoming
assessments, younger children show this ability only inconsistently (Serko et al., 2025).
Moreover, children's metacognitive predictions about their own learning curves reveal
important developmental changes, with 7-8 year-olds predicting gradual improvement on novel
skill tasks, while younger children require additional scaffolding to form accurate predictions
about how practice leads to mastery (Zhang et al., 2025).

Importantly, the learning progress framework unifies various previous theoretical accounts (Ten
et al., 2024). It formalizes long-standing intuitions about "intermediate complexity" or "optimal
challenge" without requiring researchers to predefine what constitutes "too easy" or "too
difficult"—these categories emerge naturally from the learning dynamics themselves. A task
becomes "too easy" when learning progress approaches zero because performance is near
ceiling; it becomes "too difficult” when learning progress is zero despite continued effort.

While learning progress appears to be a strong component of human curiosity, the complete
picture is more nuanced. Human curiosity systems likely integrate multiple motivational



components, including various intrinsic rewards. The relative weights of these components can
shift depending on the situation and context within individuals, and also vary systematically
across individuals, contributing to personality differences in curiosity (Molinaro et al., 2023;
Kobayashi et al., 2019). For instance, Molinaro et al. (2023) found that children integrate at
least three factors in their information-seeking: uncertainty reduction, instrumental utility for
action, and hedonic value (preference for positive information). Ten et al. (2021) similarly
observed individual differences in how strongly participants weighted learning progress versus
other factors in their exploration decisions. These findings suggest that optimal curiosity
involves a flexible system that can adapt its motivational weights to match both environmental
demands and individual goals, rather than relying on any single intrinsic reward signal.

4.3 Is curiosity always U-shaped? What explains the curious U?

The "curious U" refers to a robust findings in curiosity research: an inverted U-shaped
relationship between knowledge and curiosity, where people show peak curiosity for topics
about which they have intermediate knowledge or confidence (Ten et al., 2024). This pattern has
been demonstrated across numerous experimental paradigms, most notably in trivia question
studies where participants rate their curiosity about questions for which they feel moderately
confident about knowing the answer (Kang et al., 2009; Baranes et al., 2015). Similar U-shaped
patterns emerge when people freely choose among learning tasks or stimuli of varying difficulty,
consistently gravitating toward challenges that are neither too easy nor too hard (Kidd et al.,
2012; 2014).

However, theoretical analyses reveal that this U-shaped pattern, while common, is not a
universal feature of optimal curiosity. Dubey and Griffiths (2020) demonstrated through
rational analysis that the shape of the curiosity-knowledge relationship depends critically on
environmental structure. When past experience correlates with future encounters—such as
when frequently encountered topics are more likely to be relevant again—an inverted U-shape
emerges as optimal, supporting complexity-based theories of curiosity. Conversely, when past
and future experiences are independent, optimal curiosity should decrease monotonically with
knowledge, favoring novelty-seeking instead. Ten et al. (2024) further synthesize multiple
theoretical frameworks showing that the U emerges as an optimal solution only under specific
assumptions about learning curves and environmental constraints, particularly when
competence follows S-shaped growth functions.

These insights suggest that the curious U, while empirically robust in many laboratory settings,
reflects the particular environmental structures people typically encounter rather than a
fundamental law of curiosity. The prevalence of the U-shape in human behavior may indicate
that most real-world learning environments exhibit the statistical properties—such as
correlation between past exposure and future relevance—that make intermediate-knowledge
targets optimal for exploration. Understanding when and why curiosity deviates from this
pattern could provide valuable insights into how environmental structure shapes human
information-seeking behavior.



4.4 Links between curiosity, metacognition, agency

The intricate relationships between curiosity, metacognition, and agency represent a critical
frontier in understanding how humans regulate their exploratory behavior and learning.
Metacognitive skills serve as essential components across the diversity of curiosity processes,
enabling individuals to monitor their knowledge states, evaluate learning opportunities, and
guide information-seeking behavior effectively (Abdelghani et al., 2023). Recent theoretical
work proposes that fundamental aspects of curiosity itself can be understood as specific type(s)
of metacognitive feeling that emerges when individuals detect informational needs and assess
the potential for acquiring new knowledge (Goupil & Proust, 2023). This metacognitive
perspective suggests that curiosity depends on two fundamental evaluative processes: assessing
one's current informational state and predicting the likelihood that exploration will yield
meaningful learning gains.

