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Estimating Task Representations in a Multidimensional Bandit Task:
A Method for Revealing Meta-level Learning

Yuki Tsukamura (tsukkacogsci@gmail.com)1,2 & Kazuhiro Ueda (ueda@g.ecc.u-tokyo.ac.jp)3
1Graduate School of Education, The University of Tokyo

2Japan Society for the Promotion of Science
3Graduate School of Arts and Sciences, The University of Tokyo

Abstract

Humans must learn not only which options pay off, but also
which features are worth learning about. Yet such meta-level
task representations are difficult to observe directly. We propose
an inverse inference approach for estimating an individual’s hy-
pothesis space over feature dimensions in a multidimensional
bandit task. Building on a model previously supported when
the hypothesis space is known, we instantiate the model for
each candidate hypothesis space and identify the space that best
predicts each participant’s choice sequence using hierarchical
Bayesian estimation and WAIC-based model comparison. In
an online experiment, participants’ choice accuracy improved
both within games and across games, suggesting adaptation at
multiple timescales. Moreover, the inferred spaces shifted on
average toward the true task structure. These results indicate
that changes in task representations are associated with improve-
ments in structured reward learning, and provide a measurement
framework for developing process-level models of meta-level
learning.

Keywords: reinforcement learning; Bayesian modeling;
decision-making; multidimensional bandit task; hypothesis
space

Introduction
How can one identify the best restaurant among many options?
How can one find the most enjoyable video or song? In such
situations, selecting from a large set of alternatives yields sub-
jective experiences of tastiness or enjoyment; based on these
outcomes, one may subsequently choose options expected to
be better, or instead explore options not previously selected.
This cycle of repeated choice, reward-based behavioral up-
dating, and the goal of maximizing (cumulative) reward can
be formalized as bandit tasks. Because bandit tasks provide
a powerful abstraction of learning under repeated decision-
making, they have been studied both as algorithmic prob-
lems in machine learning (Auer et al., 2002; Lattimore &
Szepesvári, 2020) and as behavioral tasks to investigate hu-
man learning and choice in psychology (Daw et al., 2006;
Steyvers et al., 2009).

In conventional multi-armed bandit formulations, all arms
are assumed to be independent, therefore observations from
one arm provide no information about the reward distribu-
tion of any other arm. In realistic environments, by con-
trast, subjective restaurant quality is often partially predictable
from externally observable attributes, including cuisine cate-
gory, price bracket, aesthetic cleanliness, patron density, and
review-site star ratings. Decision-making in such environ-

ments is therefore characterized by generalization through
shared structure: evidence about one option can update in-
ferences about other options’ expected utilities. Structured
bandit tasks, in which feature representations constrain re-
ward structure, are consequently viewed as a more faithful
abstraction of human decision-making problem in naturalistic
settings and have been adopted in recent behavioral studies
(e.g., Niv et al., 2015; Schulz et al., 2019; Wu et al., 2018).

From this perspective, two classes of generalization are
especially important. The first is within-structure generaliza-
tion: under a fixed reward-generating structure, experience
with one option supports prediction of rewards for related
options. The second is meta-generalization under shifts in re-
ward structure. When individuals move across contexts, such
as to a town with a different cultural environment, the mapping
from features to reward may change. Even so, prior experience
can accelerate subsequent exploration by supplying inductive
biases about which feature dimensions are likely to be predic-
tive (e.g., cuisine type) and which are unlikely to be predictive
(e.g., the first letter of a restaurant’s name). Characterizing
such meta-level structure learning is therefore central to un-
derstanding human decision-making (Collins & Frank, 2013;
Gershman & Niv, 2010), and the structured-bandit abstrac-
tion provides a route to uncovering context-dependent biases
in learning and choice by identifying the features people rely
on.

In this paper, we describe an approach to observe meta-
level learning in structured bandit tasks. We focus on the
hypothesis space as a meta-level structural hypothesis in mul-
tidimensional bandit tasks with multi-attribute options, and
aim to infer the hypothesis space from behavioral data. We
apply this approach to human choice data to clarify how hu-
man learning relates to updates in meta-level structure.

