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Abstract

Rational constructivism is a contemporary theory of cognitive development. It proposes that
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evidence with existing knowledge via probabilistic inferential learning mechanisms. We begin with
a general overview of the theory of rational constructivism, covering its theoretical commitments and
predictions. We then describe how it accounts for the empirically observed patterns of both incremental
and radical developmental change and discuss the cognitive mechanisms underlying those conceptual
changes. Finally, we sketch out a general computational framework for it and address open questions
and directions for future research.
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1. Introduction

The fundamental question of cognitive development is how knowledge and cognitive
capabilities change over the lifespan. How do we go from not knowing our own names and
lacking concepts like zero and more to being able to use our knowledge to build bridges
that stand for centuries or write clever song lyrics? Theories of cognitive development are
broadly concerned with characterizing the starting state of the infant mind and exploring the
mechanisms that support change over time. In this introductory paper to the special issue,
we provide a general outline of rational constructivism—a theory of cognitive development.
We situate it relative to other theories, describing its theoretical commitments and how it
accounts for empirically observed patterns of developmental change. We then review the evi-
dence for the mechanisms that support developmental change, detail a general computational
framework for it, and highlight open questions and directions for future research.

Rational constructivism was developed as a theoretical framework for reconciling observed
early emerging cognitive abilities in infancy with the profound cognitive change we see across
childhood (see Xu, 2007, 2016, 2019; Xu & Griffiths, 2011; Xu & Kushnir, 2012). In doing
so, it synthesizes three major theoretical approaches in cognitive development: construc-
tivism, nativism, and empiricism. Constructivism, first developed by Jean Piaget (1954), drew
from biological models of human development and argued that children actively construct
the capacity for adultlike cognition through a gradual process of gathering new information
and adjusting their representations and theories in turn. Piagetian constructivism postulated
that children start from an initial state of only rudimentary sensorimotor representations in
infancy, without any capacity for abstract, symbolic thought, and gradually build up to the
rich, fully conceptual knowledge of adulthood. Accordingly, children must proceed through
qualitatively distinct, stage-like changes in cognition as they overturn their earlier theories in
favor of more well-supported hypotheses.

This relatively sparse characterization of infants’ innate cognitive competencies is clearly
at odds with the nativist argument, characterized by philosophers such as Plato, Renée
Descartes, Gottfried Leibniz, and Immanuel Kant, that human beings are innately endowed
with rich knowledge of concepts and capacities for reasoning (Laurence & Margolis, 2024;
Samet, Bronstein, Brown, Helmig, & Normore, 2024). And empirically, Piaget’s con-
structivist view has faced contemporary challenges inspired by such nativist philosophies,
including large swaths of experimental data with infants and young children, showing that
from a very young age, humans display extensive capacities for reasoning across a number
of cognitive domains (for reviews, see Carey, 2009; Spelke, 2022). These findings of early
cognitive capacities emerging in many cases years before Piaget had described, marked
something of a “nativist turn” in cognitive development. Much empirical work supports a
picture of human infants as possessing innate representationally rich structural and concep-
tual “core knowledge” (Carey & Spelke, 1994) that facilitates early reasoning in specific,
evolutionarily important cognitive domains such as number, space, objects, and social agents.
Further, this core knowledge has been shown to exist alongside the development of more
complex cognitive capacities later in life, grounding the underlying ability to represent these
domain-specific forms of knowledge throughout the lifespan.
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Simultaneously, though, advances in the capabilities of artificial neural networks led to the
development of an alternative empiricist account for children’s early abilities. Like Piaget,
these proposals argue that children are born with a lean starting state that includes very few
built-in representations, but unlike Piaget, they propose a powerful, associationist learning
mechanism. They argue that children’s developing capacities throughout infancy and early
childhood can be described by artificial neural networks sometimes referred to as connec-
tionist models, which learn unstructured, non-symbolic latent representations of a given task
(Elman et al., 1996; Munakata & McClelland, 2003).

While Piaget’s specific claims were found to substantially underestimate infants’ early
abilities, recent work exploring many areas of core knowledge such as social cognition
and number, as well as others such as language and meta-learning, has revealed substantial
developmental change across infancy and early childhood. These instances of significant
change in the nature of children’s representations revived interest in construction as a moti-
vating analogy for the process of cognitive development. In light of these findings, rational
constructivist theories (e.g., Gopnik & Wellman, 2012; Xu, 2016, 2019; Xu & Kushnir, 2013)
and related perspectives within probabilistic modeling of human cognition (e.g., Piantadosi,
2021; Rule, Tenenbaum, & Piantadosi, 2020; Ullman & Tenenbaum, 2020; Xu & Griffiths,
2011) explicitly articulate a set of proposed high-level mechanisms of change. On these
theories, a child with a (minimal) set of innate knowledge develops working theories about
the world by gathering information, testing their beliefs through active intervention, and
revising or overturning their theories rationally via evaluating the strength of the evidence
for and against different candidate theories. In doing so, they provide an explanatory model
of belief revision and conceptual change that can be formalized more precisely than could
Piaget’s constructivist theory, which provided a fuzzier account of the specific mechanisms
by which theory change occurs (e.g., Brainerd, 1978).

Although commitments to the specific nature of children’s initial representational capac-
ities and to the implementation of learning mechanisms may vary, we see three major
commonalities uniting rational constructivist theories, broadly characterized:

1. People’s concepts are theory-like representations that license predictions and explana-
tions about the world, which must be testable and revisable. Our current set of theories
constrain how we understand the world and interpret data, shaping our future theories.

2. Revision primarily occurs via statistical and inferential learning mechanisms that are
rational in the sense that they approximate Bayesian inference, allowing for the updat-
ing of prior beliefs with new evidence and for drawing strong, inductive conclusions
from observed data. Revision can take the form of either incremental or radical con-
ceptual change.

3. Human beings possess the capacity and tendency to act on the environment to obtain
and generate information efficiently and autonomously.

Throughout, we will use the term “rational constructivism” to describe this set of com-
mitments. Next, we lay out the evidence supporting these claims, beginning by identify-
ing discontinuities in infants’ and young children’s representations of everyday concepts,
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reflecting an overturning or revision of these earlier representations in favor of more flexi-
ble and generalizable knowledge.

2. Rational constructivism: Predictions and evidence

A key prediction of rational constructivism is that children should be capable of not sim-
ply tweaking but radically revising initially held beliefs, whether these initial beliefs take
the form of conceptually rich core knowledge (e.g., Baillargeon, 2002; Carey, 2009; Spelke
& Kinzler, 2007), innate theories (e.g., Gopnik & Wellman, 2012), or something straddling
the line between perceptual and conceptual (e.g., “proto-conceptual primitives”: Xu, 2016,
2019). Children show the capacity to reason about many domains, including numerical quan-
tities, intuitive physics, and social agents, from early in infancy (Gopnik & Wellman, 2012;
Spelke, 2022; Xu & Kushnir, 2013). However, these early-emerging capacities also differ
substantially from those observed later in life, often exhibiting a discontinuous relationship as
children acquire more complex, abstract reasoning abilities. Rational constructivism accounts
for this phenomenon, observed across multiple domains of child cognition, by positing that
children’s changing behavior on these tasks across development reflects a conceptual revision
and reorganization of children’s naive theories.