The Learning Progress Hypothesis (LPH) exemplifies how metacognitive mechanisms underpin
curiosity-driven exploration (Kaplan and Oudeyer, 2007; Oudeyer et al., 2016). This theory
assumes that individuals possess metacognitive capacities enabling them to monitor their
learning progress, becoming most curious about activities that provide optimal rates of skill or
knowledge acquisition. This notion connects closely with the Region of Proximal Learning (RPL)
framework (Metcalfe & Kornell, 2005; Son & Metcalfe, 2000), which proposes that people
preferentially allocate attention and study time to materials within an optimal learning
zone—not too easy to be trivial, nor too difficult to be discouraging. When deciding what to
study, individuals rely on metacognitive judgments about their learning state to identify items
they believe are "almost known," directing cognitive resources toward this region where learning
progress is maximized.". Crucially, in the LPH and RPL perspectives, individuals rely on
subjective learning progress—the learner's own assessment of their advancement rather than
objective external measures: when metacognitive skills are inaccurate or underdeveloped,
individuals may thus misjudge their learning progress, potentially leading to suboptimal
curiosity allocation. This helps explain why curiosity effectiveness varies considerably across
individuals and developmental stages.

Agency represents another fundamental component implicitly assumed by curiosity theories like
the LPH. The experience of making learning progress may be insufficient to sustain intrinsic
motivation if the individual lacks agency over their exploratory choices. Self-Determination
Theory emphasizes that environments supporting autonomy facilitate intrinsic motivation, with
experimental evidence showing that external controls can undermine inherently interesting
activities (Deci & Ryan, 1985; Deci, 1971). This relationship between agency and curiosity
becomes particularly important during late childhood and adolescence, when needs for
autonomy intensify and metacognitive abilities continue developing.

Yet, these links are still poorly understood and many open scientific questions remain. For
example: How do the co-development trajectories of curiosity, metacognition, and agency
interact across different developmental stages? What cognitive load factors influence the
deployment of metacognitive skills during curiosity-driven exploration, and how might excessive
cognitive demands interfere with effective self-monitoring? Kim et al. (2024) revealed that



people systematically underestimate their own motivation to seek non-instrumental
information, suggesting significant gaps in metacognitive awareness about curiosity itself. In
addition, recent research has begun exploring whether specific metacognitive skills can be
trained to enhance curiosity, with promising preliminary results showing that interventions
targeting uncertainty identification, hypothesis generation, and progress assessment can
improve children's question-asking behavior and metacognitive efficiency (Abdelghani et al.,
2023), but generalization and scaling of such approaches remain to be studied.

4.5 The need for new experimental paradigms for studying open-ended and
autotelic free exploration

Besides many advances, contemporary research on curiosity faces a fundamental
methodological limitation: most existing experimental paradigms present participants with
small, often discrete sets of predetermined learning options or problems to solve. While these
controlled approaches have yielded important insights into specific aspects of curiosity-driven
behavior, they fail to capture the most distinctive and perhaps most important features of
human curiosity—the capacity for open-ended exploration and autonomous goal generation
(Chu and Schultz, 20204, Colas et al., 2022).

The most fascinating questions about curiosity concern how humans and other animals navigate
vast spaces of self-generated goals and problems, rather than simply choosing among
experimenter-defined alternatives. How do children spontaneously invent new games, devise
novel challenges, or create meaningful problems to pursue? How do they leverage language and
symbolic reasoning to generate increasingly complex and creative objectives? These processes of
autotelic exploration—from Greek auto (self) and telos (goal)—represent the generative heart of
curiosity, where individuals actively construct their own learning landscapes rather than merely
exploring within predefined boundaries (Colas et al., 2022; Forestier et al., 2022).

Chu and Schulz (2020b) illuminate this challenge through their work on children's play
behavior. They demonstrate that when children are simply asked to "play" versus accomplish a
specific task, they fundamentally alter their exploration patterns, often choosing unnecessarily
complex paths and creating arbitrary constraints for themselves. This suggests that authentic
curiosity-driven exploration involves a sophisticated capacity for goal invention and
manipulation that remains poorly understood. Children routinely abandon straightforward
solutions in favor of more elaborate, self-imposed challenges—walking in spirals rather than
straight lines, or reaching for difficult-to-access objects while ignoring easily available
alternatives. These behaviors reveal an intrinsic drive to generate novel problems and explore
possibilities beyond immediate instrumental needs. The absence of adequate experimental
paradigms for studying such autotelic exploration creates significant gaps in our understanding.

Furthermore, current methodologies cannot address further questions about how people
generalize exploration strategies when encountering new domains of self-generated goals. When
someone develops expertise in one area of creative problem-solving, how do they transfer those
meta-cognitive skills to different domains that may share some similarities in some dimensions?



How do individuals learn to recognize which types of self-generated challenges are likely to be
productive versus those that may lead to frustration or dead ends?

Similarly, we lack paradigms for investigating the compositional and linguistic foundations of
goal generation. Language appears to play a crucial role in enabling humans to construct
increasingly abstract and complex objectives (Vygotsky, 1934), combining simpler concepts into
novel challenges. How do children learn to use language not just to communicate about existing
goals, but as a generative tool for creating new ones? The capacity to linguistically represent and
manipulate abstract goal structures may be fundamental to the open-ended nature of human
learning, yet this remains largely unexplored in experimental settings.

