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ABSTRACT

Early in development, children can infer latent structure in the world from sparse and ambiguous evidence. Through a process
known as structure learning, they extract statistical regularities, construct causal models from those regularities, and use those
models to arbitrate between exploiting known options and exploring novel alternatives. In turn, each decision and its outcomes
refine the model that produced them. Despite the clear reciprocal relationship between structure learning and decision-making
in the real world, developmental research has largely examined these processes separately. To address this gap, we compared how
children, adolescents, and adults behaved in a patch-foraging task designed to reveal how structure learning shapes exploratory
decisions in a richly structured, dynamic environment. We found that younger participants left patches sooner than adults,
enabling them to explore the environment more broadly within the fixed time window of the study. Computational modeling
demonstrated that this difference in exploration arose from differences in participants’ causal models of the environments. Younger
participants grouped all patches into a single category despite large differences in richness, whereas older participants separated
them into distinct categories. Despite differences in representation, participants of all ages used their uncertainty about the
environment to guide their decisions. Together, our findings suggest that structure learning undergoes protracted development,
but uncertainty-sensitive decision-making emerges earlier and can support adaptive behavior even when representations remain
imprecise.

within it. The causal models acquired through structure learning
guide decisions, and the outcomes of those decisions, in turn,

1 | Introduction

Children deftly extract structure from noisy, ambiguous input.
They detect statistical regularities, infer associations, and inte-
grate these inferences into causal models (Bullock 1985; Fiser
and Aslin 2002; Gopnik et al. 2001; Jung et al. 2021; Lapidow
and Walker 2020; Leslie 1982; Saffran et al. 1996). Together, these
processes comprise structure learning. Through structured learn-
ing, individuals come to understand the world and act effectively

refine those same models. Despite this tight, reciprocal rela-
tionship, developmental research has largely examined structure
learning and decision-making in isolation. Bridging this gap is
critical because, with age, young learners increasingly direct their
own learning. As they gain autonomy and spend more time away
from caregivers (Alparone and Pacilli 2012; Borawski et al. 2003;
Mikkelsen and Christensen 2009; Morris et al. 2021; Steinberg
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Summary

* Children and adolescents formed less granular representa-
tions of environmental structure than adults.

* Despite these imprecise representations, younger partic-
ipants showed adult-like sensitivity to uncertainty, plan-
ning further ahead when more confident in their internal
models of the environment.

2001), children and adolescents increasingly select for themselves
which novel options, situations, and experiences to explore.
Understanding developmental change in structure learning and
decision-making therefore requires studying how these processes
interact.

A related question concerns how learners balance pursuing
immediate rewards with obtaining information that can improve
their causal models. This dilemma, known as the explore-exploit
trade-off, captures the tension between exploiting an option
already known to be good and exploring an unfamiliar alternative
that may prove to be better. Because exploration generates infor-
mation that can improve future choices, it may be particularly
valuable for young learners, who have more time to benefit from
what they discover (Gopnik 2020). Consistent with this, children
and adolescents explore more broadly and more stochastically
than adults (Blanco and Sloutsky 2024; Christakou et al. 2013;
Dubois et al. 2022; Giron et al. 2023; Jepma et al. 2020; Liquin and
Gopnik 2022; Wan and Sloutsky 2024). Although stochastic, their
exploration is not indiscriminate. By middle childhood, children
preferentially sample options that will reduce their uncertainty
(Blanco and Sloutsky 2021; de Eccher et al. 2024; Jepma et al.
2020; Meder et al. 2021; Ruggeri et al. 2024), in some cases even
more so than adults (Nussenbaum et al. 2023; Tymula et al.
2012; van den Bos and Hertwig 2017). Strikingly, this uncertainty-
directed sampling occurs despite the ongoing development of
metacognition and uncertainty monitoring (Fandakova et al.
2017; Ghetti et al. 2008; Krebs and Roebers 2010; Roderer and
Roebers 2010; von der Linden and Roebers 2006; Weil et al.
2013). These developmental differences in exploration shape the
information available for learning and could lead children and
adolescents to infer different latent structures of the environment
than adults. However, very little work has directly examined
how age-related differences in exploration relate to differences
in structure learning (although see Liquin and Gopnik 2022 for a
comparison of 4-7-year-olds and adults). This gap is particularly
notable given past work in adults demonstrating that uncertainty
in structure inference can alter explore/exploit decisions (Harhen
and Bornstein 2023).

One reason these literatures have progressed independently is
that most decision-making tasks designed for younger partici-
pants place minimal demands on structure learning. For example,
in multi-armed bandit tasks, learners repeatedly sample a small,
fixed set of options to identify the best one. This design bears
little resemblance to real-world exploration. In natural contexts,
decision makers face an effectively unbounded set of alternatives,
many of which are encountered only once. Patch-foraging tasks
capture these features by asking participants to decide whether to
continue exploiting a depleting resource or to leave in search of a

new patch. Because patches cannot be revisited, effective foraging
requires inferring the underlying distribution of patch quality and
using those inferences to estimate the richness of novel patches.
For these reasons, patch foraging offers a more naturalistic
paradigm for studying exploration (Mobbs et al. 2018; Addicott
et al. 2017; Grima et al. 2025; Lloyd et al. 2023). At the same time,
most foraging tasks are structured very simply, with patches that
are nearly identical in richness. With so little uncertainty, these
tasks cannot reveal how learners cope with structural ambiguity
or adjust their decisions in response. Consequently, it remains
unclear how children, adolescents, and adults explore and infer
structure in environments that are more variable and uncertain.

To address these gaps, we had participants aged 8 to 25 years com-
plete a patch-foraging task that interleaves structure learning
with reward-based decisions in a heterogeneous, dynamic envi-
ronment (Harhen and Bornstein 2023). Unbeknownst to par-
ticipants, the environment contained three patch types—poor,
neutral, and rich—each associated with a distinct distribution
governing the rate of resource depletion. Participants were
instructed to collect as many rewards as possible within a fixed
time window. To infer participants’ latent representations of
the environment, we fit a Bayesian latent cause model (Harhen
and Bornstein 2023) to their stay/leave decisions. Our model
captures individual differences along two key dimensions: (1) the
complexity of the inferred environmental structure and (2) how
much learners use uncertainty in that structure to adjust their
decisions. These dimensions allow us to ask two developmental
questions: How do children and adolescents differ from adults in
the structure they infer and in their use of structural uncertainty
to guide decisions? The latent cause model generates distinct
predictions for explore-exploit (i.e., stay or leave) decisions
across patch types, depending on how a forager represents the
environment and responds to structural uncertainty. Foragers
who infer a more complex structure should remain longer in
rich patches than those relying on a simpler representation.
By grouping all patches together, foragers who infer a simpler
structure overestimate how quickly rich patches will deplete
and thus leave too early. Foragers who adapt their decisions to
structural uncertainty should remain longer after entering a patch
that differs in richness from the previous one. Because such
transitions are rare in our task, they should induce uncertainty.
Uncertainty-adaptive foragers respond by discounting future
rewards more heavily, resulting in them staying longer in the
current patch.