Human learning of structured bandit tasks
In recent years, bandit tasks with structure have been widely
used in computational cognitive science to study human learn-
ing and generalization. A standard bandit task is defined,
for a number of arms 𝐾 ∈ N (𝐾 ≥ 2), by the set of arms
A = {1, 2, . . . , 𝐾} and by a real-valued probability distribu-
tion 𝑃𝑎 (the reward distribution) associated with each arm
𝑎 ∈ A. At each time step 𝑡 = 1, 2, . . . , 𝑇 , an agent selects
one arm 𝑎∗𝑡 and receives a stochastic reward 𝑟𝑡 ∼ 𝑃𝑎∗𝑡 . The
objective is to maximize the (expected) cumulative reward∑𝑇
𝑡=1 𝑟𝑡 .
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By contrast, in “structured” bandit tasks commonly used
in computational cognitive science, each arm is associated
with features (Leong et al., 2017; Niv et al., 2015; Schulz et
al., 2020). Specifically, there exist a feature space F and
arms A such that, at each time step 𝑡 = 1, 2, . . . , 𝑇 , the
agent observes a set of available arms (candidate actions)
𝑎1,𝑡 , . . . , 𝑎𝐾,𝑡 ∈ A along with their corresponding features
𝑓1,𝑡 , . . . , 𝑓𝐾,𝑡 ∈ F . Based on these observations, the agent
selects one arm 𝑎∗𝑡 (with corresponding feature 𝑓 ∗𝑡 ) and re-
ceives a reward 𝑟𝑡 ∼ 𝑃 𝑓 ∗𝑡 that is stochastically determined as
a function of the feature. The objective remains to maximize
the (expected) cumulative reward

∑𝑇
𝑡=1 𝑟𝑡 .

In structured bandit tasks, a wide range of reward structures
can be considered depending on how the feature space F
is defined. One line of work examines how humans make
sequential decisions based on continuous dimensions (Schulz
et al., 2020; Wu et al., 2018). Another line investigates how
humans make decisions efficiently when the feature space is
high-dimensional and complex (Leong et al., 2017; Niv et al.,
2015; Song et al., 2022).

A commonly used computational account of human behav-
ior in bandit tasks is reinforcement learning (RL) based on
reward prediction errors. For example, in the 𝐾-armed ban-
dit, when the agent selects arm 𝑎∗𝑡 at time 𝑡 and receives reward
𝑟𝑡 , the value of the chosen arm 𝑉𝑡 (𝑎) is updated as

𝑉𝑡 (𝑎∗𝑡 ) = 𝑉𝑡−1 (𝑎∗𝑡 ) + 𝜂(𝑟𝑡 −𝑉𝑡−1 (𝑎∗𝑡 )) (1)
where 𝜂 ∈ (0, 1) is a learning rate parameter. Given the
resulting values 𝑉𝑡 (𝑎), the probability of choosing arm 𝑎 is
typically modeled via a softmax function,

exp(𝛽𝑉𝑡 (𝑎))∑
𝑎′ exp(𝛽𝑉𝑡 (𝑎′))

(2)

where 𝛽 > 0 is an inverse-temperature parameter. Models that
exploit reward prediction errors have been supported by neuro-
scientific evidence (Schultz, 1998). However, in the presence
of structure, these models are not straightforward to apply. If
F is finite, one could in principle compute a value 𝑉𝑡 ( 𝑓 ) for
every feature 𝑓 ∈ F . Yet when F is high-dimensional, so
that the number of possible feature combinations is extremely
large, this becomes computationally inefficient. Moreover,
when F is infinite (i.e., continuous), maintaining values for
all features is impossible.

In response to these challenges, a variety of models have
been proposed in recent years to explain human behavior in
structured bandit tasks. In settings with continuous features,
models that explicitly learn the mapping from features to ex-
pected reward have been developed, and Gaussian process
regression with an RBF kernel has been supported as a plau-
sible account (Schulz et al., 2020; Stojić et al., 2020). In con-
trast, for discrete, multidimensional feature spaces, proposed
models include dimension-factorized reinforcement-learning
approaches that reduce computational burden (see the next
section) as well as accounts based on repeated hypothesis
testing (Niv et al., 2015; Song et al., 2022).