Gottlieb and Oudeyer (2018) highlight additional challenges in studying curiosity through
traditional neuroscientific approaches. Neuroimaging and laboratory constraints severely limit
participants' freedom to engage in natural exploratory behavior, creating a fundamental tension
between experimental control and ecological validity. The brain mechanisms underlying genuine
curiosity-driven exploration may only emerge during unconstrained, self-directed
investigation—precisely the conditions that are difficult to reproduce in controlled laboratory
environments.

Furthermore, the temporal dynamics of autotelic exploration pose significant methodological
challenges. Real curiosity-driven learning often unfolds over extended periods, with individuals
pursuing goals intermittently, abandoning some objectives while returning to others, and
gradually developing increasingly sophisticated problem-solving repertoires. Current
experimental paradigms typically operate on much shorter timescales and cannot capture these
extended developmental processes.

Addressing these limitations requires developing new methodological approaches that can
maintain scientific rigor while preserving the essential autonomy of -curiosity-driven
exploration. This might involve designing digital environments that allow for genuine
open-ended exploration while still enabling systematic data collection, or developing
longitudinal observational methods that can track natural curiosity-driven learning over
extended periods. In addition, new paradigms must grapple with how to study the cultural and
social dimensions of goal generation, as human curiosity often emerges through interaction with
cultural tools, artifacts, and social expectations that shape what kinds of problems seem worth
pursuing.

The development of such paradigms represents more than a methodological challenge—it is
essential for understanding curiosity as a foundational mechanism of human learning and
creativity. Only by studying how people generate their own learning objectives can we fully
comprehend curiosity's role in driving the open-ended cognitive development at the core of
human intelligence (see Cognitive Development).
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4.6 Development of curiosity across the lifespan

Curiosity behaviours are observable remarkably early in human development, with infants
displaying preferential attention to stimuli of moderate novelty—the "Goldilocks effect"—within
their first months of life (Kidd et al., 2012). This early perceptual curiosity supports rapid
learning about physical properties through visual exploration and object manipulation. Infants
can intentionally elicit information from adults through gestures, and these "curiosity bids"
enhance learning compared to passively received information (Jirout et al., 2024).

As language develops, children undergo a dramatic shift from perceptual to epistemic curiosity,
with "why" questions emerging around ages 2-3 years. This transition reflects developing
metacognitive abilities and growing awareness of knowledge gaps. Computational models used
to analyze experimental data reveal that while both children and adults use the tracking of
expected learning progress to guide curious exploration (Ten et al., 2021; Leonard et al., 2023;
Poli et al., 2025), children also rely on uncertainty and surprise cues in ways that differ from
adults. In certain contexts, children (ages 5-9) demonstrate heightened curiosity when
uncertainty is higher but also when outcomes are less surprising, suggesting reliance on multiple
heuristic cues rather than optimal learning indicators (Liquin et al., 2021).

The neural foundations underlying these changes involve gradual maturation of brain networks
supporting curiosity. The hippocampus begins functioning early, but connections with the
prefrontal cortex—critical for sophisticated appraisal and metacognitive processes that are key
for effective curiosity behaviour—become fully mature only around age 13, marking adolescence
as a pivotal period for curiosity development (Gruber & Fandakova, 2021). Adolescents gain
enhanced capacity for abstract thinking and complex questioning, yet educational research
reveals declining academic curiosity during this period, possibly due to educational practices
emphasizing extrinsic over intrinsic motivation.

Adult curiosity patterns challenge simple decline narratives. While trait curiosity (general
exploratory tendency) shows negative relationships with age, state curiosity (situational
information-seeking) demonstrates positive age relationships (Whatley et al., 2025). This
suggests older adults become more selective, experiencing heightened curiosity for personally
relevant information while showing lower general curiosity traits. Maintaining curiosity in older
age predicts better cognitive outcomes and successful aging (Sakaki et al., 2018).

Major questions remain unanswered about curiosity development. The precise mechanisms
underlying the shift from child-like to adult-like curiosity triggers require further
investigation—does this reflect genuine changes in optimal information-seeking strategies,
differences in metacognitive abilities for estimating expected learning progress, or shifts in
learning goals from exploration to exploitation? Recent evidence suggests that metacognitive
abilities play a crucial role in these developmental transitions: children's capacity to predict how
their performance will improve with practice develops gradually, with younger children (ages
4-6) requiring substantial scaffolding to anticipate learning curves that older children (ages 7-8)
predict spontaneously (Zhang et al., 2025). Similarly, the ability to strategically allocate practice



based on task difficulty and future uncertainty emerges around age 6, suggesting that effective
curiosity-driven exploration depends on developing metacognitive skills for evaluating one's
current competencies and predicting future learning (Serko et al., 2025).

Beyond these first studies, longitudinal research is critically needed to track individual
trajectories and identify factors that promote or hinder curiosity maintenance across the
lifespan. Also, understanding cultural and contextual influences remains limited, with most
research conducted in Western populations, limiting generalizability. The relationship between
curiosity and other developing cognitive abilities—including executive functions, metacognition,
and theory of mind—requires systematic and crosscultural investigation. From a practical
perspective, research must also address why academic curiosity often declines during
adolescence and how educational practices can better support intrinsic motivation. Similarly,
identifying factors that promote curiosity maintenance in older adults could inform
interventions supporting successful aging and lifelong learning.