We considered competing hypotheses about how structure learn-
ing changes across development. One possibility is that children
construct simpler representations of the environment than adults.
In passive learning contexts, the ability to detect and explic-
itly report statistical structure improves into young adulthood
(Arciuli and Simpson 2011; Shufaniya and Arnon 2018; Raviv
and Arnon 2018). Another possibility is that children infer
representations similar to those of adults. Their broader attention,
heightened exploration, and less constraining prior knowledge
(Lucas et al. 2014; Gopnik et al. 2017; Deng and Sloutsky 2016,
2015; Plebanek and Sloutsky 2017; Smith and Kemler 1977) could
compensate for still-developing statistical learning abilities. We
similarly considered competing hypotheses about uncertainty-
guided decision-making. On one hand, the protracted devel-
opment of uncertainty monitoring and metacognition suggests
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that younger learners may less readily adjust their decisions
in response to uncertainty. On the other hand, several studies
have shown that even quite young children successfully use
uncertainty to guide their exploration (Nussenbaum et al. 2023; de
Eccher et al. 2024; Blanco and Sloutsky 2021; Ruggeri et al. 2024).
With our task and modeling approach, we adjudicate between
these possibilities, clarifying how learners of different ages infer
the structure of novel environments and how those inferred
structures shape subsequent decisions under uncertainty.

2 | Methods
2.1 | Participants

Our final sample consisted of 252 participants, aged 8 to 25 (M =
17.11 years, SD = 5.29, 128 females, 124 males).

This sample included 70 children (8.08-12.94 years; M = 10.49,
36 females), 68 adolescents (13.07-17.94 years; M = 15.47, 35
females), and 114 adults (18-25.83 years; M = 22.14, 57 females).
This sample size exceeds those of many prior developmental
studies investigating value-guided learning and decision-making
(Cohen et al. 2020; Nussenbaum et al. 2020; Nussenbaum et al.
2023). We selected this sample size to achieve at least 80% power
(with o = 0.05) to detect a small effect size. The effect size estimate
(0 = 0.16) was taken from the original adult study (Harhen
and Bornstein 2023). Participants were recruited through the
lab’s database, for which we solicited sign-ups via Facebook
and Instagram ads, local science fairs and events, and fliers on
New York University’s campus. Lab researchers verified each
participant’s age and identity prior to their participation in the
online study.

All participants reported normal or corrected-to-normal vision
and no history of psychiatric or learning disorders. Based on
self- or parent-report, 42% of participants were White, 31% were
Asian, 13.1% were mixed race, 12.7% were Black, less than 1%
were Pacific Islander or Native Hawaiian, and less than 1% were
Native American. Additionally, 11.8% of the sample identified as
Hispanic. Participants’ annual household incomes ranged from
less than $20,000 to over $500,000. The distribution was as
follows: 9.3% earned less than $20,000; 7.7% earned $20,000-
39,999; 15.9% earned $40,000-59,999; 11.4% earned $60,000-
79,999; 11.8% earned $80,000-99,999; 18.3% earned $100,000-
199,999; 4.9% earned $200,000-299,999; and fewer than 1% each
reported incomes of $300,000-399,999, $400,000-499,999, or
above $500,000.

An additional 45 participants completed the study but were
excluded based on the following criteria: difficulty understanding
task instructions (failing the instruction comprehension check
more than twice, n = 4), unusually quick responses (mean
reaction time < 200 ms, n = 12), and extreme strategies (n = 14
for mean planet residence time +2 SD from group mean; n = 4 for
fully depleting gem mines on more than 75% of visited planets;
n = 11 for leaving more than 75% of visited planets immediately
after the initial dig). Participants received a $10 Amazon gift card
for completing the study and had the opportunity to earn an
additional performance-based bonus of up to $2.

2.2 | Task

Participants completed a child-friendly variant of a patch-
foraging task previously used to examine structure learning
in adults (Harhen and Bornstein 2023). Modifications were
made to accommodate younger participants. These modifications
included shortening the length of the task (from five blocks to
four), enhancing the clarity of the instructions, augmenting the
instruction comprehension quiz, and increasing the maximum
decision time (from 2 s to 3). Participants were instructed to
complete the task in a quiet, comfortable space of their choosing
and without assistance from another person. For child and
adolescent participants, parents were explicitly instructed not to
assist their child during the task.

In the task, participants acted as miners collecting “space gems”
across various planets (Figure 1). Bonus payments were tied
directly to the total amount of gems collected. Upon landing on
a planet, participants dug once and received a gem yield sampled
from a normal distribution (u = 100, o = 5). On subsequent trials,
participants decided whether to stay and continue digging on
the current planet or to leave and travel to a new planet. Each
choice was associated with a cost. The gem yield diminished with
each dig at a rate that depended on the planet type (described
below), and traveling to a new planet took substantially more
time than digging on the current planet. Participants had 3 s
to decide between staying and leaving. If they chose to stay, a
short animation of their avatar digging was displayed for the
remainder of the 3-s decision window (3 s minus response time),
followed by a gem yield (1.5 s). If they chose to leave, a longer
animation of a flying rocket ship was displayed for the remainder
of the 10-s travel window (10 s minus response time), followed
by an alien welcoming them to the new planet (5.5 s). Animation
durations were linked to the participant’s response time on the
previous trial to ensure that their decision speed did not influence
the average reward rate of the overall environment. Because the
average reward rate is a central decision variable in patch-foraging
tasks, this design feature ensures that individual differences
in stay/leave decisions cannot be attributed to differences in
response time. If participants did not respond within 3 s, a red “X”
and a prompt encouraging faster responses appeared, after which
they could re-attempt the decision. In total, the task consisted
of four blocks, each lasting 6 min. Before beginning the main
task, participants received instructions that were simultaneously
presented in written form on the screen and read aloud via an
audio track. Participants were told that they would explore a
series of planets to search for “space gems,” and that their goal
was to collect as many gems as possible to maximize their bonus
payment. They were instructed that digging on a planet yielded
diminishing returns and that once a planet began to deplete,
they could choose to leave for a new planet. Participants were
told that travel between planets incurred a delay and that they
could never return to a planet after leaving it. Upon arriving
at a new planet, participants would encounter a novel alien
whose appearance provided no information about the amount
of gems available. Participants were also informed that the task
would last 20 min regardless of their choices and that they
would periodically return to a “home base” for breaks (for
complete instructions, see Supporting Information SI: Section
1). To reinforce the instructions, participants completed a brief
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A.

alien greeting (5 s) dig (3 s) gem yield (1.5 s)

Welcome to my planet! You dug up 100 gems!