A common assumption across these models is that the can-
didate set of reward-relevant features is known in advance.

In the restaurant example, however, successful learning re-
quires acquiring an abstraction of the task structure itself,
namely identifying which features are reward-relevant. How-
ever, the reward-driven acquisition of meta-level structural
knowledge remains a key unresolved issue in computational
studies. Here, we propose an analysis framework for the learn-
ing of meta-level structure using a multidimensional bandit
task. Concretely, we perform inverse inference of the hypoth-
esis space grounded in existing computational models, en-
abling estimation of the structure participants assume during
learning. We then apply the approach to experimental choice
data to characterize participants’ hypothesis spaces and their
transition.

Task and models
Multidimensional bandit task
Niv et al. (2015) investigated human behavior using a multi-
dimensional bandit paradigm. In a multidimensional bandit
task, the feature space F is discrete and factored across multi-
ple dimensions, such that F is given by the Cartesian product
of finite sets 𝐷1, 𝐷2, . . . , 𝐷𝐾 : F = 𝐷1 × 𝐷2 × · · · × 𝐷𝐾 .

They used a three-dimensional task with dimensions corre-
sponding to color, shape, and texture:

F =𝐷color × 𝐷shape × 𝐷texture

={red, blue, green} × {circle, triangle, square}
× {dot, stripe, honeycomb} (3)

Rewards were binary (0 or 1) and depended on exactly one
of the feature dimensions; participants were told that one of
the three dimensions governed reward. For instance, in one
condition, only the color dimension affected the probability
of reward, with one level (e.g., red) assigned a higher reward
probability than the remaining levels (e.g., blue and green).

Models for multidimensional bandit task
Niv et al. (2015) repeatedly administered a multidimensional
bandit task while varying which dimension was reward-
relevant, and evaluated which behavioral model best predicts
participants’ choice data. They found that a model termed the
feature RL model with decay provided the best prediction. In
this paper, we refer to this model simply as the fRL model and
describe it below. Let the value of arm 𝑎 at time 𝑡, 𝑉𝑡 (𝑎), be
decomposed along its feature vector 𝑓 = ( 𝑓1, 𝑓2, 𝑓3) ∈ F into
dimension-specific values𝑊𝑡 (·), such that

𝑉𝑡 (𝑎) = 𝑊𝑡 ( 𝑓1) +𝑊𝑡 ( 𝑓2) +𝑊𝑡 ( 𝑓3) (4)

Given the chosen arm 𝑎∗𝑡 with features 𝑓 ∗𝑡 = ( 𝑓 ∗1 , 𝑓 ∗2 , 𝑓 ∗3 ), the
model updates

𝑊𝑡+1 ( 𝑓 ∗𝑖 ) = 𝑊𝑡 ( 𝑓 ∗𝑖 ) + 𝜂(𝑟𝑡 −𝑊𝑡 ( 𝑓 ∗𝑖 )) (𝑖 = 1, 2, 3) (5)

and applies decay to features not present in 𝑎∗𝑡 ,

𝑊𝑡+1 ( 𝑓 ) = (1 − 𝑑)𝑊𝑡 ( 𝑓 ) (𝑑 ∈ (0, 1)) (6)

Choices are then generated by applying the softmax rule (equa-
tion (2)) to the resulting arm values 𝑉𝑡 (·).
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Figure 1: Schematic of the task procedure. On each trial,
participants choose one stimulus defined by mul-
tiple features and receive points.

In addition to the fRL model, we also consider two com-
parison models: a classical but computationally inefficient
naive RL model, and a Bayesian inference model representing
a fully rational inferential strategy. Due to space constraints,
we refer the reader to Niv et al. (2015) for details.

Outline of internal hypothesis space estimation
The models described above characterize behavior only un-
der the assumption that the reward-relevant dimensions are
already known. In much prior work including Niv et al.
(2015), where participants were instructed that color, shape,
and texture were relevant: the relevant dimensions are ei-
ther explicitly provided or otherwise obvious. In real-world
decision-making, however, the relevant dimensions are rarely
apparent from the outset, and learning these dimensions (i.e.,
meta-level learning) is therefore important. In such cases, it
becomes necessary to recover participants’ internal represen-
tations of the task structure.