For an example, let us consider empirical investigations of how infants represent kinds.
Sortal kinds are entities that can be enumerated and individuated; “person” is a sortal kind
since we can use information about the number of people, or about individuating charac-
teristics of distinct people, to determine the identity of a person, while mass nouns such
as “water” are not. Xu and Carey (1996) tested 10- and 12-month-old infants’ abilities to
individuate objects on the basis of kinds. During the experiment, one object (a duck) emerged
from behind a central occluder and was then hidden. Then, another object (a ball) emerged
from the occluder only to be hidden again. Finally, the occluder was removed, and children
were allowed to see behind it. Because the identity of the objects presented differed in kind,
a child tracking individuated objects should expect to see two objects when the occluder
is taken away, even though they only ever saw one object at a time. Twelve-month-olds,
but not 10-month-olds, looked reliably longer at the unexpected display (one object) than
the expected display (two objects). One rational constructivist account of this failure is
that younger infants’ representations of hidden objects are less conceptually rich than older
infants. Ten-month-olds might represent only that an object went out of view, but not the
category membership of that object, while by 12 months infants may have a more enriched
theory of objects that includes their kind. Critically, children whose parents indicated that
they understood the meanings of the words used in the task (e.g., duck or ball) were more
likely to look longer to the one-object display than the two-object display, suggesting a role
for language acquisition as a potential driver of infants’ development from a general concept
OBJECT to a more mature object concept based on specific identities.

Another area in which children display very early understanding that is nevertheless
subject to substantial change across development is biological reasoning. At its lowest level,
reasoning about biological concepts requires distinguishing between entities that govern
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their own actions and motions and those that do not. One of the earliest and most relevant
distinctions that infants can use to reliably establish agency is between biological and nonbi-
ological motion. Even newborns in the first few days of life recognize these forms of motion
as distinct (e.g., Bardi, Regolin, & Simion, 2011; Simion, Leo, Turati, Valenza, & Barba,
2007); this capacity is shared with visually naive newborn chicks (e.g., Vallortigara, Regolin,
& Marconato, 2005) and other species including cats and fish (Blake, 1993; Schluessel,
Kortekamp, Cortes, Klein, & Bleckmann, 2015), and by the end of the first three months of
life, infants consistently prefer biological motion displays to visually similar nonbiological
motion displays (Bertenthal, Proffitt, & Cutting, 1984).

While early categorization based on cues like motion gets infants off the ground in biolog-
ical reasoning, these basic notions are revised and reorganized into more theoretically rich
and complex structures as evidence accumulates to suggest this early organization is too sim-
plistic. Young children begin to use their knowledge of intuitive biology to understand what
unites living things, such as growth, motion, and illness (e.g., Carey, 1985; Inagaki & Hatano,
2004; Wellman & Gelman, 1992). For example, starting around age 3 years, children infer
that members of a biological category share an internal essence that causes them to display
category-typical properties and behaviors, even when they do not appear superficially sim-
ilar to other members (Gelman & Davidson, 2013; Gelman & Markman, 1986; Gelman &
Wellman, 1991). They also begin to shift from a view that biological categories are mutually
exclusive to one another (Markman, 1989) to a hierarchically structured taxonomic theory of
biology, using superordinate categories such as “plant” or “animal” (e.g., Waxman & Gelman,
1986) as well as subordinate categories such as “oak tree” appropriately based on context
such as contrasting information (Waxman, Lynch, Casey, & Baer, 1997; Xu & Tenenbaum,
2007) and linguistic form (Gelman, Wilcox, & Clark, 1989). These revisions to biological
theory represent significant conceptual change, where children restructure the contents of
categories, as well as category structure itself when evidence in the world contradicts their
earlier theories.

Relatedly, children also exhibit substantial developmental change in their reasoning about
social agents. Infants use cues such as animacy to reason about the agency of objects in their
environment (e.g., Schlottmann & Ray, 2010), developing an understanding that the actions
of such agents are goal-directed (Csibra, Biré, Kods, & Gergely, 2003; Gergely & Csibra,
2003; Woodward & Sommerville, 2000; Woodward, Sommerville, & Guajardo, 2001). These
cues facilitate an early understanding of others as social agents who act intentionally on
the world. Further, although other human beings are an understandable focus of children’s
early life, cues to agency can be applied widely, as infants and children attribute agency to
inanimate objects such as puppets, at least when treated as agents by others (Asaba, Li, Yow,
& Gweon, 2022; Yu & Wellman, 2022, but see Dragon & Poulin-Dubois, 2023). But again,
this early understanding is in some ways limited. Empirical work suggests that infants’ initial
theory of desires assumes that preferences are universal across people (or at very least, that
other people’s preferences will align with the infant’s). For example, on a task in which an
adult expresses a dislike for a food the child likes, infants tend to behave as though the adult’s
preference is indeed aligned with theirs, offering the adult food that they themselves like, but
the adult professed a dislike for (Repacholi & Gopnik, 1997). But as children develop, they
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are faced with increasingly varied situations in which they observe individuals whose goals
and intentions sometimes align with, but sometimes differ from, the child’s own. Thus, by the
ages of 2 to 3 years old, toddlers exhibit an understanding that others can hold preferences
distinct from their own (Doan, Friedman, & Denison, 2021; Ma & Xu, 2011). And impor-
tantly, infants who are exposed to additional experiences with differing preferences through
a training procedure show this more differentiated theory of preferences in their behaviors
(Doan, Denison, Lucas, & Gopnik, 2015). Together, these findings suggest that young infants
go from a parsimonious hypothesis—that is, that preferences are universal or identical to the
infants’ own—but are capable of revising this hypothesis as they encounter additional evi-
dence that preferences, although often similar, are not universally shared (Lucas et al., 2014).

Related to this broadening understanding that the underlying causes of human behavior are
often abstract intentions, goals, beliefs, and desires, children also learn to represent abstract
physical causal relations and use this understanding to intervene on their environments (for
reviews, see Goddu & Gopnik, 2024; Muentener & Bonawitz, 2017). Children’s causal rea-
soning abilities develop significantly in the first few years of life: As infants and toddlers they
distinguish causal relations from non-causal ones (Cohen & Amsel, 1998; Leslie & Keeble,
1987; Saxe & Carey, 2006; Tecwyn, Mazumder, & Buchsbaum, 2023) and use probabilis-
tic inference to reason about causes (Gopnik & Schulz, 2004; Sobel & Kirkham, 2007). In
the toddler and preschool years, they observe and then imitate the intentional actions of oth-
ers to achieve causal outcomes and more generally develop their capacity for engaging in
causal interventions (Buchsbaum, Gopnik, Griffiths, & Shafto, 2011; Gergely, Bekkering, &
Kiraly, 2002; Meltzoft, 1995; Schwier, van Maanen, Carpenter, & Tomasello, 2006). Indeed,
by the time children are roughly 5 years old, they have gained ample knowledge about how
their actions affect the world through observation, instruction, exploration and play (Schulz,
2012). Accordingly, much literature shows that children design interventions on causal sys-
tems and learn from them to reveal relationships between causal variables (Bramley, Jones,
Gureckis, & Ruggeri, 2022; Kushnir & Gopnik, 2005; Lapidow & Walker, 2020; Ruggeri,
Swaboda, Sim, & Gopnik, 2019; Schulz et al., 2007; Sobel & Sommerville, 2010). But what
mechanisms allow children to revise their theories in these domains (e.g., psychological and
physical causality) so dramatically?