B. poor neutral rich C.

0.0 0.2 0.4 0.6 0.8 1.0
decay rate

choice (max 3 s)

dig (3-RTs) gem yield (1.5 s)

You dug up 65 gems!

alien greeting (5 s)

4

~

A

travel (10 - RT s)

Welcome to my planet!

il

C Ris

other planet types

current planet type

P 4
7~
80% switch
~
10% A
no switch

FIGURE 1 | (A) Task design. Participants traveled to various planets to dig for space gems. On each trial, they decided between continuing to dig

on the current planet or traveling to a new one. Both options had their costs: digging depleted the mine, progressively reducing its gem yield, while
traveling took a substantial amount of time. (B) Environment structure. Planets belonged to one of three types—poor, neutral, or rich-differing in how
quickly they depleted as mined. Each type was characterized by a distinct distribution over decay rates. (C) Environment dynamics. Planet richness was

correlated in time. A new planet had an 80% probability of being the same type as the previous planet (“no switch”) and a 20% probability of transitioning

(“switch”) to a different type.

practice game that allowed them to experience digging and
traveling to new planets. To prevent early learning about the
distribution of gems, the number of gems obtained during the
practice game was not revealed. Instead, participants only saw
a barrel that was described as containing gems. Participants
then completed an instruction comprehension quiz (for quiz
questions, see Supporting Information S1: Section 1). Those who
answered all questions correctly on the first attempt progressed
to the main task. Those who missed any questions were given a
second attempt with corrective feedback. Participants who failed
the quiz more than once were excluded from all analyses.

The task environment featured three planet types. Rich planets
depleted the most slowly (gem yield decreasing at a rate sampled
from a Beta distribution with parameters a = 50, § = 12, M =
0.8, SD = 0.05), poor the most rapidly (¢ =13, 8 = 51, M = 0.2,
SD = 0.05), and neutral planets at an intermediate rate (a = 50,
B =50, M = 0.5, SD = 0.05). On each trial, the depletion rate
was newly sampled from the planet’s respective distribution. For
example, if a participant dug four times on a rich planet, they
might observe a reward sequence such as 100, 83, 65, and 53 gems,
but on a poor planet the sequence they might instead observe 100,
18, 4, and 1 gems. To mimic the structure of natural environments,
which often exhibit high autocorrelation in resources (Boyce
2006; Legendre 1993; Legendre and Fortin 1989), we designed
the task environment so that planet richness was correlated
across time, with switches occurring infrequently enough to
support learning. With these considerations in mind, we set the
transition probabilities such that the next planet was the same
type as the previous one with 80% probability and a different

type with 20% probability. Importantly, these differences between
planets were not communicated to participants, requiring them
to infer this information from the observed sequence of rewards
alone. In addition, we designed the task to measure participants’
representational biases independent of task demands. To achieve
this, we structured the sequence of planets such that using a
more simple representation, one that grouped all planets together,
achieved comparable overall rewards to using a more complex
representation, one that distinguished between different planet
types. Simulations confirmed that the two strategies yielded
similar outcomes on average (see Supporting Information SI:
Section 4).

2.3 | Analysis Approach

2.3.1 | Marginal Value Theorem

To assess the extent to which individuals over- or underharvested,
we compared their planet (patch) residence times to the pre-
dictions of the Marginal Value Theorem (Charnov 1976), which
prescribes optimal behavior in patchforaging tasks. Here, we
define patch residence time as the number of digs a forager
performs within a patch. We focus on residence time rather than
rewards obtained on a single planet because residence time is
sensitive to both the within-planet reward rate and the global
reward rate of the task environment. According to MVT, an
optimal agent decides whether to stay or leave by comparing
the immediate expected returns from staying (Vy,,), to the
opportunity cost of staying on the current planet (Vi)
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Viay is the reward expected from the next dig, the previous reward
multiplied by the predicted depletion rate. An MVT-optimal
forager accurately identifies the planet’s type and uses the true
mean of its depletion distribution for their prediction.

Vitay =T * d @

0.2 if planetispoor
d =40.5 if planetis neutral
0.8 if planetisrich

where r, is the reward received on the last dig, and d is the
predicted depletion.

They estimate V.., the expected reward from digging on an
alternative planet using the global reward rate, the total rewards
received (7., ) divided by the total time spent foraging (¢,,.,;). Note
that under this definition Vj,,. will change with each decision to
harvest or leave a planet. By multiplying the global reward rate
by the time required to dig (fg), Vieave reflects the opportunity
cost of digging on the current planet over an unknown alternative
planet.

Fiotal
Vieave = ¢ * Lyge @)
total

The forager compares these values and chooses greedily, always
selecting the higher-valued action.

2.3.2 | Structure Learning and Uncertainty-Adaptive
Planning Model

Our model relaxes MVT’s assumption of perfect knowledge
and instead assumes that foragers rationally learn the structure
of their environment and adapt their planning in response to
uncertainty about that structure (Figure 2). In this way, our
modeling approach is akin to that of bounded rationality (Simon
1990), explicitly accounting for the limited information available
to decision makers.

Foragers must navigate the environment without knowing the
true number of planet types, the classification of individual
planets, or the decay rate distribution associated with each type
(Figure 2A). To model how foragers infer this latent structure,
we use the Chinese Restaurant Process (Aldous 1985). Although
developed in statistics, the Chinese Restaurant Process (CRP) has
been used to model numerous psychological processes including
category learning (Griffiths et al. 2006; Perfors and Tenenbaum
2009; Kemp et al. 2007), state space inference (Gershman et al.
2010), and the organization of episodes in memory (Shin and
DuBrow 2021). The CRP prior is governed by two principles: (1)
the probability of assigning a planet to an existing type increases
with the number of planets already assigned to that type (2)
there remains some probability, proportional to the concentration
parameter, «, of assigning a new planet to a new type. This model
allows the forager’s representational complexity to grow as they
accumulate experience.