The models described above, and the fRL model in partic-
ular, depend on the feature space F . Conversely, replacing F
yields a different feature-based behavioral model. For exam-
ple, by defining F = 𝐷color × 𝐷shape and constructing an fRL
model on this space, one obtains a model in which choices
are guided only by color and shape. In this paper, we refer
to such representations of task structure (i.e., what partici-
pants assume could be relevant) as the hypothesis space. By
constructing models for all candidate hypothesis spaces and
selecting the one that best predicts each participant’s behav-
ioral data, we can infer, from a participant’s choice sequence,
the internal representation of the hypothesis space that they
use in sequential decision-making.

Method of experiment
The experimental protocols in this study were approved by the
ethics committee of the first author’s institution. The ethics
review was performed in accordance with the principles of the
Declaration of Helsinki.

Figure 2: Examples of task stimuli. Stimuli for the basic
condition are shown at the top, and stimuli for
the position-salient condition are shown at the
bottom.

Participants
A total of 61 participants (43 men and 18 women) aged 21-
61 years (𝑀 = 40.7, 𝑆𝐷 = 8.9) without any color vision
deficiencies were recruited through a crowdsourcing service
to take part in the online experiment conducted via a web
browser. Participants were randomly assigned to either the
basic condition or the position-salient condition. One male
participant who did not identify any factors related to the point
at the end of the task (described later) was excluded from the
analysis for failing to follow the instructions. As a result, 36
participants remained in the basic condition, and 24 in the
position-salient condition.

Task
The task was constructed with reference to Niv et al. (2015).
On each trial, three stimuli were presented (Figure 1). Each
stimulus had three feature dimensions: color (red, blue, or
green), shape (square, triangle, or circle), and texture (dot,
stripe, or honeycomb). In addition to these dimensions, the
spatial position of each stimulus on the screen also affected the
probability of receiving points. This manipulation introduced
a feature dimension that is likely harder to learn than the
visually salient dimensions used in prior work. Accordingly,
the feature space was defined as
F ={red, blue, green} × {circle, triangle, square}

× {dot, stripe, honeycomb} × {left, center, right}. (7)
To facilitate learning of the potentially less salient position

dimension, we included two experimental conditions. In the
basic condition, stimuli were presented as shown in the up-
per panel of Figure 2. In the position-salient condition, an
additional marker indicating position was added beneath each
stimulus (lower panel of Figure 2). In both conditions, the si-
multaneously presented stimuli were constrained to have dis-
tinct feature combinations. In both conditions, shape, color,
and texture were visually explicit, whereas in the basic con-
dition position was not accompanied by an additional visual
cue. Thus, attention to the position dimension was expected
to be reduced in the basic condition, while the position-salient
condition was expected to increase attention to position rela-
tive to the basic condition. We expected participants’ learning
and the inferred hypothesis space to differ across conditions.
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Figure 3: Learning curves showing changes in accuracy.
(A) Accuracy at each trial within games. The
dashed line indicates chance level (𝑝 = 0.33).
(B) Accuracy for each game.

Upon selecting one of the three stimuli, the two unchosen
stimuli were removed and binary feedback (1 or 0 points) was
displayed (Figure 1). Participants were instructed to maximize
total points. Feedback was shown for 0.5 s. This sequence
constituted a single trial. Following feedback offset, a 0.3 s
inter-trial interval preceded the onset of the next trial.

The experiment consisted of 30 games, each comprising
45–55 trials. In each game, whether points were obtained de-
pended exclusively on one of four dimensions: shape, color,
texture, or position. Each dimension comprised three feature
levels (e.g., square, triangle, and circle for shape). Within
the reward-relevant dimension, one feature level was des-
ignated as high-reward, producing 1 point with probability
0.90, whereas the remaining two feature levels produced 1
point with probability 0.10. The reward-relevant dimension
was constrained to switch between successive games.

Participants were required to make a choice within 1.5 s.
Failure to respond within this interval triggered stimulus dis-
appearance and a time-out message. Participants then ad-
vanced to the next trial by pressing the space bar.