4.7 Long term developmental effects of curiosity: self-organization of
developmental trajectories

While numerous computational models of curiosity have been proposed—including those based
on novelty, surprise, uncertainty, and information gain—models implementing the Learning
Progress Hypothesis have proven particularly productive in revealing how curiosity can
self-organize long-term developmental trajectories. These models have uncovered a remarkable
property: curiosity-driven exploration based on learning progress spontaneously generates
developmental sequences that unfold over extended timescales, creating learning curricula of
progressively increasing complexity without any external programming or predetermined
developmental schedule (Oudeyer & Kaplan, 2006; Kaplan & Oudeyer, 2007). These
mechanisms lead learners to naturally avoid situations that are either trivial or too complex,
instead focusing on activities just beyond their current skill level where learning progress is
maximized—a zone of proximal challenge that automatically shifts as competencies develop
(Oudeyer et al., 2007). This dynamic process results in overlapping waves of developmental
phases, where multiple skills develop in parallel but with staggered onsets and peaks, mirroring
the cascading nature of human development (Oudeyer & Smith, 2016). These processes also
resonates with Vygotsky's zone of proximal development (Vygotsky, 1934) and with the Region
of Proximal Learning model (Metcalfe & Kornell, 2005) in educational psychology, which have
shown that learners strategically allocate study time based on their metacognitive assessment of
which materials fall within this optimal difficulty zone.

The Playground Experiment exemplifies this self-organizing principle, demonstrating how a
single curiosity mechanism can drive the emergence of ordered behavioral and cognitive stages
resembling those observed in infant development (Oudeyer et al., 2007). In this robotic
simulation, an agent equipped only with curiosity-driven exploration and basic learning
capabilities spontaneously progressed through distinct developmental phases: first engaging in
unorganized body babbling, then systematically exploring individual motor primitives,
subsequently discovering object affordances through non-functional then functional



manipulation, and finally achieving social interaction through vocalization with a responsive
partner (Kaplan and Oudeyer, 2006), while internally progressively building representations
that enable to distinguish self, other objects and other beings (Kaplan and Oudeyer, 2007a).
This progression from simple self-exploration to complex social engagement emerged solely
from the drive to maximize learning progress, with no preprogrammed developmental sequence.

Vocal development provides particularly compelling evidence for curiosity-driven
self-organization. Moulin-Frier et al. (2014) demonstrated how a robot exploring a realistic
vocal tract model through learning progress maximization naturally reproduced key stages of
infant vocal development. The system first discovered basic phonation control, progressed to
producing unarticulated vocal variations, and eventually mastered articulated proto-syllables—a
sequence strikingly similar to the progression from reflexive vocalizations to canonical babbling
observed in human infants (Oller, 2000). Critically, the model also captured the adaptive
transition from self-directed vocal exploration to socially-influenced vocal learning: as the
agent's vocal capabilities matured, imitating adult vocalizations began providing higher learning
progress than solo exploration, triggering a natural shift toward social learning without any
explicit switching mechanism.

Similar developmental cascades emerge in tool use acquisition, where curiosity-driven agents
spontaneously discover increasingly sophisticated manipulation strategies that culminate in
discovering that speech sounds can be used as tools to influence the behaviours of others, i.e. the
discovery of the linguistic functionality of speech (Forestier & Oudeyer, 2016, 2017),
recapitulating the major milestones of infant tool development from 6 to 24 months. Recent
work has extended further these findings to social domains, showing how virtual infants
equipped with curiosity-like intrinsic rewards naturally develop preferences for animate over
inanimate stimuli and spontaneously engage in contingent social play when paired with
responsive caregivers (Doyle et al., 2023; Kim et al., 2020). Similarly, predictive learning
mechanisms based on minimizing prediction error—another form of curiosity-driven
exploration—have been shown to generate diverse social cognitive abilities including self-other
discrimination, goal-directed action understanding, imitation, and even altruistic helping
behaviors (Nagai, 2019; Baraglia et al., 2016). Overall, these works suggest that fundamental
social competencies may emerge from domain-general mechanisms of curiosity.

These computational studies converge on a profound insight: the apparent regularity and
universality of developmental trajectories need not reflect innate maturational programs, but
can instead emerge from the interaction between curiosity-driven learning, embodied
constraints, and environmental structure. By automatically generating curricula adapted to
current capabilities, curiosity creates a form of developmental canalization where diverse
individuals following different specific paths nonetheless traverse similar broad
stages—explaining both the universality and individual variability observed in human
development.