2.1. Mechanisms of theory change across development

One of the ways in which rational constructivism distinguishes itself from some previous
constructivist theories is in its specification of mechanisms and systems that facilitate knowl-
edge acquisition and change. Specifically, rational constructivism assumes that humans are
by and large rational learners, with respect to their current set of beliefs (often referred to as
hypotheses). This assumption of rationality postulates that human beings integrate new evi-
dence with their current belief states proportional to the strength of their candidate beliefs and
the likelihood of the observed evidence under those beliefs, a computation formally equiva-
lent to Bayes’ rule (for an introduction, see Perfors et al., 2011).

To give an example, someone flipping a coin might assume that the chance of encountering
a trick coin that always lands on heads rather than a fair coin is very low in general; say, 1
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in 1 million. But let us say you flip a coin 10 times and each time it lands on heads. This is
more likely with a trick than a fair coin, and so you would increase your belief that it is a trick
coin accordingly. However, because the prior probability of it being a trick coin is so low, you
should still believe that the coin is most likely fair, say upping the chance of it being a trick
coin to 1 in 1000. However, if the coin lands on heads 100 times in a row, you would now
be pretty convinced that something fishy is happening because the chance of that happening
with a fair coin is vanishingly rare.

However, as Bayesian reasoning is often computationally intractable in real-world settings
with many candidate hypotheses and a large amount of information to integrate, both chil-
dren and adults are often not able to engage in idealized Bayesian reasoning (Bhui, Lai, &
Gershman, 2021; Lieder & Griffiths, 2020). Nevertheless, Bayesian models of cognition have
predicted human performance on a variety of tasks (e.g., Austerweil, Gershman, Tenenbaum,
& Griffiths, 2015; Goodman, Ullman, & Tenenbaum, 2011; Ullman & Tenenbaum, 2020),
and computational cognitive science has extended these theories by proposing models with
more biologically plausible assumptions about cognitive resource constraints (e.g., Bramley,
Dayan, Griffiths, & Lagnado, 2017; Griffiths, Chater, Kemp, Perfors, & Tenenbaum, 2010;
Lieder & Griffiths, 2020). In this section, we review several mechanisms that facilitate chil-
dren’s capacity to revise their beliefs across development: probabilistic inference, inductive
constraints, abstraction, and hypothesis generation.

Given the centrality of probabilistic reasoning to Bayesian models of cognition, rational
constructivism predicts that from infancy, humans should be able to detect and evaluate prob-
abilistic information in the environment and use these probabilistic patterns to make infer-
ences and predictions. Converging evidence from multiple domains suggests that infants can
use statistical information within the first year of life to reason about their environment. For
example, infants can use the transitional probabilities of syllables to detect word boundaries
(Saffran, Aslin, & Newport, 1996) and visual patterns (Kirkham, Slemmer, & Johnson, 2002),
providing them with a critical early tool for segmenting regularities in language and the visual
stream. Infants can also make inferences about probabilistic outcomes, looking longer at
improbable sampling outcomes, and toward the end of the first year, using probability to
guide choices (Denison & Xu, 2010; Denison, Reed, & Xu, 2013; Teglas et al., 2007; Xu &
Garcia, 2008).

Critically, infants between 1 and 2 years old are also developing a sense of how seeming
“violations of probability” are not simply unusual surprises but can reflect differences in the
data generation process. This manifests as an early curiosity by 13-month-olds to preferen-
tially explore samples that seem ‘“‘suspiciously” discordant with the underlying probability
based on the distribution from which they are drawn (Sim & Xu, 2017). Infants also begin to
reason about the explanation for these non-random samples: For example, if a jar contained
mostly blocks instead of spring toys, a child might infer that someone who pulled only spring
toys out of the jar for themselves was not simply randomly drawing the rarer item but was
specifically intending to take out the spring toys, possibly due to the person’s preference (e.g.,
Gweon, Tenenbaum, & Schulz, 2010; Kushnir, Xu, & Wellman, 2010). This early understand-
ing that intentionally generated data exhibit different patterns than randomly generated data,
in turn, facilitate children’s ability to make stronger inferences about how other people’s pref-
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erences can differ from their own (Lucas et al., 2014; Ma & Xu, 2011) and how (or how not)
to learn from teaching (e.g., Bonawitz et al., 2011; Buchsbaum et al., 2011; Shafto, Goodman,
& Griffiths, 2014).

More broadly, children’s learning from social partners does not only take into account
the perceived intentions and desires of the demonstrator but also inferences that children
make about the demonstrators themselves, such as their reliability, informativeness, and
confidence (Bridgers, Buchsbaum, Seiver, Griffiths, & Gopnik, 2016; Buchsbaum, Bridgers,
et al., 2012; Buchsbaum, Seiver, Bridgers, & Gopnik, 2012; Gelpi & Buchsbaum, 2025). By
the time children are 3 years old, they are beginning to develop a sense of selective trust,
endorsing testimony more frequently when an informant is known to be an expert in the
domain in question or has previously been accurate, as well as when an option is endorsed by
a consensus or a majority of (independent) informants (for reviews, see Gelpi & Buchsbaum,
2025; Harris, Koenig, Corriveau, & Jaswal, 2018; Mills, 2013). Children also tune their
inferences according to the domain in which they are learning, showing a greater sensitivity
to consensus in normative domains than causal domains (Pham & Buchsbaum, 2020), and
extending more credibility to testimony that conflicts with their own ambiguous observations
when an informant is confident rather than naive (Bridgers et al., 2016), although the strength
of this tendency varies across cultural contexts (Sebastidn-Enesco et al., 2020). They con-
sider not only the number of endorsements but the source of their informants’ and their own
knowledge, though they do not always weight these sources as an adult would (Gelpi, Otsubo,
Whalen, & Buchsbaum, 2025; Gelpi, Whalen, Griffiths, Xu, & Buchsbaum, 2025). These
cues allow children to further narrow their hypothesis space by evaluating the likelihood of
information within its social context, discarding social information that is perceived to be
less reliable, and placing greater weight on social information from more trusted sources,
particularly in domains where asocial learning is impossible.

Another cognitive mechanism that complements probabilistic reasoning and social learn-
ing is children’s ability to identify abstraction. Developing abstract, hierarchical concepts
for the relationships that (learned) statistics map to can greatly simplify the representational
complexity of the environment. For example, a thought experiment from Goodman (1955)
presents a situation in which one has a number of bags, which have marbles of unknown
color inside. Opening up one bag and removing all the marbles reveals that every marble
in this first bag is red. Opening up the second bag reveals that every marble in this bag is
blue. After drawing a single marble from the third bag, and seeing that it is yellow, a plausi-
ble hypothesis is that the remaining marbles in this bag are yellow, even though most of the
other marbles observed thus far have been red or blue. Further, a learner might infer that all
unopened bags, while having unknown colors of marbles inside them, may be more likely
to each have the same color of marble inside them. These hypotheses about hypotheses, or
overhypotheses, can in principle be learned quickly and applied to new situations, making
children and adults alike more effective probabilistic learners (Dewar & Xu, 2010; Felsche,
Stevens, Volter, Buchsbaum, & Seed, 2023; Felsche, Volter, Herrmann, Seed, & Buchsbaum,
2024; Goodman et al., 2011; Kemp, Perfors, & Tenenbaum, 2007).