Procedure
Participants completed the experiment online using their own
personal computers. To control stimulus presentation timing,
participation was restricted to the Google Chrome browser.
Before the experiment began, participants were instructed that
they would select one stimulus on each trial with the goal of
earning as many points as possible, that they should respond
as quickly as they could, and that they would receive no points
unless they responded within 1.5 s. They were also told that
the probability of receiving points depended on a rule and that
this rule would change across games; however, no details of
the rule were provided.

To ensure that participants understood the response proce-
dure, a practice phase was administered. The practice phase
consisted of seven trials, and points were awarded regardless
of which stimulus was chosen. After practice, participants

Table 1: Model comparison based on WAIC.
Model Parameters WAIC

Naive RL 𝜂, 𝛽 1.58 × 105

Bayesian 𝛽 1.38 × 105

fRL (common 𝜂) 𝜂, 𝛽, 𝑑 9.54 × 104

fRL (dimension-wise 𝜂) 𝜂color, . . . , 𝜂position, 𝛽, 𝑑 9.29 × 104

completed 30 games of the task described in the previous sec-
tion. Across games, the high-reward feature was randomly re-
assigned such that it always differed from the reward-relevant
dimension in the preceding game. After completing the task,
participants provided an open-ended response to the question,
“What do you think influenced how likely you were to obtain
points?”

Result
Learning check
Before conducting model-based analyses, we assessed
whether the intended task structure was learned. We defined
accuracy on each trial as whether the selected stimulus con-
tained the reward-relevant feature. Statistical analyses were
performed in R (version 4.3.2).

We first calculated accuracy by trial index within each game,
averaged across all participants and games. The resulting
trial-wise accuracy curve is displayed in Figure 3A. Accuracy
increased monotonically across trials, and the Spearman rank
correlation between accuracy and trial index was significant
(𝜌 = .994, 𝑝 < .001), consistent with within-game identifica-
tion of the reward-relevant dimension.

We then computed accuracy by game index, averaged across
participants. Game-wise accuracy is shown in Figure 3B. The
Spearman rank correlation between accuracy and game index
was also significant (𝜌 = .736, 𝑝 < .001), indicating improved
performance over games and increasing adaptation to the task
demands.

Model comparison about learning strategy
To assess whether it was appropriate to analyze the data using
the fRL model, we evaluated model predictive performance.
Because learning rates may plausibly differ across dimensions,
we considered two variants of the fRL model: one in which
the learning rate was shared across dimensions, and another
in which separate learning rates were estimated for the four
dimensions, denoted 𝜂color, 𝜂shape, 𝜂texture, 𝜂position. For this
initial model-comparison analysis, we pooled data across the
basic condition and the position-salient condition and used
the full data.

We adopted a Bayesian approach and performed posterior
inference using the cmdstanr package. For each chain, we
drew 2000 samples, including 400 warm-up iterations, and ran
4 chains (the same sampling configuration was used in all sub-
sequent analyses). Parameters were estimated hierarchically.
Specifically, for each participant 𝑖, we assumed that individual-
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Table 2: Summary statistics of the posterior distributions of
group-level parameters in the fRL model.

Parameter EAP SD 95% ETI
𝛿 0.059 0.273 [-0.471, 0.604]

𝜇color
𝜂 0.126 0.006 [0.114, 0.139]

𝜇
shape
𝜂 0.120 0.006 [0.108, 0.132]

𝜇texture
𝜂 0.130 0.007 [0.116, 0.144]

𝜇
position
𝜂 0.088 0.006 [0.076, 0.100]
𝜎𝜂 0.0449 0.0024 [0.0405, 0.0498]
𝜇𝛽 7.23 0.21 [6.81, 7.64]
𝜎𝛽 1.56 0.15 [1.28, 1.87]
𝜇𝑑 0.484 0.019 [0.448, 0.523]
𝜎𝑑 0.127 0.014 [0.103, 0.156]

level parameters 𝜂𝑖 , 𝛽𝑖 , and 𝑑𝑖 were generated from group-
level distributions, i.e., 𝜂𝑖 ∼ 𝑁 (𝜇𝜂 , 𝜎2

