Representation learning and choice in naturalistically complex environments

Dale Zhou'23 Shuheng Guo?®

Michael A. Yassa'? Aaron M. Bornstein??

' Neurobiology and Behavior, University of California, Irvine
2 Center for the Neurobiology of Learning and Memory, University of California, Irvine
3 Department of Cognitive Sciences, University of California, Irvine

dale.zhou@uci.edu, jianleg@uci.edu, myassa@uci.edu, aaron.bornstein@uci.edu

Abstract

Balancing exploration of uncertain options with exploit-
ing past rewards is challenging when seemingly similar
situations produce very different outcomes. An open ques-
tion is how individuals pursue rewards when the reward-
maximizing strategy requires implausibly detailed mem-
ory for the landscape of potential choice options. Here,
we examined how humans navigate such rugged reward
landscapes under limits on representational resources.
Using an information-theoretic framework, we quantified
policy complexity (mutual information between states and
actions) as a measure of representational cost. Partici-
pants (n = 49) performed a naturalistic foraging task in
a modified Super Mario environment, learning rewards
across multidimensional, nonlinearly interdependent fea-
tures. Behavior ranged from simple heuristics to complex
state-dependent policies. Exploration induced dimension-
ality reduction in state representations, while greater policy
complexity over selected features predicted higher reward,
better memory, and improved generalization to novel stim-
uli. Together, these results suggest that humans dynami-
cally balance reward maximization with representational
efficiency in complex environments.

Introduction

In many decisions, we balance exploring novel options
with recalling past outcomes. Efficiently doing so re-
quires generalizing prior experience to new, similar con-
texts (Sims, 2018; Wu et al., 2018; Zhou & Bornstein,
2024). This is challenging in multidimensional, natural-
istic environments where similar situations can lead to
either high reward or costly failure (Wise et al., 2024). For
example, a field mushroom and a destroying angel both
look pale and unassuming, with domed caps and slender
stalks, but one feeds while the other poisons. Navigat-
ing such jagged reward landscapes requires solving a
trade-off between richly detailed but resource-intensive
representations, or resource-efficient but partially dis-
torted representations (Zhou et al., 2025). Humans miti-
gate these costs through selective attention (Mack et al.,
2020), episodic memory (Nicholas & Mattar, 2026), and
representation learning (Niv et al., 2015), distilling task-
relevant information through dimensionality reduction.
From an information theory view, this resource allo-
cation is captured by policy complexity, the information

needed to specify actions in a situation (Lai & Gershman,
2021). However, it is unclear what to represent not only
in complicated environments with many dimensions, but
in complex ones where dimensions interact to determine
reward. To address this, we develop a naturalistic rein-
forcement learning task that requires learning complex
state—action—-reward mappings (Figure 1).
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Figure 1: (A) Sampling a mushroom from a mystery box.
(B) Eat vs. leave decisions over time in one world (thick
line=average, thin line=individual). (C) Worlds contain dif-
ferent mushrooms (clockwise: forest, desert, lava, cave,
ocean). (D) Reward as linear (left) vs. non-linear (right)
function of stem and cap shape. Yellow heatmap of par-
ticipants’ estimations of the most rewarding shape.

Methods

Participants (n=49, 22 male, 27 female, mean age
39.59 + 12.02 years) were recruited from Prolific ($20
compensation with performance-based bonus from a
randomly selected part of the task). They completed a
modified Super Mario game, a real-time 2D side-scroller
with enemies and navigation-based win/lose conditions
removed. Our task centered on exploration and informa-
tion sampling, learning latent reward structure to seek
rewarding mushrooms and avoid punishing ones. Partic-
ipants revealed mushrooms by opening “mystery boxes”
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across worlds and had 5 seconds to decide whether to
eat or leave each mushroom.