4.8 How does social interaction influence curiosity behaviours?

Beyond the role of curiosity in leading the emergence of social behaviours in infants, another key
question arises at the interface of curiosity and sociality: How does social interaction influence
individual curiosity behaviours? Recent empirical work has demonstrated that curiosity can
indeed be "contagious," with social cues powerfully shaping what individuals choose to explore
and learn about (Dubey et al., 2021). In a series of experiments, participants showed increased
curiosity about scientific questions when those questions were presented with high popularity
cues (such as a large number of up-votes) compared to low popularity cues. Crucially, this social
influence on curiosity was mediated by two key factors: surprise about why others found the
question (not-)interesting, and the inferred usefulness of the knowledge gained from answering
the question. This finding aligns with further research showing that perceived usefulness is a
strong predictor of curiosity, suggesting that social signals help individuals assess the value and
importance of potential learning opportunities (Dubey et al., 2022).

The dynamics of curiosity in group learning contexts reveal even more complex social
influences. Sinha and colleagues (2017) proposed a theoretical framework distinguishing
between individual functions (such as personal knowledge seeking) and interpersonal functions
(such as shared exploration and collaborative reasoning) that contribute to curiosity in social
settings. Their empirical work demonstrates the strong role interpersonal functions exert on
curiosity, highlighting the strong social dimension of knowledge-seeking behaviour. Building on
this framework, Paranjape and colleagues (2018) developed computational models that can
predict moment-to-moment changes in curiosity based on sequences of behaviours exhibited
during group learning. Their findings reveal that convergence to high curiosity across an entire
group is most strongly associated with social behaviours such as questions and answers,
arguments, sharing findings, and collaborative scientific reasoning including hypothesis
generation and justification. These studies collectively demonstrate that curiosity is not only an
individual cognitive state but can also emerge through dynamic social interactions, with social
cues serving as powerful external influences that can enhance or diminish the intrinsic drive to
explore and learn.

In related human-robot interaction research, studies demonstrate that social robots can elicit
similar curiosity contagion effects. Gordon and colleagues (2015) showed that children could
"catch" curiosity from robots, while Ceha and colleagues (2019) found that robots expressing
curiosity through question-asking were perceived as curious and produced contagion effects
including increased participant question-asking and hypothesis generation. These findings
suggest that social influences on curiosity extend to human-robot interactions, offering potential
for educational technologies that leverage social dynamics to enhance learning.

4.9 Curiosity in non-human animals

Scientists have documented various forms of curiosity-driven behaviors across a remarkable
diversity of animal species for over a century. Pioneers like Darwin (1878) suggested the
existence of curiosity in animals, and subsequent decades have revealed similar behaviors across



birds, fish, rodents, octopuses, bears, and many other taxa (Glickman & Sroges, 1966; Bacon,
1980; Byrne et al., 2002; Heinrich, 1995). However, despite this rich historical foundation,
research on animal curiosity has been surprisingly understudied in recent decades, creating
significant gaps in our understanding of these fascinating behaviors (Forss et al., 2024).
Exceptions include recent neuroscience research which focused extensively on various monkey
species, particularly macaques, whose curiosity-driven behaviors have provided crucial insights
that have informed our understanding and study of human curiosity and its associated neural
circuitry (Monosov, 2024).

Studying curiosity in non-human animals presents unique methodological challenges that
researchers must carefully navigate. Animals cannot verbally report their subjective experiences
of curiosity, forcing scientists to rely entirely on behavioral observations and physiological
measures. Perhaps more fundamentally, animals inhabit vastly different perceptual worlds
(umwelten) than humans, meaning that what appears novel or interesting to a human observer
may be entirely familiar to the animal, and vice versa (Birchmeier et al., 2023). These limitations
require researchers to develop innovative experimental paradigms that can reliably distinguish
curiosity-driven behaviors from other motivational states that may also lead to exploratory
behaviour such as fear and hunger.

Despite these challenges, researchers have documented striking examples where animals clearly
pay costs to obtain non-instrumental information—behaviors that suggest genuine curiosity-like
motivation. Harlow's (1950) pioneering work demonstrated that rhesus monkeys would
persistently solve complex mechanical puzzles for hours without any external reward, exhibiting
what he termed "intrinsically motivated" behavior. More recently, macaque monkeys have been
shown to sacrifice water rewards to learn information about gambling outcomes they could not
use to change future results, suggesting they valued knowledge for its own sake (Daddaoua et al.,
2016; Bromberg-Martin & Monosov, 2020). American black bears in captivity display intense
interest in novel objects, even when no food reward is associated (Bacon, 1980). Ravens
demonstrate remarkable neophilia, preferentially investigating novel objects thousands of times
more than familiar background items, often abandoning these objects after brief exploration
once their novelty wears off (Heinrich, 1995). Even fish species like zebrafish show differential
responses to novel objects, suggesting that curiosity-like behaviors may be more widespread
than previously recognized (Franks et al., 2023).

These findings raise important questions about the cognitive mechanisms underlying animal
curiosity, particularly regarding different levels of metacognitive processing. A central debate
concerns whether information-seeking behaviors in animals reflect genuine metacognitive
awareness—conscious monitoring of one's own knowledge states—or merely demonstrate
metacognitive skills without awareness (Carruthers & Williams, 2019). Animals might exhibit
sophisticated uncertainty responses and adaptive information-seeking through executive control
processes that monitor environmental cues and internal states without necessarily involving
explicit awareness of their own cognitive processes.