𝜂), 𝛽𝑖 ∼ 𝑁 (𝜇𝛽 , 𝜎2
𝛽),

and 𝑑𝑖 ∼ 𝑁 (𝜇𝑑 , 𝜎2
𝑑). For the model with dimension-specific

learning rates, we used a shared standard deviation across di-
mensions, e.g., 𝜂color

𝑖 ∼ 𝑁 (𝜇color
𝜂 , 𝜎2

𝜂). We specified priors
as 𝜇𝜂 , 𝜇𝑑 ∼ U(0, 1), 𝜎𝜂 , 𝜎𝑑 ∼ U(0, 1), 𝜇𝛽 ∼ Γ(2, 3), and
𝜎𝛽 ∼ U(0, 10). The prior for 𝜇𝛽 followed Niv et al. (2015),
whereas the remaining priors were chosen to be uniform dis-
tributions that covered a sufficiently broad range of plausible
values.

The Gelman–Rubin convergence diagnostic 𝑅̂ (Gelman et
al., 2013) satisfied 𝑅̂ < 1.1 for all parameters in all models,
suggesting adequate convergence. We compared models us-
ing WAIC, an estimate of expected out-of-sample predictive
accuracy (with a complexity penalty); lower WAIC indicates
better expected predictive performance (Vehtari et al., 2017;
Watanabe, 2013). WAIC values computed from the fitted
models are reported in Table 1. As shown in Table 1, the fRL
model with dimension-wise learning rates provided the best
predictive performance. These results suggest that using fRL
for subsequent analyses is comparatively well justified and
that it is important to allow for differences in learning rates
across dimensions.

Parameter estimation of fRL model
Next, to interpret the parameter estimates obtained from the
fRL model with dimension-wise learning rates and to assess
whether it is necessary to assume condition differences, we
modified the model described in the previous subsection and
re-estimated it. Specifically, we modeled the learning rate for
the position dimension, 𝜂position, as condition-dependent. In
each condition, we assumed

𝜂
position
𝑖 ∼

{
𝑁 (𝜇position

𝜂 − 𝑐/2, 𝜎2
𝜂) (basic)

𝑁 (𝜇position
𝜂 + 𝑐/2, 𝜎2

𝜂) (position-salient)
.

(8)
We parameterized the condition difference as 𝑐 = 𝛿 𝜎𝜂position

and estimated the standardized difference 𝛿. The prior for 𝛿
was set to Cauchy(0, 1).

All parameters satisfied the convergence criterion 𝑅̂ < 1.1,

Table 3: Estimated hypothesis space across participants.
P C, P C, S, T C, S, P C, T, P S, T, P C, S, T, P
1 1 17 2 2 1 36

Note. C: color, S: shape, T: texture, P: position

indicating adequate convergence. The posterior summaries
for the main parameters are reported in Table 2 (EAP denotes
the posterior mean; 95% ETI denotes the equal-tailed inter-
val). The posterior distribution of 𝛿 was centered near zero.
As a standardized difference, its EAP is extremely small (Co-
hen, 1988). These results suggest that the learning rate for
the position dimension did not differ between the two con-
ditions. Accordingly, in subsequent analyses we pooled the
basic and position-salient conditions and analyzed the com-
bined dataset.

In addition, comparing the estimated group-level means of
the learning rates across dimensions revealed that 𝜇position

𝜂 was
substantially smaller than 𝜇color

𝜂 , 𝜇shape
𝜂 , and 𝜇texture

𝜂 . Indeed,
the 95% ETI for 𝜇position

𝜂 showed little overlap with the corre-
sponding 95% ETIs for 𝜇color

𝜂 , 𝜇shape
𝜂 , and 𝜇texture

𝜂 . This pattern
suggests that the position dimension was relatively more dif-
ficult to learn than the other dimensions.

Estimation of the hypothesis space
Next, to infer participants’ hypothesis spaces, we constructed
fRL models corresponding to all 15 (= 24 − 1) candidate
hypothesis spaces defined by selecting at least one dimension
from the set {color, shape, texture, position}. We fit these
models to each participant’s data and evaluated prediction
performance using WAIC. For each participant, we identified
the hypothesis space associated with the model that achieved
the minimum WAIC. The result is shown in Table 3.