Critically, our model predicts different stay-leave behavior for
different values of a (Figure 2B). These differences are most
pronounced on rich planets. On rich planets, individuals with
a > 0 overharvest, while those with a = 0 underharvest. These
deviations from MVT-optimality arise from uncertainty about
the current planet’s type and misestimation of its decay rate.
Unpacking this further, an agent with a = 0 lumps all previously
observed depletions into a single type, which inflates their
estimate of how quickly rich planets deplete, leading them to
leave too early.

=& ifkisold
P(k) — N+a

24 . .
— if kisnew
N+a

where n is the number of planets assigned to type k, a is the
concentration parameter, and N is the total number of planets
encountered.

After observing a depletion on a planet, the forager computes the
posterior probability of the planet being a type as:

P(D|k)P(K)

P(k|D) = —
¥ P(DIP()

©)

where J is the number of clusters created up until the current
planet, D is a vector of all the depletions observed on the
current planet, and all probabilities are conditioned on prior type
assignments of planets, p,.y. Because computing the exact pos-
terior probability of planet type assignments is computationally
intractable, we approximate it using a particle filter. Each particle
maintains a hypothetical set of assignments and is weighted based
on how well it explains the observed data. When a forager leaves
a planet, the particles are resampled. A new pool of particles is
generated by sampling with replacement from the previous pool,
with the likelihood of a particle being selected proportional to its
weight. This process favors particles that better explain the data,
increasing their probability of persisting in subsequent iterations.
We use a moderate number of particles, 200, as this amount
allows for psychological plausibility while still approximating the
posterior well (Griffiths et al. 2006).

To predict the next dig’s yield, we use a three-step Monte Carlo
sampling procedure. First, a particle is selected based on its
weight. Second, a planet type is sampled from the selected
particle’s posterior. Third, a decay rate is drawn from the selected
planet type’s decay rate distribution. This process is repeated 1000
times, and the decay rates are averaged over to produce the final
prediction.

Each decay rate distribution is initialized to a Gaussian with u =
0.5 and o = 0.5. While the true decay rates follow a Beta distri-
bution, the model assumes normally distributed observations to
allow for analytic updates using a Normal-Gamma prior.

Unlike MVT-optimal foragers, who have perfect knowledge,
foragers acting according to our model make decisions under
epistemic uncertainty. They can never be certain that they have
an accurate model of the environment. Theoretical work in
reinforcement learning suggests that under uncertainty, reducing
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FIGURE 2 | (A) Structure learning computation. The forager makes two simultaneous inferences: (1) identifying the current planet’s type based

on observed rewards and (2) determining the total number of planet types in the environment. We model these two inferences as a Chinese Restaurant
Process. (B) Structure learning predictions. The forager’s inference of planet types is governed by the parameter, a. The model predicts distinct patterns
of over- and underharvesting depending on the forager’s representation of the environment and the number of planet types they consider. The non-
structure learner’s behavior is simulated with a = 0 and the structure learner’s behavior is simulated with o = 0.2, the value that produced the most
veridical representation in simulation. Throughout, we refer to a model with o = 0.2 as a*. The markers show model-simulated planet residence times
(PRTs), while dotted lines indicate the Marginal Value Theorem (MVT)-optimal PRTs for reference. (C) Uncertainty adaptive planning computation.
Foragers adjust their planning horizon based on their uncertainty about the current planet’s type. Less uncertainty encourages planning further into the
future, while more uncertainty discourages planning. We modulate the planning horizon through adjusting the extent future rewards are discounted.
(D) Uncertainty adaptive planning predictions. Foragers whose planning incorporates their uncertainty should overharvest more when the planet type
switches, because these switches are rare and uncued and so should, on balance, increase local uncertainty. In contrast, foragers who do not incorporate
uncertainty into their planning (or who do not detect the change) should overharvest to a similar extent regardless of whether the planet type has

changed. The uncertainty adapter’s behavior is simulated with y,,.f = —0.3 and the non-uncertainty adapter’s behavior is simulated with y.ye¢ = O.

how far out into the future the individual plans, the planning
horizon, can improve performance (Jiang et al. 2015). We imple-
ment this concept in our structure learning model with an
adaptive factor for discounting future rewards, ¥secive- NOte that
while the planning horizon technically defines how far into the
future the consequences of a decision are evaluated, discounting
future consequences produces the same behavior in our task.
We define ¥egeive to be a function of an individual’s baseline
discounting rate (), their uncertainty over the current planet’s
type (U), and the degree to which uncertainty influences their
planning (¥, Figure 2C). We compute uncertainty (U) as the
entropy of the Multinomial distribution over planet types, using
the same three-step Monte Carlo sampling procedure described

above.

1

Vef fective = 1 4 e~ base*Veoes*U) S

Thus, lower values of y..s correspond to heavier discounting
of future rewards in response to uncertainty. y.. provides
an additional measure of the extent to which a forager uses
their structural knowledge—or lack thereof—to adjust their
decision-making. We include this parameter because the learning
and use of structural knowledge has been shown to dissociate
developmentally (Nussenbaum et al. 2020; Potter et al. 2017,
Decker et al. 2016; Cohen et al. 2020; Schlichting et al. 2017).
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The model predicts that individuals with lower y,..; should not
only increase their overharvesting overall but also increase it
particularly following a rare switch in planet type, as these are
points of heightened uncertainty (Figure 2D).

To model action selection, we use a softmax function, incorporat-
ing a lapse rate (¢) to account for occasional inattention:

1

€
=1-¢)—— 4 =
Puay = (1= —Z o5+ 3

©)
With g being the inverse temperature and ¢ being the lapse rate.
Including a lapse rate helps to separate systematic behavior from
noise, thus reducing the misestimation of our main parameters of
interest.

2.3.3 | Computational Model-Agnostic Analyses

Before fitting computational models to participants’ choices, we
first used linear mixed-effects regression models to analyze par-
ticipants’ behavior. We compared their behavior to the qualitative
patterns predicted by variants of our structure learning and
uncertainty-adaptive planning model (Figure 2). Our primary
dependent variable was the difference between a participant’s
actual patch residence time and the MVT-prescribed residence
time (i.e., over- or underharvesting). We first regressed the patch
residence time relative to MVT on age to test for overall age-
related differences. We then fit a model including planet type
(poor, neutral, rich), planet number (a proxy for experience), age,
and their interactions. This analysis allowed us to evaluate two
key predictions of the structure-learning models: (1) if partici-
pants acquire the environment’s structure over the course of the
task, their behavior should become more MVT-aligned, reflected
in an effect of planet number and (2) the @ = 0 and a > 0 models
diverge on rich planets, with o > 0 predicting underharvesting
and a > 0 predicting overharvesting (Figure 2B). Thus, the sign
of the planet-type effect on overharvesting indicates which model
better captures participants’ qualitative behavior, and interactions
with age test for developmental differences in representations of
the environment (i.e., more complex with many inferred planet
types or simpler with a single planet type).