Beyond questions of metacognition lies the even more complex issue of autotelic exploration.
Can some animals engage in truly self-directed autotelic exploration—imagining and setting



their own goals rather than simply responding to environmental stimuli? Do any species
demonstrate the capacity to establish learning objectives for themselves, planning future
exploratory behaviors based on anticipated knowledge gains? Whether any non-human animals
can engage in the kind of self-directed goal generation that characterizes human autotelic
exploration remains an open question with important implications for understanding the
evolutionary origins of autonomous curiosity.

The study of curiosity across diverse animal species offers invaluable insights for constructing a
comprehensive evolutionary account of this fundamental cognitive phenomenon (Ajuwon et al.,
2025) . By examining how curiosity manifests across different taxa with varying ecological
pressures, cognitive capabilities, and neural architectures, researchers can begin to identify the
core features that define curiosity versus those that represent species-specific adaptations (Forss
et al., 2024). Such comparative approaches not only illuminate the deep evolutionary roots of
curiosity but also provide crucial constraints for theoretical models, helping distinguish
universal principles from human-specific elaborations. Understanding animal curiosity may
ultimately reveal whether this remarkable drive to seek knowledge represents a fundamental
feature of intelligent life or a more recent evolutionary innovation that reaches its full expression
only in humans.

5. Broader connections
5.1 Curiosity and education

Curiosity plays a fundamental role in children's learning and development, particularly within
educational contexts. Research demonstrates that curiosity enhances learning through multiple
mechanisms: experimental studies show how curiosity states improve memory encoding
through increased attention, while also enhancing memory consolidation via dopaminergic
neuromodulation of the hippocampus (Kang et al., 2009; Gruber et al., 2014; Marvin &
Shohamy, 2016). Large-scale longitudinal studies reveal that early childhood curiosity
independently predicts better reading and math achievement at kindergarten, with particularly
strong effects for children from lower socioeconomic backgrounds (Shah et al., 2018). More
broadly and across development, curiosity correlates with long-term academic and professional
success, as intellectual curiosity emerges as a "third pillar" of academic performance alongside
intelligence and conscientiousness (Von Stumm et al., 2011), and relates to enhanced well-being
and life satisfaction (Kashdan & Steger, 2007).

Historically, educational approaches have varied dramatically in their treatment of curiosity.
Progressive educators like Maria Montessori and Friedrich Froebel developed child-centered
approaches that prioritized open-ended exploration and discovery learning, where children
actively pursue their interests and ask curious questions while teachers scaffold challenges of
increasing complexity (Oudeyer et al., 2016). These contrast sharply with more traditional,
instruction-focused approaches that emphasize direct and top-down knowledge transmission, in
a context where questions are most often formulated by teachers to evaluate children’s



knowledge. Modern research validates many principles underlying curiosity-promoting
educational environments, showing that learners benefit when they can explore personally
meaningful activities that support their psychological needs for autonomy, competence, and
relatedness—the three basic needs identified by Self-Determination Theory (Deci & Ryan, 1985).

The relationship between intrinsic and extrinsic motivation in classrooms remains complex and
debated. Self-Determination Theory (Deci & Ryan, 1985) distinguishes intrinsic
motivation—engaging in activities for their inherent satisfaction—from extrinsic motivation
driven by separable outcomes like grades or rewards. While curiosity represents a prototypical
form of intrinsic motivation, research reveals that external rewards can sometimes undermine
intrinsic motivation for inherently interesting activities (Deci et al., 2001). However, when
external structures provide informational feedback about competence rather than controlling
behavior, they may support rather than hinder curiosity-driven learning.

Despite curiosity's documented benefits, many contemporary Western schools struggle to
provide adequate space for children's expression and development of inquisitiveness (Engel,
2011; Evans et al., 2023). Multiple factors contribute to this challenge, including standardized
curricula, time pressures, and classroom management concerns. Critically, this limitation may
exacerbate educational inequalities: children from lower socioeconomic backgrounds often
arrive at school with different knowledge foundations than teachers expect, and opportunities
for curious questioning allow both children to express their knowledge gaps and teachers to
recognize them, enabling more personalized instruction (Goudeau et al., 2024). Research
demonstrates systematic disparities in classroom participation, with working-class students
receiving fewer opportunities to express themselves and less satisfactory responses to their
questions compared to their more privileged peers (Goudeau et al., 2023). Moreover, teachers'
beliefs about students' capabilities are influenced by socioeconomic status and ethnicity,
affecting academic evaluations and recommendations (Doyle et al., 2023). These patterns are
compounded by stereotype threat effects, where students from lower socioeconomic
backgrounds may self-censor their questions to avoid confirming negative stereotypes about
their academic abilities (Croizet & Claire, 1998), while social-class stereotypes more broadly
function to maintain educational inequalities (Durante & Fiske, 2017). In addition, children
from working-class families often lack the cultural capital needed to ask questions in ways that
are valued by schools, despite being the students who could most benefit from curiosity-driven
interactions (Calarco, 2011). Classrooms with limited space for curious questions thus create
additional barriers for students who would most benefit from adaptive teaching approaches.