For 36 out of 60 participants (60%), the full hypothesis
space including all four dimensions was supported. This in-
dicates that a majority of participants were able to acquire the
correct task structure. For 17 participants (28%), the sup-
ported hypothesis space included all dimensions except posi-
tion. This pattern is consistent with the reduced learnability
of the position dimension and suggests that these participants
made choices without attending to position.

Hypothesis space transition
To examine how individuals’ hypothesis spaces changed over
time, we partitioned the 30 games for each participant into
several blocks and inferred the hypothesis space separately
for each participant and block. Estimating the hypothesis
space at the level of a single game failed to converge due to
insufficient data; therefore, we grouped five games into one
block and analyzed changes across six blocks in total.

For each participant and each block, we identified the hy-
pothesis space corresponding to the model with the lowest
WAIC, and computed the number of dimensions included in
that hypothesis space (i.e., its breadth). We then averaged this
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Figure 4: Changes in the breadth of the hypothesis space.

Figure 5: Learning curve and estimated hypothesis space for
an illustrative participant.

breadth across participants within each block and visualized
its temporal change (Figure 4). The mean hypothesis space
breadth was 2.73 in Block 1 and 3.22 in Block 6; moreover,
in the later blocks many participants were classified as hav-
ing the full hypothesis space of breadth 4. The Spearman
rank correlation between hypothesis-space breadth and block
index was significant (𝜌 = .241, 𝑝 < .001). Thus, in terms
of hypothesis space, the results indicate that meta-level task
structure was learned over the course of the experiment.

This pattern suggests that learning of meta-level task struc-
ture contributed to game-wise learning. As an illustration,
Figure 5 jointly shows one participant’s learning curve and
inferred hypothesis-space trajectory. This participant was se-
lected because both the game-wise improvement and the tran-
sition in the inferred hypothesis space were especially clear.
In the first two blocks, the participant appeared to have little
knowledge of the task structure and made choices under a
very narrow hypothesis space. From around Block 3, accu-
racy increased sharply, accompanied by a shift toward choices
consistent with a broader hypothesis space.

Discussion

The goal of this study was to propose a method for inferring
the hypothesis space as a task representation in a multidi-
mensional bandit task, and to use this analysis framework
to clarify the importance of updating meta-level structure in
human learning.

When participants performed the multidimensional bandit
task without explicit instruction about the reward structure, the
resulting learning curves suggested learning not only within
games but also across games. Parameter estimation with the
fRL model further indicated, via the pattern of inferred learn-
ing rates, that the position dimension was learned more slowly
than the visually salient dimensions (color, shape, and tex-
ture). This asymmetry suggests that even dimensions that are
formally part of the task’s generative structure are not nec-
essarily updated uniformly, potentially due to factors such as
attentional allocation.

A central contribution of the present work is the proposal
of a framework that estimates participants’ latent hypothesis
spaces by performing inverse inference using behavioral mod-
els. Applying this inverse-inference approach, we found that
behavior was best explained by the full hypothesis space for
60% of participants, whereas for 28% it was best explained
by a hypothesis space excluding position. This result suggests
not merely that the position dimension was difficult to learn,
but that for some participants it was effectively dissociated
from the task representation.

Finally, analyses of transitions in hypothesis space revealed
that participants’ hypothesis spaces expanded on average as
they progressed through the games. This pattern suggests that
moving the hypothesis space toward a task-appropriate “true”
representation may be associated with improved between-
game performance.

The present study has two primary applications. The first
concerns basic research on modeling how humans revise their
exploration spaces over time. Although we did not directly
model the process itself in this study, visualizing internal
representations can serve as a tool for generating useful hy-
potheses about the mechanisms underlying representational
transitions. Future work should therefore further analyze and
formally model the dynamics of the hypothesis space.

The second application concerns real-world decision-
making. By applying the proposed framework to natural-
istic tasks, it becomes possible to extract which factors people
rely on when making decisions in a given context. In the
present study, the position dimension was found to be rel-
atively difficult to learn; this can be interpreted as a bias in
meta-level structure learning. Applying analogous methods to
choice processes such as restaurant selection or music discov-
ery could enable identification of biases in human structure
learning that are grounded in real-world decision problems
(Schulz et al., 2019; Wu et al., 2018).
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