To test the model’s uncertainty-adaptive planning predictions, we
fit a separate regression examining how planet type switches,
planet number, and age interacted to predict deviations from
MVT. Learners who rationally adapt their decisions to uncer-
tainty should increase their overharvesting following rare
switches, yielding a positive effect of switch type (Figure 2D),
with age interactions capturing developmental variation in this
adjustment. Finally, we regressed response times on switches in
planet type, planet number, and age as an additional index of
structure sensitivity. Slower responses following switches would
indicate that participants detected changes in planet richness.
An age interaction would suggest developmental differences in
structure sensitivity.

In all our model-agnostic analyses, we used the “Ime4” package
for R (Bates et al. 2018) to fit the mixed-effects models to choice
and reaction time data. Except where noted, models included
participant-level random intercepts and random slopes across

within-participant fixed effects. To minimize Type I error, we
initially specified the maximal model (Barr et al. 2013). If the
model failed to converge, we iteratively simplified the model
by first removing interactions between random slopes, followed
by random slopes themselves, until convergence was achieved.
We used the ‘bobyqa’ optimizer and set the number of model
iterations to 10,000. Continuous variables-age, planet number,
and reaction time-were z-scored prior to their inclusion. Age was
z-scored across participants while planet number and reaction
times were z-scored within. Reaction times were log-transformed
before z-scoring.

2.3.4 | Computational Model-Fitting

We compared two versions of the model. In one version, a was
set to 0. When o = 0, the forager assumes that all planets belong
to a single type. In the other version, a was set to 0.2, the value
that, in simulation, produced the most veridical representation
across a range of the model’s other parameters (see Supporting
Information S1: Section 4). Throughout, we refer to this latter
model as o*.

We fit a to behavior using discrete models rather than as
a free parameter because parameter recovery was moderately
poor when a we allowed o to be a free continuous parameter
(Supporting Information S1: Section 3). However, model recovery
was excellent for the discrete models (Supporting Information S1:
Section 2). The difficulty in recovering continuous values of a
likely stems from both the short task duration (which was short-
ened by a block from the version run in young adults, Harhen and
Bornstein 2023) and from the fact that smooth changes in « do not
produce smooth changes in the inferred representation. Because
representations consist of discrete clusters, different values of
can be aliased when they generate identical latent structures.
The remaining parameters—yy,qc, Yeoets 5> and e—were fit as free
parameters because their recovery ranged from moderately good
to good (Supporting Information S1: Section 2).

We fit participants’ data on a choice-by-choice basis. Free
parameters and their bounds are detailed in the supplementary
materials (Table S1). To identify the parameter values that
minimized the negative log likelihood of participants’ choices,
we used Bayesian Adaptive Direct Search (BADS, Acerbi and
Ji 2017), an optimization algorithm suited for stochastic and
computationally expensive functions. To increase the likelihood
of finding the global minimum, we initialized the optimization
with different starting points generated from a Sobol sequence.
Sobol sequences are quasi-random and have been shown to be
more effective than grid or random search (Bergstra and Bengio
2012), while offering greater computational efficiency than Latin
hypercube sampling (Renardy et al. 2021). Starting points were
generated until the convergence criteria were met, defined as
five consecutive iterations without improvement to the overall
minimum. The final parameter values were those that yielded
the lowest negative log likelihood across all starting points.
Parameter recoverability analyses for both models are included
in the Supporting Information S1: Section 2.

The models’ likelihoods are stochastic due to the approximation
of the posterior distribution over planet type assignments. To
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address this noise, we repeated the cluster assignment process
1000 times. We computed the log likelihood of participants’
choices for each of these repetitions and marginalized over them.
We then negated this value to obtain the input to the optimization
algorithm.

2.3.5 | Model Comparison

We assessed model fit using Akaike Information Criteria (AIC),
which penalizes for model complexity. For age-group-level com-
parisons, we used protected exceedance probabilities (PXP).
PXPs estimate the likelihood that a given model is the most
frequent best-fitting model within a group while accounting for
chance differences in model frequencies. Model recoverability
analyses are included in the Supplementary Information SI:
Section 2.

2.3.6 | Computational Model Validation

Finally, we sought to determine whether our models (¢ = 0 or
a*) captured key qualitative features of behavior and provided
a close quantitative fit to the data. To do so, we simulated data
using the best-fitting model and parameters for each participant
and compared this simulated behavior to participants’ actual
behavior.

3 | Results
3.1 | Computational Model-Agnostic
3.1.1 | Overharvesting Increases With Age

We first asked whether overharvesting varied with age. We quan-
tified the extent to which participants’ planet residence times
deviated from those prescribed by the Marginal Value Theorem
(MVT) and found that participants, on average, overharvested,
staying longer than the MVT-optimal residence time (b, = 0.81,
SE = 0.11, t(248.49) = 7.47, p < .001). This tendency diminished
with age. Younger participants left planets earlier, thus aligning
them more closely with MVT (b, = 0.22, SE = 0.11, #(248.33) =
2.01, p = .045).

3.1.2 | Use of Structure Knowledge Strengthens With
Age

We next tested two key predictions of our structure learn-
ing model (Figure 2). The first concerns how overharvesting
should vary across planet types. The model predicts that all
foragers will overharvest on neutral planets and, to a lesser
extent, on poor planets. However, behavior on rich planets
should depend on how the forager represents the environment
(Figure 2B). Foragers who distinguish between planet types
should overharvest the least on poor planets, the most on
neutral planets, and to a moderate extent on rich planets.
Those who do not distinguish between types should instead
underharvest on rich planets, leaving too early because they
overestimate how quickly these planets deplete. The second

prediction concerns how overharvesting should change over
time. With increasing task experience, foragers should form more
accurate representations of the environment and consequently
behave more closely in line with MVT. To test these two pre-
dictions, we examined how overharvesting varied with planet
type, task experience (indexed by planet number), age, and their
interactions.