Understanding curiosity's mechanisms offers promising directions for educational
improvement. Research emphasizes the importance of creating classroom environments where
curious question-asking is explicitly encouraged and where children receive satisfying answers
to their inquiries (Post & Walma van der Molen, 2019). Recent advances demonstrate that
curiosity can be enhanced through targeted interventions: training programs that develop
metacognitive skills (Proust et al., 2025), such as identifying uncertainties, formulating
hypotheses, conducting organized information searches, and monitoring learning progress,
significantly improve children's curiosity-driven behaviors and learning outcomes (Abdelghani
et al., 2023). Also, adaptive educational technologies can leverage computational models like the



Learning Progress Hypothesis to provide personalized learning experiences that maintain
optimal challenge levels and foster sustained engagement (Clément et al., 2024).

The scientific question of whether curiosity can be trained continues to generate important
research. Studies demonstrate that certain forms of curiosity-related skills can indeed be
developed through explicit instruction and practice. For instance, interventions that train
curious question asking (Abdelghani et al., 2022) or the full "identify-guess-seek-assess"
curiosity cycle show measurable improvements in children's ability to formulate meaningful
questions and engage in curiosity-driven exploration (Abdelghani et al., 2023). However,
changing deeper attitudes toward curiosity appears to require longer-term interventions with
sustained social interaction (Post & Walma van der Molen, 2019). These findings suggest that
while behavioral aspects of curiosity can be relatively quickly enhanced, fostering curiosity as a
robust and long-term learning disposition and skill requires more comprehensive educational
approaches that value and systematically support inquisitive behaviors across the school
environment.

5.2 Curiosity in AI and robotics: from solving hard exploration problems to
open-ended learning

The quest to build curious artificial agents has emerged from a convergence of multiple research
domains, each bringing complementary perspectives on how machines might autonomously
explore and learn. Initially developed independently in three distinct fields, artificial curiosity
has evolved from simple exploration mechanisms to sophisticated autotelic systems capable of
setting their own goals and pursuing open-ended discovery.

The historical origins of curious AI machines trace back to three foundational domains. In
developmental robotics, researchers sought to model human curiosity and its crucial role in
sensorimotor, cognitive, and social development in robotic systems (Barto et al., 2004; Oudeyer
et al., 2007; Baldassarre et al., 2014). Their primary objective was understanding how curiosity
drives infant development and implementing these principles in artificial agents.
Simultaneously, the machine learning community approached curiosity from two angles: in
reinforcement learning, where it helped solve problems with sparse rewards or local optima
(Andreae & Andreae, 1978; Sutton, 1990; Schmidhuber, 1991), and in supervised learning
through active learning algorithms that strategically sample data from unexplored regions or
areas of high model uncertainty (Cohn et al., 1994; Thrun, 1995). Meanwhile, evolutionary
computation researchers developed "novelty search" algorithms to discover diverse solutions
and overcome deceptive fitness landscapes (Lehman & Stanley, 2011; Pugh et al., 2016),
prioritizing behavioral diversity over pure performance optimization.

The mechanisms implemented in these artificial systems initially focused on knowledge-based
forms of curiosity, with agents driven to explore areas offering maximal novelty (Sutton, 1990;
Dayan & Sejnowski, 1996; Gordon et al., 2014), surprise (Friston et al., 2017; Schwartenbeck et
al., 2019), information gain and epistemic uncertainty (Osband et al., 2023), empowerment
(Salge et al., 2014), or learning progress in predicting action outcomes (Schmidhuber, 1991;
Kaplan & Oudeyer, 2007a). A significant evolution occurred with the emergence of autotelic



curiosity—first in robots (Baranes and Oudeyer, 2013; Srivastava et al., 2013; Santucci et al.,
2016; Forestier et al., 2022,), then in deep reinforcement learning systems (Colas et al., 2022).
These autotelic agents can learn to represent, generate, sample, and pursue their own goals,
potentially prioritizing those that maximize learning progress. Notably, quality-diversity
algorithms represent a large subfamily of autotelic curiosity approaches, systematically
exploring the space of possible behaviors while optimizing performance within each behavioral
niche (Pugh et al., 2016; Forestier et al., 2022).