Learning abstract symbol systems, most prominently language, may also undergird
children’s generalization about other systems. One prominent example can be seen in the
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development of number concepts: Children who learn languages with exact number systems
undergo a transition from learning to count to 4 or 5 to a general understanding that all
integers represent a unique, exact quantity (Carey, 2009; Piantadosi, Jara-Ettinger, & Gibson,
2014), while speakers of languages without larger number concepts shift to using approxi-
mate number systems for larger quantities (Pica, Lemer, Izard, & Dehaene, 2004). Language
may also play a key role by allowing children to generalize in sophisticated ways about early-
emerging, domain-specific knowledge. When children learn about biological categories,
for example, they are often presented with information like “birds fly” or “mammals have
fur” (Gelman & Raman, 2003; Gelman, Goetz, Sarnecka, & Flukes, 2008). These generic
statements license broad generalizations about category members (Cimpian & Markman,
2009; Gelman, Ware, & Kleinberg, 2010), even when a category member is atypical in
other ways (Graham, Gelman, & Clarke, 2016). Importantly, however, these statements are
flexible, such that category members can also sometimes violate a general pattern without
the generic statement being wrong—for example, that it can be true that birds can fly and
that penguins are birds, despite penguins not being able to fly (Gelman & Raman, 2003).
Children use and understand generic statements as young as age 3 (Gelman et al., 2008;
Gelman, Leslie, Was, & Koch, 2015), and these statements provide children with a powerful
inductive tool to organize their world into natural categories, or “kinds” (Brandone, Cimpian,
Leslie, & Gelman, 2012; Khemlani, Leslie, & Glucksberg, 2012). Importantly, the salience
and importance of a category depends on one’s social environment; thus, children’s induction
must be (and is) flexible enough to allow them to learn culture- and language-specific
category knowledge (see also Diesendruck, 2003).

All of the above mechanisms provide children with a rich toolbox for revising their existing
beliefs given the data they encounter and inductive principles that allow for broad generaliza-
tion and rapid learning across all domains. However, in addition to requiring mechanisms that
allow them to induce the likeliest hypotheses out of a set of candidates after observing data,
children must be able to generate new hypotheses to evaluate in the first place. One such tool
that could enable this is a capacity for “constructive thinking” (Lombrozo, 2020; Xu, 2019),
allowing for not only incremental revision of existing beliefs but the generation of ideas out-
side of one’s current hypothesis space. As relative newcomers to the world, children lack a
great deal of explicit knowledge and must learn to evaluate what they do not know and how to
obtain this information. Sometimes, this can take the form of thinking through explanations
for the data they encounter in the world; for example, 5-year-old children prompted to provide
an explanation for an outcome (whether a garden is healthy or sick) were more likely to gener-
ate parsimonious hypotheses for the data than those prompted to report the outcome (Walker,
Bonawitz, & Lombrozo, 2017), and investigations of adults have similarly revealed that the
explanation drives their hypothesis generation (Brockbank & Walker, 2022). These efforts to
seek explanations for the data they observe also drive children’s active information search
through other means, such as asking questions. And finally, children can often take advantage
of evidence in the form of explanations from others (e.g., Ganea, Larsen, & Venkadasalam,
2021), quickly revising their beliefs when these explanations prove to be more effective and
robust than their initial theories.
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Additionally, these mechanisms—probabilistic inference, inductive biases, abstraction, and
hypothesis generation—work in concert to allow children to assess evidence and revise their
beliefs in the face of data (Bonawitz, Ullman, Bridgers, Gopnik, & Tenenbaum, 2019). In one
study, children were presented with a task in which they must attempt to reason about the rules
governing objects with a novel causal property similar to magnetism (blue or yellow objects,
in which like colors repel one another and opposites attract) or “inverted” magnetism (i.e., like
colors attract, and opposites repel). Children were initially shown ambiguous evidence: three
blocks of unknown color stuck to blue blocks and repelled yellow blocks, and three unknown
blocks stuck to yellow blocks and repelled blue blocks. Because the identity of these blocks
was not known, the data at this point were consistent with both the magnetism theory and the
inverse-magnetism theory. Then, they were presented with a single piece of disambiguating
evidence that was either consistent with magnetism (e.g., a blue block sticking to a yellow
block but pushing away other blue blocks) or the inverse-magnetism theory (e.g., two blue
blocks sticking together but pushing away yellow blocks). Despite having a strong prior belief
toward hypotheses favoring “sticking” relationships (i.e., that all blocks will stick), children
successfully generated the two possible candidate hypotheses significantly more often than
any others and used the disambiguating evidence to come to the correct solution based on the
disambiguating data more often than other potential solutions. This ability to revise beliefs to
account for new evidence can occur even when the theories supported by the evidence seem
counterintuitive to young children, such as germ theory or psychosomatic illnesses (Keil,
Levin, Richman, & Gutheil, 1999; Schulz et al., 2008).

2.2. Active learning

The idea that children actively seek evidence from their environment to construct and
revise their intuitive theories, and to develop effective tests of these theories, often termed
active learning, plays a central role in rational constructivism. In this framework, the active
nature of children’s learning reflects not just learning from motor behavior and feedback
but the way in which children actively observe the world around them, whether by asking
questions, selecting information to learn from, or intervening on causal systems.

From early infancy, even before developing the capacity for fine motor control, humans
exhibit selective attention, preferentially attending to some stimuli over others and exploring
them more deeply and using the statistical contingencies of this information to form rudimen-
tary categories of sameness and difference (Oakes, Madole, & Cohen, 1991). Additionally,
infants are drawn to visual and auditory content that sits in a “Goldilocks” zone of medium
complexity. This pattern of attention allows them to update their beliefs to accommodate new
information by focusing on events that are moderately surprising and avoiding levels of prob-
ability that are so low there is little to be learned or so high that integrating it with existing
information is difficult (Kidd, Piantadosi, & Aslin, 2012; Kidd, Piantadosi, & Aslin, 2014).

Infants also appear to evaluate data with multiple candidate hypotheses in mind, excluding
a theory only when data contradict it (Gerken, 2010) and balancing their inferences about the
likelihood of the data given a hypothesis with the parsimony of the hypothesis (Bonawitz &
Lombrozo, 2012). Given that children are still learning a great deal about the world, and many
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of their theories must continue to be developed and revised throughout childhood, a tendency
for “creative rationality” (Fedyk & Xu, 2018; see also Giron et al., 2023; Gopnik, 2020; Pelz
& Kidd, 2020), in which children might test very unusual, low-probability, or counterfactual
hypotheses despite their seeming implausibility or irrelevance to the task at hand, might also
be a useful way for them to gain knowledge about the world. Although this principle conflicts
in some ways with principles of idealized Bayesian rationality, it may nevertheless optimize
long-run information gain, as children must often radically revise their theories in order to
learn potentially counterintuitive, but correct, explanations for phenomena such as density or
gravity.

Although children learn actively from infancy, their emerging capacities for coordinated
action increasingly enable them to explore their environment and change it through their own
interventions. A key dilemma that young children face is the information selection problem:
Knowing what they do and do not know, and which actions will result in outcomes that fill
in the gaps in their knowledge. Particularly when they have little task-specific knowledge to
guide their choices, young children initially explore their potential options—sometimes they
do so randomly (Giron et al., 2023; Meder, Wu, Schulz, & Ruggeri, 2021; but see Schulz,
Wu, Ruggeri, & Meder, 2019), sometimes systematically (Blanco & Sloutsky, 2021; Sumner,
Steyvers, & Sarnecka, 2019), but in general, they appear to spend more time learning about
their environment than exploiting well-known areas of reward.