Results from the linear regression model supported both pre-
dictions. Participants overharvested the least on poor planets,
the most on neutral planets, and to a moderate extent on rich
planets (Figure 3; b, = 1.30, SE = 0.081, #(245.63) = 15.96,
p < 0.001; by, = —0.63, SE = 0.052, £(307.32) = —12.05, p
< 0.001; by, = —0.42, SE = 0.13, 1(245.17) = —3.15, p = 0.0018).
This follows the pattern predicted by our structure learning
model that distinguishes between planet types (Figure 2B; a >
0). Participants’ overharvesting also decreased with experience,
particularly on rich planets (bpjanet number = —0.24, SE = 0.05,
£(238.88) = —4.85, p < 0.001; byoorxpianct number = 0-067, SE = 0.047,
1(346.64) = 1.43, p = 0.15; byichxplanet number = —0.26, SE = 0.060,
1(229.28) = —4.29, p < 0.001). This is consistent with participants
using increasingly accurate representations of the environment as
they accumulate task experience.

These effects varied with age. Older participants overharvested
more than younger participants, specifically on rich planets
(bagexrien = 0.36, SE = 0.13, 1(245.01) = 2.68, p = 0.0078), with no
significant age-related effects on poor or neutral planets (b, =
0.059, SE = 0.082, £(245.48) = 0.72, p = 0.47; bygexpoor = —0.045,
SE = 0.052, t = (303.047) = —0.86, p = 0.39). Under the structure
learning model, behavior diverges most prominently between
“structure learners” (o > 0) and “non-structure learners” (a =
0) on rich planets. Older participants’ behavior more closely
matched the behavior of “structure learners” than did younger
participants, consistent with age-related improvements in the use
of complex structural knowledge.

3.1.3 | Implicit Structure Knowledge Is Present Across
All Ages

To measure structure learning more implicitly, we analyzed
reaction times following switches in planet type. We focused
on participants’ second decisions on each planet, as the first
depletion provides the initial cue to a planet’s type. If participants
inferred that planets of the same type cluster together in time, a
switch should surprise them and slow their responding. To test
this prediction, we used a mixed-effects model to examine how
response times varied with planet type switches, planet number,
age, and their interactions. The model included participant-level
random intercepts and slopes for the planet switch regressor.
Consistent with our prediction, participants responded more
slowly following a switch in planet type (bgyitchpoint = 0.049,
SE = 0.023, #255.5) = 2.09, p = 0.037), providing additional
evidence that they were sensitive to the environment’s structure
and dynamics. Response times decreased across the task overall
(Bplanct number = —0.049, SE = 0.012, 1(8551) = —4.072, p < 0.001),
but switch-related slowing did not diminish with experience
(Bewiteh pointxplanct number = 0-014, SE = 0.024, {(8711) = 0.60, p = 0.55).
Importantly, age did not moderate the effect of switches on
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FIGURE 3 | Model-agnostic signature of structure learning. (A) Planet residence times (PRTs) relative to Marginal Value Theorem (MVT)-optimal
PRTs across planet types and age groups. Violin plots show the distribution of PRTs for each age group. Thin lines show individuals’ mean PRT for the
planet type, markers indicate group means, and error bars denote 95% confidence intervals. Dotted lines indicate the MVT-optimal PRTs for each planet
type. Across all planet types, participants overharvest relative to MVT. (B) Age-related differences were the most pronounced on rich planets. Importantly,
our two models of interest predict that structure learners («*) and non-structure learners (a = 0) should diverge most strongly in their behavior on these
planets. For this reason, we examined differences between age groups and models more closely by plotting the deviation from MVT-optimal PRT, whereas
children’s PRTs were close to the MVT-optimal value. Children’s behavior aligned more closely with the predictions of the non-structure learner (a =
0; gray dotted line), whereas adolescents’ and adults’ behavior more closely matched the predictions of the structure learner model («*; colored dotted

line). This pattern of results suggests age-related differences in the inferred structure of the environment.

response times (b,gexswitch point = 0-0088, SE = 0.023, £(256.3) = 0.38,
p=0.71). Younger participants slowed after switches just as adults
did, suggesting an implicit awareness of planet differences across
our full age range. These results point to a dissociation between
detecting structure and using that structure to guide decisions.
While participants of all ages were sensitive to the environment’s
dynamics, only older participants leveraged this knowledge to
inform their choices.

3.1.4 | Uncertainty Adaptive Planning Emerges Early in
Development

We next tested whether participants adjusted their planning
horizons in response to uncertainty about a planet’s type, the key
feature of our structure learning model’s uncertainty-adaptive
planning computation (Figure 2C). Foragers using this strategy
should overharvest more following a switch in planet type,
when uncertainty is highest (Figure 2D). To test this, we exam-
ined how overharvesting varied with switches, task experience,
age, and their interactions. The mixed-effects model included
participant-level random intercepts and slopes for planet num-
ber. As predicted, participants overharvested more following
switches in planet type (Figure 4; bgyjich point = 0.31, SE = 0.039,
#(8410) = 7.844, p < 0.001). This effect marginally decreased
with experience (bgyitch pointxplanct number = —0.078, SE = 0.042,
#(8414) = —1.85, p = 0.065), suggesting that switches became less
uncertainty-inducing as participants gained familiarity with the
environment. Early in the task, switch-related overharvesting did
not significantly vary with age (bygexswitch point = —0-0094, SE =
0.039, t(8410) = —0.24, p = 0.81). However, older participants
showed a greater reduction in switch-related overharvesting with
experience (bageXswitch pointXplanet number = —-0.11, SE = 0.042, t(84]-2)
= —2.65, p = 0.0082). These findings indicate that uncertainty-
adaptive planning emerges early in development, but that older
participants more effectively incorporate their experience of the
environment into their decisions over time.

