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Abstract
How we represent an environment’s structure influ-
ences how we explore it. Here, we asked whether
developmental differences in structure learning
contribute to known age-related differences in ex-
ploration. Participants between ages 8 and 25 com-
pleted a patch foraging task previously shown in
adults to elicit individual differences in structure in-
ference. We compared their behavior to the pre-
dictions of a Bayesian structure learning model.
We found that, consistent with normative mod-
els, all participants were able to adapt their explo-
ration with respect to their uncertainty about the
environment’s structure. However, we found that
older participants overharvested more when it was
more profitable, consistent with their representing
the patch structure in a more complex, but ulti-
mately veridical, fashion, compared to younger par-
ticipants. These results suggest a role for changes
in representation in underlying the developmental
shift away from exploration towards exploitation.
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Introduction
Childhood and adolescence are developmental stages
characterized by heightened exploration. While previ-
ous research has primarily focused on how changes
in reinforcement learning algorithms might account for
developmental differences in exploration (Giron et al.,
2023; Schulz, Wu, Ruggeri, & Meder, 2019; Somerville
et al., 2017; Meder, Wu, Schulz, & Ruggeri, 2021),
learning to represent the structure of the environment
being explored is another potential source of differ-
ence. Structure learning and mental model formation
exhibit developmental changes into young adulthood
(Schlichting, Guarino, Schapiro, Turk-Browne, & Pre-
ston, 2017; Pudhiyidath, Roome, Coughlin, Nguyen,
& Preston, 2020). However, conventional exploration
tasks lack the environmental complexity necessary to
measure interactions between structure inference and
exploration. Patch foraging tasks may present a more
complex and ”naturalistic” choice context than standard
decision making tasks as they allow for environments
with richer structure (Mobbs, Trimmer, Blumstein, &
Dayan, 2018). Here, using a combination of behavioral
methods and computational modeling, we ask – do de-
velopmental differences in structure learning and use
underlie differences in exploration?

Methods
Participants and task 252 participants between the
ages of 8 and 25 completed a patch foraging task used
in a prior adult study (Harhen & Bornstein, 2023). Par-
ticipants traveled to different planets to mine for space

gems (Fig 1a-c). On each planet, participants decided
between staying to dig from the current planet’s deplet-
ing mine or incurring a time cost to travel to a new
planet with a replenished mine. Mimicking natural en-
vironments, planets varied in their quality, as defined by
their average depletion rate per dig. Planet quality was
correlated in time – new planets were most likely to be-
long to the same type as the last planet (non-switch),
but occasionally, there were rare “switches” in planet
type. Critically, this structure was not explicitly signaled
to participants, requiring them to infer it solely from the
sequence of rewards they received.

Models In our model (Harhen & Bornstein, 2023),
we relax MVT’s assumption that the forager has per-
fect knowledge. We use a Chinese Restaurant Pro-
cess (CRP; Aldous, 1985) to model a forager rationally
inferring the environment’s underlying structure. The
CRP is distinguished by its prior which always maintains
the possibility of a new planet type being encountered,
with probability proportional to the parameter α. When
α > 0, the forager’s representational complexity is al-
lowed to grow as experience warrants it. This supports
more precise predictions of how the planet will deplete
over time, informing the value they estimate for staying.
When α = 0, the forager assumes a simplistic structure,
representing a single planet type. The forager can never
be fully certain that their representation is truly accu-
rate. In our model, this uncertainty is counteracted with
an adaptive planning horizon (Jiang, Kulesza, Singh, &
Lewis, 2015). Previously, we have shown that the dy-
namics of participants’ choices in this task can be ex-
plained by a reduction in planning horizon at points of
uncertainty. While this computation is included in our
model, due to space constraints, here we only report
findings with respect to the structure learning computa-
tion.

We compared how well two variants of the model
described participants’ choices using 10-fold cross-
validation: one variant in which α = 0 and another in
which α = 1. We also compared these models against
two other models considered in Constantino & Daw
(2015). One model couples a MVT-based decision rule
with error-driven learning of the environment’s overall
distribution of rewards and the other uses a temporal-
difference algorithm to learn state-action values.

Results
Our Bayesian structure-learning model predicts that a
forager’s response to planet richness depends on how
they represent the environment (Fig 1d-e). Notably, rich
planets should produce the most patent response dif-
ferences – foragers representing multiple planet types
should overharvest while those representing a single
type should underharvest. Examining effects of age and



Figure 1: A. Patch foraging task On each trial, participants decided between staying to dig from a depleting gem
mine or incurring a time cost to travel to a new planet. B. Environment structure Planets belonged to one three
planet types each with their own characteristic distribution over depletion rates. C. Environment dynamics. A new
planet had an 80% probability of being the same type as the prior planet (“no switch”). However, there was a 20%
probability of transitioning or “switching” to a planet of a different type. D. Structure learning With our structure
learning model, we simulated agents with different settings of α completing the task. Bar heights indicate the agent’s
planet residence time (PRT) and the dotted lines indicate the MVT-optimal PRT. Our model predicts that foragers’
inferring multiple planet types (structure learners with α > 0) should overharvest on rich planets while foragers
inferring a single type (non-structure learners with α = 0) should underharvest. E. Uncertainty adaptive planning
Our model predicts that a forager who adapts their planning horizon with respect to their uncertainty will increase
their overharvesting in response to switches in planet type. Foragers who do not adapt will show no modulation of
their overharvesting.

its interactions, we found that on rich planets older par-
ticipants explored less than younger participants, over-
harvesting more (β=0.36, p = .0078). Based on our
model predictions, this is consistent with age-related im-
provements in structure inference.

If participants engage in uncertainty-adaptive plan-
ning, then their overharvesting should increase at points
when the planet type switches (Fig 2b). Indeed, par-
ticipants’ overharvesting did increase at switch points
(β=0.31, p < .001). We did not observe any age-related
differences in sensitivity to switch points (β=-0.0094,
p = .81).

Model comparison revealed that the α = 1 model pro-
vided the best fit for the greatest proportion of partic-
ipants in all age groups (children: 51%; adolescents:
59%; adults: 66%). Notably, however, a smaller propor-
tion of children were best fit by this model. To explore
this further, we took the difference in cross-validation
scores between the α = 0 and the α = 1 models for
each participant. A positive value would indicate the the
participants’ choices were better described by the α = 1
model. We found that the difference in scores grew in-
creasingly positive with age (Kendall’s τ = .18, p < .001),
further substantiating an improvement in structure infer-
ence with age.

Conclusion
In all age groups, participants’ choices revealed a sen-
sitivity to uncertainty, being less likely to explore a new
option when uncertain. However, older participants
choices’ were more aligned with a complex, multi-planet
representation of the environment. Taken together, our
results suggest that with age people represent novel en-

Figure 2: A. Relative to MVT-optimality, participants
overharvested across all planet types but to varying ex-
tents. On rich planets, older participants overharvested
to a greater extent than younger participants. B. Par-
ticipants in all age groups increased the extent of their
overharvesting following switches in planet type.

vironments with greater complexity, consequently alter-
ing their exploratory decisions.
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