Although both random and systematic exploration can provide ample information, these
strategies often do not yield optimal outcomes when the opportunities to learn are particularly
sparse or when obtaining rewards is more important. In these situations, directed exploration
toward areas known to be informationally rich or highly uncertain is an important tool for
improving rapid learning and long-run reward. As mentioned earlier, children’s and adoles-
cents’ ability to design domain-specific interventions that optimize their learning improves
over time (e.g., Nussenbaum et al., 2019; Schauble, 1990). Similarly, children learn strategies
that help them resolve uncertainty in pure-exploration environments (e.g., Ruggeri, Stanciu,
Pelz, Gopnik, & Schulz, 2024) and environments that trade off exploration and exploitation
(Meder et al., 2021; Schulz et al., 2019).

One of the most complex domains where children must develop strategies for obtaining
information is natural language. Unlike many experiments or games, in which children’s
action space is highly limited, there are a theoretically infinite number of questions that chil-
dren can ask, making it particularly important for children to identify the features of questions
that result in receiving relevant and informative explanations. Although younger children
struggle to both generate informative questions and recognize when questions no longer pro-
vide additional information, even 5-year-olds can identify informative questions when choos-
ing from options provided to them (Ruggeri & Lombrozo, 2015; Ruggeri, Sim, & Xu, 2017).
Also, children’s overall ability to generate and learn from question-asking improves with
age (Jones, Swaboda, & Ruggeri, 2020; Ruggeri & Lombrozo, 2015), possibly because they
develop strategies that can be reused or tweaked across different situations (Liquin, Rhodes,
& Gureckis, 2024). We will return to how children might implement such a strategy below,
but first, we turn our focus to specific algorithms of theory change.
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3. Algorithms of theory change

So far, we have presented findings of developmental theory change and discussed how these
findings are characterized at a high level by the mechanisms proposed by rational construc-
tivism. In this section, we will showcase how recent computational approaches can capture
these empirical results and be used to critically assess the theoretical commitments of rational
constructivism. As we have established, learning and development start with a set of building
blocks and an agent’s ability to construct naive theories of the world from these initial ele-
ments through inference and learning. These intuitive theories go beyond perceptual stimuli,
positing invisible latent variables and abstract principles.

As discussed above, learning in the rational constructivist framework operates at multiple
hierarchical levels of abstraction (see Goodman’s, 1955, thought experiment). At the the-
ory level, the agent is learning what theories and representational structures are relevant for
different domains: For example, different species of animals can be organized along taxo-
nomic structures, whereas social relationships can be captured by the connections of social
network graphs. At a more concrete level, details of the structures of these theories must also
be learned: A child must learn that, while they are perceptually similar, sharks and dolphins
should be positioned at different branches of the taxonomy.

In the rational constructivist framework, learning both at the theoretical and concrete level
amounts to Bayesian updating: using observations combined with our prior beliefs to derive
a new belief via Bayes’ rule. This very general framework aligns with Marr’s (1982) com-
putational level of analysis, characterizing the problem of how agents ought to update their
beliefs when faced with new data and providing an optimal solution to the task. Comparing
how closely humans match these ideals or describing how their inferences deviate from the
optimal solutions has been a very fruitful perspective in cognitive science (e.g., Oaksford &
Chater, 2007; Tenenbaum, Kemp, Griffiths, & Goodman, 2011). However, computational-
level theories do not capture the processes and algorithms by which a solution is reached
(the algorithmic level) or the method by which these processes are physically realized (the
implementational level).

We have seen that the naive theories children have allow for flexible inferences and a range
of behaviors. For example, the theories children learn about animals can inform flexible gen-
eralizations about which features all members of an animal group, such as birds or fish, should
share. They should also allow children to reason about novel, and often latent, properties these
animals could exhibit, and classify novel animals as belonging to the same category or not
(Kemp & Tenenbaum, 2008, 2009). Moreover, these behaviors are not limited to feature or
category inferences and generalizations; children use these theories to ask questions (Liquin
et al., 2024), predict how actions or interventions would change an entity or category member
(Kemp et al., 2007), or simulate behaviors or events through play (Chu & Schulz, 2020).

The range of behaviors that these theories can facilitate suggests that the theories that
children learn are not simply rules that discriminate between, for example, category members
like birds (and non-birds), but full-fledged models of the domain in question that license
predictions, novel inferences, explanations and generalizations (see Fig. 1). These generative
models attempt to approximate how objects, agents, behaviors, or events in a domain are
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Fig. 1. An example of a hierarchical theory space. Theories at each level influence the structure and probability of
hypotheses at the level below, and observations are in turn used to update the theory spaces.

produced. For example, when describing how objects move in their environment, a naive
theory of physics would attempt to model the forces governing the movement of objects, such
as by inferring magnetic forces when observing how magnets can displace other objects (e.g.,
Bonawitz et al., 2019) or how properties such as mass, friction, and gravity jointly interact
within complex scenes (Ullman, Stuhlmiiller, Goodman, & Tenenbaum, 2018). Similarly,
a naive theory of biology could posit latent factors that generate the different appearances
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or behaviors of different kinds of animals and that some, but not all, externally observable
characteristics such as shared features or behaviors reflect taxonomic proximity.

These generative theories are flexible since they can make predictions about novel entities
(e.g., inferring whether a flying animal you have never seen before is a bird) and produce new
data by generating how different assumptions would result in, for example, different physical
movements or different biological organisms. This flexibility allows a learner’s theory to sup-
port a range of behaviors, from inference and generalization to question asking or planning of
causal interventions. However, this flexibility also comes at a price— learning these theories
is data intensive and computationally challenging.

Computational models of rational constructivism must provide accounts of how these
different representations can be learned from simpler building blocks and how these rep-
resentations allow the learner to infer and generalize. As we touch on in our discussion of
innate knowledge, multiple sources of initial knowledge have been suggested, such as core
knowledge, but so far there is no consensus on what exactly these initial concepts consist of
or how expressive and adaptable they are. However, to allow the agent to construct theories
from these initial elements that can be used to derive inferences, these elements must be com-
posable, that is, the agent must be capable of constructing more complex theories from the
initial concepts. This form of composing more complex expressions from simpler elements
resembles how languages can express propositions about the world by composition, and
one well-known theoretical and computational perspective on the nature of compositional
representations is that these naive theories are produced by a language of thought (LOT,
Fodor, 1975),! though compositionality may be implemented in other ways.

In the following subsections, we will first discuss different formalisms that can function as
structured knowledge representations, and how these allow for theory-like knowledge repre-
sentations. Then we will show that learning these knowledge representations is a challenging
computational task and discuss potential mechanisms to overcome these challenges.

3.1. Learning structured knowledge representations

We have seen that different types of structured representations have been suggested to
account for the richness of human concepts and intuitive theories. One central issue that
computational models of rational constructivism must address is how these structures can
be learned, particularly given the theoretically unbounded nature of the hypothesis space over
all possible structures.

Early computational accounts of children’s learning tended to sidestep the question of how
theories could be learned, instead focusing on how children derived inferences using exist-
ing theories and how their inferences compared to the Bayesian ideal (e.g., Griffiths, Sobel,
Tenenbaum, & Gopnik, 2011). More recent extensions approach theory learning but simplify
it as deciding between sets of potential hypotheses or learning how the observed data could
be explained by introducing latent, unobserved features (Kemp & Tenenbaum, 2008, 2009).
While these models have begun to describe how children can decide between alternative the-
ories, and emphasized the role of abstract, hierarchical knowledge, these accounts still fail to
capture how these candidate theories can be learned in the first place.
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Fig. 2. An example of a context-free grammar for animal concepts.