3.2 | Computational Model-Based Results

Our central question was whether structure learning differs with
age. To address this, we fit two models to participants’ choices. In
one model, a was fixed at 0, corresponding to an undifferentiated
representation of the environment. In the other, a was fixed
at 0.2—the value that most consistently produced a veridical
representation in simulations (Supporting Information S1: Sec-
tion 4), which refer to as the o* model. Within each age group,
individuals varied in which model best captured their choices
(Figure S5). However, our primary aim was to determine whether
the model that most frequently best fit participants’ choices
differed across age groups. To determine this, we calculated the
protected exceedance probability (PXP) for each model within
each age group (Figure 5A). A PXP quantifies the probability that
a given model is more frequent in a group than the alternatives,
while accounting for the possibility that observed differences in
model evidence arise by chance. We found that adults’ behavior
was best captured by the a* model (PXP = 0.88), suggesting that
they inferred and used the environment’s latent structure to guide
their decisions. In contrast, children’s behavior was more often
best fit by the « = 0 model (PXP = 0.83), indicating that they did
not differentiate between planet types. Adolescents fell between
these groups, with no model clearly dominating (a* PXP = 0.66,
a =0 PXP = 0.34). There was considerable variability within each
age group, in part because two of the groups included participants
spanning years of rapid developmental change. We therefore
examined developmental differences in model fit continuously.
To do so, we computed the difference in AIC scores between
the two models for each participant. Positive values indicated
being better fit by the a* model. Although substantial variability
remained across participants of similar ages, on average, the
AIC difference increased with age (Figure 5B; Spearman’s p
= 0.22, p < 0.001), recapitulating the pattern observed in our
model-agnostic analyses. Together, these findings indicate that
the ability to infer and use structural knowledge strengthens
across development.
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FIGURE 4 | Model-agnostic signature of uncertainty-adaptive planning. (A) Planet residence times (PRT) relative to Marginal Value Theorem
(MVT)-optimal PRTs across planet types and age groups. Violin plots show the distribution of PRTs within each age group. Thin lines indicate individuals’
mean PRT for the planet type, markers indicate group means, and error bars denote 95% confidence intervals. Dotted lines show the MVT-optimal
PRTs for reference. (B) To assess how participants adjusted their behavior when uncertainty increased, we computed the difference in overharvesting
(participant PRT minus MVT-optimal PRT) for trials in which the planet “switched” type relative to the previous planet versus trials with no switch.
Because these switches are relatively rare, they are moments of heightened uncertainty. An individual who adapts to uncertainty (uncertainty adapter
model; ¥¢oer < 0) should shorten their planning horizon in these cases and consequently are predicted to increase the extent of their overharvesting.
In contrast, an individual who does not adapt is predicted to show less adjustment in their overharvesting in response to these switches (uncertainty
non-adapter; ycoer = 0).

A B. C

=0.22, p<0.001 .

adults

~
—e—
—eo—

o

® data
® sim

adolescents

IS
-9
@

planet residence time
w

w

' .

poor neutral rich poor neutral rich

children

FIGURE 5 | Model-based results. (A) Protected exceedance probabilities (PXPs) reveal differences in the most frequent best-fitting model across
age groups. Adults’ choices were better captured by the o* model, while children’s choices were better captured by the & = 0 model. For adolescents,
however, neither model completely dominated, though the a* had a somewhat higher PXP than the & = 0 model. (B) To examine continuous age-related
differences in the model fit, we computed the Akaike Information Criterion (AIC) difference between the two models for each participant. Positive
values indicate a better fit with the a* model. The AIC difference increased with age (Spearman’s p = 0.22, p < 0.001), indicating that the o* model
provided a progressively better account of behavior with increasing age. (C) Comparison of participants’ data to model-generated data. Each subpanel
includes only the participants best fit by that model (o = 0 or a*). For each subpanel, we compare the participants’ mean planet residence times across
the three planet types to the model residence times generated using their best-fitting parameters. Error bars denote 95% confidence intervals.

Under the o* model, no free parameters significantly varied with
age (Ypase: 0 = —0.049,p = 0.44; Y ot p = —0.068, p = 0.28; B: p =
0.056, p = 0.37; €: p = —0.092, p = 0.15). Parameters from the o =
0 model yielded the same results (yp,e: 0 = —0.041, p = 0.52; B3: p
=0.0095, p = 0.88; ¢: p = —0.087, p = 0.17).

4 | Discussion

Here, we investigated how the ability to infer and exploit
latent structure changes across development. In a heteroge-
neous, dynamic patch-foraging task, younger participants left
patches earlier than adults, particularly on rich planets. Com-
putational modeling indicates that these behavioral differences
stem from age-related differences in how participants represented
the environment. Younger participants’ behavior more closely
aligned with a model assuming all patches belonged to a single

type, whereas adults’ choices were better captured by a model
inferring multiple types, supporting fine-grained distinctions
between planets. This finding extends prior work showing that,
in passive learning contexts, children’s and adolescents’ structure
learning abilities lag behind adults’ (Arciuli and Simpson 2011,
Shufaniya and Arnon 2018; Raviv and Arnon 2018). Despite these
differences in structure learning, however, participants across the
age range adapted their planning to uncertainty, remaining in
patches longer following rare, unexpected switches in patch type.
This result is consistent with past studies demonstrating that
even young children use uncertainty to guide their exploration
(Nussenbaum et al. 2023; de Eccher et al. 2024; Blanco and
Sloutsky 2021; Ruggeri et al. 2024). Together, our findings suggest
that while the ability to infer latent structure continues to develop
into adulthood, learners even in middle childhood can flexibly
adjust their decision-making in response to the environment’s
dynamics.
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Children’s choices suggest that, as a group, they adopted a
simpler representation of the environment, treating all patches
as belonging to a single type. However, children’s response times
add nuance to this finding. Children responded more slowly
following a rare switch in patch type, indicating surprise at the
change. Such an effect implies sensitivity to differences between
patch types at some level. This dissociation between response
times and choices suggests that children acquired structural
knowledge that they could not yet use to guide their decisions.
One possibility is that children’s knowledge remained only
implicit, and thus inaccessible for strategic control and decision-
making. Similar dissociations in implicit and explicit knowledge
have been observed in younger children in numerous domains,
including numerical cognition and language (Karmiloff-Smith
1995).

Another, not mutually exclusive, possibility is that learners
maintain multiple representations that vary in granularity and
flexibly draw on them depending on the decision at hand
(Koechlin et al. 2003; Simon 1975; Stachenfeld et al. 2017; Ho
et al. 2022). From this perspective, participants of all ages
may have acquired both simpler and more refined representa-
tions of the environment but differed in which representation
they used to guide their choices. Although our task was not
explicitly designed to test for this dissociation, prior studies
have observed strikingly similar results, finding that children
and adolescents can acquire structural knowledge but fail to
apply it in their planning and reasoning (Nussenbaum et al.
2020; Potter et al. 2017; Decker et al. 2016; Cohen et al. 2020;
Schlichting et al. 2017). Resource rationality offers a useful lens for
understanding this dissociation (Persaud et al. 2020). Under this
framework, cognition is shaped by the pressure to make efficient
use of limited computational resources (Lieder and Griffiths
2019). Because drawing on more complex representations places
greater demands on working memory, future, simulation, and
episodic memory—abilities that mature into young adulthood
(Hartley et al. 2021; Coughlin et al. 2019; Keresztes et al. 2018;
Bunge and Wright 2007)—children may favor simpler repre-
sentations that are better suited to their developing cognitive
abilities. As these capacities improve with age, learners may
increasingly rely on more detailed representations to guide their
decisions.