The purposes for implementing curiosity in machines have proven remarkably diverse. First,
curiosity serves as a powerful tool for solving hard-exploration problems in reinforcement
learning—environments where rewards are extremely sparse or deceptive. This approach
enabled breakthrough performances in notoriously difficult video game benchmarks like
Montezuma's Revenge (Bellemare et al., 2016; Ecoffet et al., 2021) and complex robotic
manipulation tasks (Forestier et al., 2022). Second, curiosity drives automatic curriculum
learning, where Al systems progressively tackle tasks of increasing complexity (Narvekar et al.,
2020; Portelas et al., 2021), including approaches like unsupervised environment design (Wang
et al., 2019, Dennis et al., 2020). Third, curiosity acts as an engine for open-ended learning,
enabling agents to continuously acquire novel knowledge and skills of increasing complexity
without predefined objectives (Oudeyer et al., 2007; Santucci et al., 2020; Sigaud et al., 2023;
Jiang et al., 2023). Finally, curiosity mechanisms help discover diverse learnable behaviors in
complex systems, from automatically generating challenging benchmarks for testing frontier Al
models (Pourcel et al., 2024; Lu et al., 2025) to assisting scientists in exploring biological
networks (Etcheverry et al., 2024), self-organized physical (Falk et al., 2024) or chemical
systems (Grizou et al., 2020), and helping artists discover creative patterns (Secretan et al.,
2011; Chan et al., 2016).

Recent advances have integrated foundation models with autotelic curiosity, creating agents that
leverage vast prior knowledge encoded in large language models. These systems use language as
a powerful abstraction for goal representation, enabling agents to generate abstract,
culturally-aligned goals that resonate with human interests (Colas et al., 2022; Zhang et al.,
2023). Projects like Voyager demonstrate how LLM-powered agents can explore virtual worlds
autonomously, building ever-growing libraries of skills through self-driven discovery (Wang et
al., 2023). Other projects have explored how autotelic generative Al can continuously
self-improve by creating their own problems, learning to solve them and checking the solutions
with the help of external tools (e.g. code interpreters or automatic theorem provers), such as
self-improving skills for coding (Pourcel et al., 2024) or mathematics (Zhao et al., 2025). Such
approaches can also be seen from the applicative perspective of using LLM-based autotelic
curiosity for automated scientific discovery, e.g. for generating novel theorems and associated
proofs. In this line, the AI Scientist (Lu et al., 2024) demonstrates how Al systems can generate
scientific hypotheses, design experiments, analyze results, and even write scientific papers
autonomously.

However, implementing autotelic curious agents raises critical safety and ethical considerations.
As Al systems approach and potentially exceed human capabilities in some tasks and in some
contexts, unchecked agency poses major risks—from deception and pursuit of self-preservation



goals to potential loss of human control (Bengio et al., 2025). These risks emerge particularly
when Al systems optimize for rewards without truly understanding the causal structure of the
world or human intentions behind those rewards.

Intriguingly, algorithms for autotelic curiosity-driven exploration, when used as tools for
assisting human scientists, may help uncover and map diverse emergent capabilities of
generative Al systems (Lu et al., 2025), or identify diverse attacks or dangerous behaviours
(Samvelyan et al., 2024), helping prevent risks and reinforce safety.

In another perspective, implementing in machines metacognitive skills inherent to curiosity may
offer a potential path toward safer AI. As Johnson (2022) and Johnson et al. (2024) argue,
metacognition—the set of abilities to monitor, understand and control one's own cognitive
processes— may serve as a crucial safeguard mechanism, enabling Al systems to achieve
self-awareness about their limitations and potential failure modes. Metacognitive capabilities
may allow for self-diagnosis, anomaly detection, and the recognition of situations where the
system's knowledge or capabilities are insufficient-what one may call intellectual humility, and a
key part of curiosity processes.

Another way in which curiosity-driven AI may potentially contribute to building safer systems is
through the key role of curiosity to enable machines to understand causal relationships in their
environment, and thus develop deeper comprehension of the world and human values than
systems merely trained to maximize predefined objectives. An agent that has explored and
understood causal structures through self-directed experimentation would be less likely to
engage in reward hacking—such as a cleaning robot hiding dust under a carpet rather than truly
cleaning—because it would grasp the underlying human intention behind the task. Indeed, more
generally it has been argued that Al systems that learn causal models and maintain calibrated
uncertainty about predictions could prevent the brittle and dangerous behaviors (Bengio et al.,
2025). In this line, curiosity-driven systems that learn causal models through interaction with
humans offer a potential path toward more robust alignment. Rather than imposing rigid moral
constraints, these systems could be progressively educated within a particular human
culture—similar to how children learn social norms of their social environment—developing an
understanding of human values grounded in causal comprehension of social dynamics (Sigaud
et al., 2022; Colas et al., 2022).

The study of artificial curiosity ultimately illuminates the evolutionary advantages of curiosity in
biological systems. The remarkable effectiveness of curiosity-driven exploration in enabling
machines to thrive in complex, changing environments with sparse feedback strongly suggests
why similar mechanisms evolved across diverse animal species throughout phylogenetic history.
As we build increasingly sophisticated curious machines, we gain deeper insights into one of
nature's most powerful learning principles—the drive to explore, discover, and understand our
world not for external rewards, but for the intrinsic satisfaction of learning itself.
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