Given the similarity of structured knowledge representations and language, one popular
account of how theories could be constructed is inspired by computational formalisms of syn-
tactic structures in language and assumes that learning theories can be formalized as learning
a grammar over the probability of syntactic rules: in this case, a syntax describing the theo-
retical domain. Many such approaches use probabilistic context-free grammars (PCFGs) to
construct complex knowledge representations (see Fig. 2; e.g., Bramley & Xu, 2023; Gelpi
et al., 2020; Goodman, Tenenbaum, Feldman, & Griffiths, 2008). These PCFGs consist of
grammatical rules that describe how symbols can be combined or expanded to produce more
complex expressions and the probability of the new expression. For example, learning a rule
such as “to activate the machine, the block has to have red stripes” could be derived from a set
of rules such as “S — A and B, S— A or B, A — is red, is green, is blue, B — has stripes,
has dots, and so forth.” After seeing multiple red and striped blocks activating a machine,
the probability of S— A and B; A — is red, and B — has stripes would increase (e.g.,
Bonawitz, van Schijndel, Friel, & Schulz, 2012; Goodman et al., 2008). Note, however, that
in these settings, all the rules are fixed. Similar to computational models of language, more
flexible models have been proposed that allow learning new rules (e.g., adaptor grammars,
Zhao, Bramley, & Lucas, 2022; Zhao, Lucas, & Bramley, 2024).

While the building blocks of these PCFGs can be fairly simple, with the appropriate set of
grammatical rules, an infinite set of structures can be generated—making infinite use of finite
means. Note also that this formalism is not limited to one type of structure—given the right
rule set, structures like trees, graphs, maps or even novel structures can be produced (Kemp
& Tenenbaum, 2009; Lake, Lawrence, & Tenenbaum, 2018); similarly, such grammar-based
models can capture learning of domains beyond categorization and concept representation.
For example, program synthesis methods (e.g., Lake et al., 2015; Ellis et al., 2021) learn a
library of composable strategies that can be reused to solve a variety of problems.

Learning in these setups has a hierarchical structure; one level of learning includes learn-
ing the right structure (graph, tree) for the problem and the second learning the particular
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structure (a particular graph, a particular tree) and its parameters. Relatedly, because a single
syntactic rule change at the structure learning level can in turn restructure whole sub-trees
of hypotheses, hierarchical grammars can model theory change—such as the shift from flat
partitions of animal categories (Fig. 1) to a more taxonomical structure (Kemp & Tenenbaum,
2008).

A related formalism that can express complex knowledge from simpler constituents, and
that allows for inferences, is propositional logic. Initially termed “laws of thought” (Boole,
1854), logic produces statements by combining propositions with logical connectives such as
conjunctions or disjunctions. Crucially, expressing knowledge as logical propositions allows
the learner to derive inferences, such as inferring that a red block will activate a music box
from “if the block is red, it is a blicket” and “blickets activate the music box.” To be able to
derive these types of inferences, an agent would have to learn statements such as “if the block
is red, it is a blicket” from simpler constituents such as “block™ or “blicket” (which them-
selves might be learned from simpler constituents such as “a block is a solid and rectangular
object”) and (possibly innate) connectives such as “and” or “if..., then.” In this view, rational
constructivism amounts to learning structured knowledge representations from data, cast in
propositional logic.

While propositional logic allows us to express complex relationships, it is still too limited
to capture the range of representations humans can learn since propositional statements are
either true or false; for example, the block is either a blicket or it is not, the box is red, or it is
not (although other logic formalisms exist that can capture graded relationships, such as fuzzy
logic). Still, in reality, these statements are often graded (“this block is likely a blicket,” “I
am not sure if the block was red”; see also Tessler & Goodman, 2019). Thus, many computa-
tional models compatible with the rational constructivist framework include ways of express-
ing graded knowledge (e.g., “most birds fly”’). These can be most straightforwardly expressed
in probability theory as distributions over possible values, and importantly these distributions
can be combined and composed to produce more complex knowledge representations. One
way to intuitively represent these complex relationships between probability distributions is
in probabilistic graphs. Finally, when these graphs represent causal relationships, these proba-
bilistic graphs can be augmented by including the direction of relationships between variables
(A causes B) and specify how interventions affect the relationships in the graph (Pearl, 1995).

Critically, children also learn to use explicit symbolic systems that may facilitate the
acquisition of concepts that are complex in meaning, polysemous, or otherwise difficult
to represent. For example, children begin to use words conveying modal concepts (e.g.,
“could,” “must”) and logical disjunction (e.g., “or”’) in adult-like ways before they exhibit
adult-like patterns of comprehension (Grigoroglou & Ganea, 2022). Importantly, these terms
can carry multiple possible meanings or interpretations, and children tend to master simpler,
less abstract meanings of these words first. Polysemous terms in natural language could
“bootstrap” children’s development of mature representations for concepts (e.g., Carey,
2009) such as possibility and disjunction by encouraging the generalization of a simpler
concept to a broader set of circumstances.

We have seen that these computational models learn at least two levels: the abstract level of
learning different knowledge structures, and the concrete level that describes the details of a
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particular structure. One important insight is that learning in these hierarchical structures can
sometimes produce faster learning at the more abstract rather than the more concrete level (the
“blessing of abstraction,” Gershman, 2017; Goodman et al., 2011). As mentioned previously,
these abstract hypotheses about how concepts tend to be structured, or overhypotheses, may
be a particularly important element of children’s ability to rapidly draw inferences about
their environment after just a few observations. Kemp et al. (2007) presented a computational
model that proposed how human beings can develop these overhypotheses by reasoning about
the appropriate degree to which they should generalize based on the data they encounter.
For example, as in Goodman’s (1955) thought experiment discussed above, encountering
multiple bags of marbles, each of which contains marbles of all one color, should increase
an individual’s confidence that (1) they can infer the color of the remaining marbles in a bag
after seeing a single marble from that bag, and (2) they can infer that bags of marbles tend to
all have one color, even if the specific color is unknown.

Infants’ looking behavior suggests that they form similar overhypotheses and are surprised
if a new container has mixed contents when containers in general are uniform (Dewar & Xu,
2010). Recently, Felsche et al. (2023, 2024) also showed that while preschool children and,
to a lesser extent, chimpanzees were able to both learn and act on overhypotheses, capuchin
monkeys could not, suggesting that this type of abstract learning might be a more recently
evolved capacity.

One of the most important empirical examples is the so-called shape bias, the abstract
belief that object categories are often defined by the shape of the category members instead
of other features such as size or color (Landau, Smith, & Jones, 1988; but see Imai & Gen-
tner, 1997; Jara-Ettinger, Levy, Sakel, Huanca, & Gibson, 2022; Lucy & Gaskins, 2001, for
examples of cultural variation in the strength of the shape bias). This bias has also been found
in artificial neural networks trained on object categories, suggesting that shape features are
correlated with object categories (e.g., Ritter, Barrett, Santoro, & Botvinick, 2017). Inductive
biases about the abstract structure of category concepts—such as that solid objects tend to
be categorized by their shape rather than their color or other perceptual features—can con-
siderably improve inference about a novel object or category since they narrow the learner’s
hypothesis space to focus on more promising theories of categorization. For instance, the
learner does not have to consider the much larger set of features that define a novel object cat-
egory, instead focusing on a feature (shape) that is generally highly predictive of categories
for their given language or cultural context.