Yet another possibility is that children rely on simpler represen-
tations not because of cognitive constraints, but because doing
so is a rational choice in the context of our task. We designed
the task such that both simple and complex representations yield
equivalent rewards on average. Under these conditions, a simpler
representation is more efficient, achieving the same outcomes at
a lower computational cost. A more puzzling question, then, is
why adults adopt the costlier representation. This result stands in
contrast to a large and influential literature demonstrating that
adults often rely on heuristics, strategies that ignore information
to make decisions more quickly or frugally, across a wide range
of decision contexts (Tversky and Kahneman 1974; Gigerenzer
and Gaissmaier 2011; Shah and Oppenheimer 2008). When such
heuristics are well matched to the environment’s structure,
decision makers will ignore irrelevant features and only attend to
the information necessary to make accurate and efficient choices.
With that said, a small number of studies do observe a similar
pattern to ours’. They find that adults prefer to plan over an

internal model of the environment even when a simpler, model-
free strategy would yield comparable payoffs, whereas children
adopt a simpler strategy (Nussenbaum et al. 2020; Potter et al.
2017; Decker et al. 2016). One explanation is that adults generalize
the decision strategies they use in uncertain real-world situations
to the novel task environment. In these cases, maintaining more
granular representations and being sensitive to uncertainty may
be beneficial. As a result, adults may rely on more complex
representations not because the task explicitly incentivizes them
to do so, but because past experience has taught them that it is an
advantageous strategy.

While we observed age-related differences in structure inference,
we found no differences in uncertainty-adaptive planning. Even
the youngest participants remained in patches longer following
rare switches in patch type, indicating sensitivity to uncertainty
according to our model. Although children generally plan less
deeply than adults (Nussenbaum et al. 2020; Potter et al. 2017;
Decker et al. 2016; Albert and Steinberg 2011; Luciana et al. 2009),
they may engage in uncertainty-adaptive planning because it is
a resource-efficient strategy. Planning far into the future is only
advantageous when the planner can accurately predict action
outcomes. Reserving planning for states of relative certainty
allows child and adolescent decision makers to make more
efficient use of their limited cognitive resources. Importantly,
this form of planning primarily relies on reactive rather than
proactive control, meaning that control is recruited in response to
unexpected changes rather than being continuously deployed in
anticipation. Indeed, young children are known to favor reactive
over proactive control (Chevalier et al. 2018; Chevalier et al. 2020;
Niebaum et al. 2021). Moreover, uncertainty-adaptive planning
depends on the ability to monitor internal uncertainty, an ability
that has been observed in children far younger than those in
our sample (Baer and Kidd 2022; Lapidow et al. 2022; Schulz
et al. 2019; de Eccher et al. 2024). Collectively, these findings
suggest that even young learners possess the metacognitive
abilities needed to flexibly adjust their planning in response to
uncertainty. While all of our key findings are supported by both
computational model-agnostic and model-based analyses, our
model-based approach is limited by the moderate recoverability
of some model parameters, most notably the parameter con-
trolling uncertainty-adaptive planning, y..;. Limited parameter
recoverability may have reduced our ability to detect age-related
differences in ... as well as in other parameters such as the
softmax temperature and lapse rate. In addition, we did not
fit the structure inference parameter, o, as a continuous free
parameter. Instead, we compared models with low versus high
values of «, as continuous estimation yielded poor parameter
recovery. This discrete approach yielded good model recovery,
but at the cost of limiting our ability to detect more gradual age-
related changes in structure inference. Future work could address
these limitations by increasing the number of choices participants
made. Indeed, we find that adding an additional block improves
parameter recovery (Supporting Information Sl: Section 2). In
developmental samples, however, collecting more choices is
challenging due to children’s limited attentional stamina. One
promising solution could be to administer the task across multiple
shorter sessions. In addition to improving recovery, this approach
would allow for direct assessment of parameter reliability across
time, providing evidence that the estimated parameters capture
stable, trait-like differences between individuals.
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Although we observed an overall age-related difference in
structure inference, substantial variability remained among par-
ticipants of similar ages. Among children and adolescents, such
heterogeneity may reflect differences in developmental trajec-
tories. However, we also observed considerable inter-individual
variability in adults, suggesting that development alone does not
fully account for differences in structural learning. We did not
directly assess cognitive capacities such as working memory or
cognitive control, but variation in these abilities may help explain
the individual differences we observed. Prior work indicates that
these abilities support the acquisition and use of internal models
of the environment (Otto et al. 2013; Otto et al. 2015).

Prior work has shown that children can discover latent structure
that adults cannot, often in cases where the structure is unusual
(Gopnik et al. 2017; Lucas et al. 2014). This advantage has been
attributed to children’s broader exploration. Although children
in our task did explore more broadly, leaving patches sooner,
this did not provide them with more veridical representations
of the environment. One possibility is that broad exploration
is not well-suited to structure discovery in every environment.
Under standard definitions, exploratory actions are those that
sacrifice immediate reward to gain information (Schulz and
Gershman 2019). In patch foraging tasks, remaining longer under
uncertainty fits this definition. Doing so allows learners to gather
additional observations that refine estimates of local depletion
rates, even as it entails deviating from the reward-maximizing
behavior prescribed by the Marginal Value Theorem. Importantly,
different forms of exploration may support learning about differ-
ent aspects of the environment. Leaving patches sooner provides
the opportunity to explore a greater number of patches, improving
the forager’s estimate of the global reward rate. Staying longer,
meanwhile, refines knowledge of local patch dynamics. Both
are forms of exploration but ones operating at different scales.
Leaving sooner is a form of broad exploration while leaving
later, though often interpreted as over-exploitation, may in fact
be a form of deep exploration. Developmental differences in
the balance between these exploratory strategies could provide
one potential explanation for why foragers of different ages may
acquire different forms of structural knowledge.

Together, our findings provide new insight into how structure
learning and its use in complex environments change across
development. Through computational modeling, we inferred
how participants represented the environment. Notably, chil-
dren’s broader exploration did not confer a structure-learning
advantage in this task. Instead, adults’ tendency toward deep
exploration supported structure inference. These results point
toward a more nuanced view of developmental differences in not
only structure learning but also exploration. The present work
motivates future studies examining how age-related differences
in information-seeking interact with the true structure of the
environment to produce developmental differences in mental
models of the environment.
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