Stimulus state-reward functions. Mushrooms
(n=3,200) varied along perceptual cues of taste and
toxicity. Features differ across 8 colors, stem widths,
and cap shapes, emphasizing color given its salience to
humans when evaluating food (Macario, 1991). Each
color had a distinct reward distribution (means: —2.89
to 5.06; SDs: 1.77 to 3.19). Decision boundaries vary
by color, including linear (e.g. reward increases with
stem width), nonlinear (intermediate widths highest), and
interdependent (e.g. intermediate width rewarded only
for round yellow caps; Figure 1D) reward functions.

Exploration across worlds. Self-paced exploration
involved sampling mushrooms across five worlds (585 +
118 trials/person), differing in average reward (0.09—
1.35). All worlds contain 60% rewarding and 40% poi-
sonous mushrooms, ensuring stationary rewards (even
“eat everything” yields rewarded, albeit inefficiently). Ex-
plorers begin in each world with 20 stamina, decreasing
by 0.1 per second and updated by the value of eaten
mushrooms. [f stamina falls to 0, there is a 5 second
time-out. Reaching 30 stamina allows them to either stay
at or switch worlds via three doors.

Action policy complexity. Following prior work (Ger-
shman, 2020), we quantified representational cost via
policy complexity: the mutual information /(S;A) be-
tween mushroom states S and actions A during explo-
ration. Higher /(S; A) reflects more detailed and com-
plex state-dependent mappings, whereas lower /(S; A)
reflects more simple and compressed state-agnostic pri-
ors or heuristics that reduce representational cost.

Memory test and similarity judgments. A two-choice
task evaluates value learning and generalization by hav-
ing participants pick the more rewarding mushroom (60
trials). To test generalization, one mushroom may be
novel (24/60 trials). Afterward, participants reconstruct
the most rewarding mushroom shape and rank colors
and worlds. Participants also made similarity judgments,
picking the “odd one out” among three randomly sampled
mushrooms (100 trials each pre- and post-exploration).

Inferring task representations. We used methods
that infer a representation best predicting similarity judg-
ment choices via a distance-based choice function (Mut-
tenthaler et al., 2022; Roads & Mozer, 2019).

Results

Foraging policies evolved with exploration (Figure 1B).
Greater policy complexity predicted higher net reward
(r=.36,p=.01), whereas policy compression reflected
an indiscriminate “eat everything” strategy (r = .91, p <
.0001). Reward memory was more accurate by color than
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Figure 2: Choice functions from the memory test for
(A) color vs. shape (main effect 5 = 0.07,p < .0001,
interaction with shape g = —0.05,p = .002) and (B)
familiar vs. novel mushrooms (main effect 5 = 0.08, p <
.0001, interaction with novelty 5 = —0.05, p = .003).

shape and for familiar than novel mushrooms (Figure 2),
with policy complexity supporting accuracy (r = .44,p =
.003) and generalization (r = .46, p = .002). Participants’
post-task estimates of the most rewarding shape had net
positive reward (mean of 1.4 out of 5.5 maximum; one-
sample t = 11.8, p < .0001; Figure 1D), color rankings
matched reward (Spearman’s p = .41, p < .0001), and
world rankings modestly tracked reward (p = .25,p <
.0001). From 9,712 similarity judgments pooled across
participants (16.3% of 59,640 possible combinations),
simulations showed recoverable structure r = .56—.87).
Mushroom embeddings indicate sparse, interpretable
color and shape dimensions (Figure 3A). Consistent
with representation learning, task representations show
reduced dimensionality after exploration (Figure 3B).
A

* 1=6.15, p<0.0001
—

uononpal
Ajjeuoisuswiqg

i el
L R
<«

Inferred dimensions

srrereofi

Top-related examples Pre-exploration Post-exploration

Figure 3: (A) Example inferred dimensions (rows) of
mushroom color and shape. (B) Dimensionality reduc-
tion with learning. Gray circles (n=60) show inferred
dimensions from bootstrap resamples (80% of trials) for
pre- vs. post-exploration similarity judgments.

Discussion

Together, our findings suggest that state features are com-
pressed while policy complexity is selectively allocated
to state-action mappings that support reward, memory,
and generalization. Future work will test how memory
discrimination, intrinsic motivation, and different choice
models influence representation learning.
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