While the hierarchical structure of the learner’s hypothesis space can already produce favor-
able learning dynamics, such as the emergence of overhypotheses, in general, the computa-
tional task of learning these representations is still extremely challenging. To illustrate the
challenge, consider a child trying to learn what objects can be displaced by magnets. Learn-
ing the right knowledge structures consists of learning that the domain of physics can be
described by laws that assume invisible forces that determine how objects in our environment
interact. These objects have multiple features, such as their shape, color, or mass, as well
as invisible properties such as “is magnetic.” The task of the agent then is to infer the best
hypothesis describing their observations, for example, “magnets displace round and small
and shiny objects” or “magnets displace round and shiny objects” or “magnets displace metal
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objects.” Importantly, there are many potential properties and laws describing objects at dif-
ferent degrees of specificity (e.g., do magnets only displace “round and shiny and red and
light and...” objects).

The example illustrates that the hypothesis space contains an infinite space of properties
(e.g., infinite conjunctions of properties). Moreover, finding the best solution in this space is
extremely challenging since there is no guarantee that there will be other hypotheses that,
while not completely correct, are “close” in structure to the correct solution, that is, the
“knowledge landscape” may consist of a few disjointed plausible hypotheses (Ullman, Good-
man, & Tenenbaum, 2012). Finally, learning hierarchical knowledge is challenging since the
learner requires both the right abstract knowledge representation (a theory-like representa-
tion) and details of this representation (a particular hypothesis that explains an observation).
But both theory and hypotheses interact: without the right hypothesis, no good theory can be
learned, and vice versa—a “chicken and egg problem” (Bonawitz et al., 2019; Ullman et al.,
2012).

While finding good hypotheses in these inference problems is an important open problem
in machine learning, several promising approaches have been tested. One approach is based
on tempering or annealing the “knowledge landscape”; that is, artificially reducing the dif-
ference between hypotheses with low explanatory power and high explanatory power. The
idea, motivated by an analogy to metallurgy, is that searching for the highest point in this
knowledge landscape (i.e., the hypothesis with the highest likelihood) is simpler if the path
toward this point is not obstructed by large “valleys” of very low likelihood. This is achieved
by increasing low-likelihood hypotheses and decreasing high-likelihood hypotheses, thereby
“flattening” the “knowledge landscape.” This allows the learner to consistently move in the
direction of the best hypothesis instead of “jumping” to the highest point after rejecting many
low-likelihood hypotheses. A computational model by Ullman et al. (2012) showed how using
these tempering ideas can account for how children and adults learn taxonomies and simple
theories of magnetism.

A different approach to improve inference, which can be used alongside tempering, is moti-
vated by the empirical insight that children and adults do not treat evidence they observe
from other people’s intentional actions as if it is sampled at random. Instead, children and
adults exhibit an inductive bias to assume that others engage in behaviors that most efficiently
achieve their goals and maximize their utilities (Gweon, 2021; Gweon et al., 2010; Jara-
Ettinger, Gweon, Schulz, & Tenenbaum, 2016; Jara-Ettinger, Schulz, & Tenenbaum, 2020;
Shafto, Goodman, & Frank, 2012; Shafto et al., 2014). For example, a person trying to teach
a learner how to do something has likely chosen examples to learn from that will maximize
the learner’s ability to grasp the concept presented, meaning that a learner can consider only
hypotheses for which the teacher’s examples would be maximally informative as likely to be
true (Shafto & Goodman, 2008). However, in cultures where direct instruction and teaching
of children is less common, such as the Yucatec Maya, children learn to imitate novel tasks
equally well whether they observe an adult or are directly instructed by an adult (Shneidman,
Gaskins, & Woodward, 2016), and outperform U.S. children when observational learning is
necessary (Correa-Chévez & Rogoff, 2009). This suggests that children not only infer others’
goals and use this information to constrain their inferences about the evidence they receive but
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flexibly learn the appropriate strength of their inferences given the information environment
they encounter in their daily lives.

The impact of these assumptions about how data are sampled was put to the test in a
recent model of compositional visual concept learning tasks (Bongard problems; Depeweg,
Rothkopf, & Jikel, 2024). Bongard problems are challenging inference tasks, similar to
Raven’s progressive matrices, in which several visual examples of a concept are provided, and
the learner has to infer the missing visual depiction. Depeweg et al. (2024) suggested a model
that searched for solutions to these problems using formal language over visual concepts.
However, to achieve a reasonable fit to human inferences, they had to introduce an additional
assumption: that the examples provided in the Bongard tasks were not selected at random but
were minimally informative. This assumption, similar to the sampling assumptions in Shafto
and Goodman (2008), improved the models’ ability to infer the correct concept. Depeweg
and colleagues contrasted models with and without this pragmatic assumption and estimated
that with the assumption, the correct solution was about 10% more likely than without it,
considerably speeding up inference.

Another approach has sought to explicitly develop algorithmic-level theories (Marr, 1982)
that capture the processes by which people revise their beliefs, including the role of domain-
general cognitive resources such as working memory and other executive functions in infer-
ence. For example, one family of models proposes that the human mind only approximates
probabilistic inference by sampling one or more hypotheses from mental simulation or mem-
ory (Chater et al., 2020; Sanborn & Chater, 2016; Sanborn, Yan, & Tsvetkov, 2024). While
the concrete sampling approaches proposed as models of human inference differ, from sim-
ple procedures that only sample a new hypothesis when the previous one was unsuccessful
(Bonawitz, Denison, Gopnik, & Griffiths, 2014) to more complex sampling paradigms from
the applied statistics literature (e.g., Zhu, Sundh, Spicer, Chater, & Sanborn, 2024), the major-
ity of these accounts assume a sequential, stochastic sampling process in which hypotheses
are updated incrementally and locally (e.g., Bramley et al., 2017; Dasgupta, Schulz, & Gersh-
man, 2017; Sanborn, Griffiths, & Navarro, 2010). This approach greatly simplifies inference,
as only incremental changes to current hypotheses must be suggested, and only parts of the
hypothesis are considered for revision in each step. However, these accounts also suggest sig-
nature limits of these processes, for instance, that the order in which evidence is received by
learners may strongly impact what knowledge they acquire.

Some of the above sampling models (e.g., Sanborn et al., 2010) include a parameter for the
number of simultaneous hypotheses being considered that can be as low as 1. When encoun-
tering conflicting evidence, a learner with one candidate hypothesis cannot simply lower the
probability of this hypothesis but must revise the belief by generating an alternative hypoth-
esis or, failing that, simply continue to believe their current one, which can result in charac-
teristic “mode collapse” failures when two or more distinct possibilities must be considered
simultaneously to succeed on a task.

This approach may explain why and how young children sometimes struggle to represent
simultaneous alternative possibilities, for instance, when reasoning about future or counter-
factual events or outcomes (e.g., Gerstenberg et al., 2021; Leahy & Carey, 2020). On these
tasks, young children consistently put a hand under just one of a Y-maze’s exit holes because
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they cannot represent coming out of the right hole and out of the left hole simultaneously. The
capacity to simultaneously represent two or more hypotheses results in qualitatively different
model predictions: Uncertainty can be represented not just as the “stickiness” of a candidate
hypothesis but as a probability distribution over multiple candidate hypotheses. More gener-
ally, model parameters such as the number of simultaneous hypotheses being considered, the
number of data points considered, and the depth of processing when revising one’s beliefs
could be applied to represent not only individual and situational differences in the cognitive
resources that people apply to solving a task (e.g., Gelpi, Ledn-Villagra, Cunningham, Lucas,
& Buchsbaum, 2025) but also to characterize the ongoing development of capacities like
memory or executive function in children.

As described above, children and adults do not passively encounter information but
actively accumulate evidence and construct their own learning curricula. In experiments
with adults and children, Bramley and Xu (2023) showed that active search and explicit
hypothesis generation patterns could be captured by a structured knowledge representation,
where new hypotheses were derived by modifying previous inferences. Moreover, children
had less systematic hypothesis generation and simplified less than adults, potentially due to
more explorative goals. In a similar vein, models of adults’ actions in a causal reasoning
experiment showed that people mostly only consider hypotheses to account for the most
recent evidence and plan actions using information about the anticipated reward but also
taking into account the effort and time required to perform these actions (Bramley et al.,
2017; Gong, Valentin, Lucas, & Bramley, 2024).

Finally, an agent’s search for the appropriate hypotheses can be improved by not being
exclusively driven by immediate utility. One candidate source of utility, beyond immediate
reward, that has been suggested in cognitive science and artificial intelligence (Al) is intrinsic
curiosity (Kidd & Hayden, 2015). These models posit that curiosity intrinsically increases
the utility of certain actions in the present, anticipating that these actions will be important
in the future (Dubey & Griffiths, 2020). Similar arguments have been put forward for action
selection in causal settings, where an intrinsic utility of “empowerment,” that is, a reward for
bringing into effect one’s planned actions, could guide an agent’s search for causal hypothe-
ses (Yiu, Allen, Ginosar, & Gopnik, 2026) as well as help provide structure in inherently
unbounded, open-ended spaces (Chu & Schulz, 2022; Rule et al., 2020). Finally, assuming
that other agents may also be driven by utilities that go beyond their immediate rewards may
similarly improve our ability to learn both from and about them.

4. Conclusions, links to predictive processing, and questions for future work

From learning what kinds of materials are subject to invisible physical forces such as mag-
netism, or how visually similar animals such as dolphins and sharks are more distantly related
than visually distinct animals such as mice and elephants, children face the daunting task of
developing categorical and causal models that accurately capture a deeply complex world.
Rational constructivism characterizes the process by which children and adults continuously
revise and change their theories with a set of efficient inferential learning mechanisms in order
to learn these models, despite the sparsity of the evidence available in the world.
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Although developed principally as a model of cognitive development, rational construc-
tivism is compatible with a broader set of theories within cognitive science inspired by
Bayesian probabilistic modeling (e.g., Chater, Tenenbaum, & Yuille, 2006; Goodman et al.,
2011; Ullman & Tenenbaum, 2020). Similarly, many of the commitments of rational con-
structivism also map onto elements of the predictive processing framework, the subject of the
complementary introductory paper to this special issue (Clark, 2013; Friston, 2009; Friston
et al., 2009; Sprevak & Smith, 2023). Beyond the centrality of Bayesian inference to both
models—as a way to evaluate and revise hypotheses in rational constructivism and as a way
to minimize internally generated prediction errors within predictive processing—both frame-
works place a strong importance on the role of the learner in actively generating evidence.
Rational constructivist learners use their own actions and interventions to obtain information
and, in doing so, test their hypotheses about the world; a predictive processing agent engages
in “active inference,” predicting not just their own sensory inputs but their action plans based
on the expected information gain and reward of the plan. Given that the theory of rational
constructivism chiefly makes claims about children’s and adults’ learning and representation
at the computational and algorithmic level of analysis, the similarities between rational con-
structivism and predictive processing suggest that combining insights from these two theories
may offer a fruitful avenue of future research to answer the question of how the human brain
can implement procedures for hypothesis generation, evaluation, and revision, as well as how
learning in other domains, such as motor or procedural learning, develops across time.

One important question that computational models using structured representations face is
what the innate building blocks used to assemble these representations consist of, and how
they could be represented in the brain. This is especially challenging given that many of
the models presented here assume sophisticated, domain-specific building blocks, such as
physical forces or perceptual properties (color, mass, etc.). Piantadosi (2021) outlined how
these domain-specific expressions could be learned without assuming cognitive primitives
that are already meaningful. The formalism suggested by Piantadosi, combinatory logic, can
learn these building blocks from more general primitives and the dynamics of the composi-
tional rules. They showed that these primitives do not have meaning in themselves but can
be learned to correspond to meaningful rules such as conjunction, disjunction, or implicature,
which can be learned from domain-general internal representations. Future research should
elaborate on this analysis, producing a more extensive account of how these formalisms can
produce the structural representations that computational models commonly assume, as well
as provide a closer examination of how the dynamics of representational learning implied
by these approaches compare to the diverse forms that children’s developing concepts take
across cultures (e.g., Jara-Ettinger et al., 2022).

A related issue is the question of how these approaches can derive truly novel expressions.
One concern is that theories are constructed from the combination of simpler, potentially
innate building blocks, which will be too limited to account for the large conceptual leaps
that children and adults can produce. This criticism seems particularly challenging given the
emphasis of most computational models presented here, which assume that theory revision
relies on small successive modifications of the learners’ knowledge representation. One
possible response to these criticisms is computational models that assume that learners can
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compress previously useful knowledge representations and store these in memory. These
chunks can be composed of multiple simpler terms and allow the learner to build rich
representations. As a result, learners can re-use these complex concepts to develop effective
strategies for information seeking (Liquin et al., 2024) and potentially produce more radical
theory revisions (Zhao et al., 2024). However, more research is required to assess if these
dynamics of chunking and subsequent theory revision correspond to conceptual changes
found in developmental studies. Specifically, we currently lack microgenetic data of chil-
dren’s conceptual change that provides an empirical testbed for these computational models.

The computational models presented in this paper provide precise and testable implementa-
tions of the theoretical commitments of rational constructivism. Therefore, they make predic-
tions about how and under which circumstances concepts or theories can change in develop-
ment. For example, Kemp and Tenenbaum (2008) showcased how a computational model of
children’s learning of animal categories could account for a shift from initially flat partitions
of animals into disjoint groups to a tree-like taxonomic representation. The model produced
this shift in purely data-driven form, predicting that given a critical number of encountered
animal features a taxonomic organization should emerge.

Similarly, a model developed by Bonawitz et al. (2019) suggested a model learning a
theory of magnetism that, given sufficient evidence, revised an early erroneous theory to pro-
duce a causally correct theory of magnetic forces. While these and other models predict how
individual learners revise initially erroneous theories that account well for cross-sectional
developmental experiments, few comparisons to individual learning trajectories have been
conducted (but see Colantonio et al., 2022). Together these advances suggest that future
research should focus on microgenetic or longitudinal experimental designs (Siegler, 2006)
or “mini-microgenetic” studies (e.g., Bonawitz et al., 2014; Colantonio et al., 2022) that
assess learning on every trial to test the theoretical predictions of these models.

Finally, all accounts presented here operate at the computational and algorithmic level of
explanation (Marr, 1982). To present a full account of children’s development and learning,
we require a better theoretical understanding of how structured knowledge can be represented
in the brain, how the brain can produce the incremental and local hypothesis revision sug-
gested by these models, and how probabilistic inference can be performed with neural cir-
cuitry corresponding to these models. This challenge points to a long debate in the cognitive
sciences, discussed at least since McClelland and Rumelhart (1985): Does cognition require
discrete representations, such as symbols, rules, or concepts? Or can approaches that do not
require symbols, and instead operate over distributed activity patterns, achieve similar expres-
sive and inferential power? And while the work discussed in this paper showcases significant
steps forward in addressing many longstanding debates in cognitive science, that we arrive
back at this question suggests that there is much additional work to be done.

Note

1 While outside the scope of this review, some even propose that natural language is the
LOT (e.g., Asoulin, 2016; Hinzen, 2013).
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