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Abstract

Conventional laboratory tasks often fail to capture the dynamic, context-dependent nature

of real-world risky behavior. To address this challenge, we developed the Crosswalk Task,

a naturalistic reinforcement learning paradigm for measuring risk taking based on real-time

behavior. Behavioral data collected from 309 adults were used to identify multiple task

measures associated with trait-level risk preference, including aggregate behavioral measures

and those derived using inverse reinforcement learning (IRL). Among these, IRL-derived

measures captured context-specific subjective rewards inferred from state–action trajectories

and provided more information about risk preference than aggregate behavioral measures.

Subsequent regression and clustering analyses further demonstrated that jointly considering

multiple Crosswalk Task measures can reveal information about individual differences in risk

preference beyond that captured by individual measures. The Crosswalk Task thus provides a

foundation for developing flexible, naturalistic reinforcement learning paradigms for studying

decision making. CrosswalkEnv and CrosswalkWebEnv, the open-source software for task

implementation and data collection, are publicly available on GitHub.

Keywords: risk taking, naturalistic reinforcement learning, inverse reinforcement learning,

deep learning, pedestrian behavior

Introduction

Reinforcement learning (RL) has become a prominent framework for understanding human

decision making by characterizing how individuals learn from experience and select actions

to maximize long-term reward (Niv, 2009; Sutton and Barto, 1998). However, experimental

research on human decision making typically relies on highly controlled and simplified tasks,

raising questions about whether findings obtained in the laboratory generalize to behavior

in more complex real-world settings (Cross et al., 2021; Nastase et al., 2020; Wise et al.,
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2024).

Naturalistic RL paradigms seek to bridge this gap by incorporating elements of real-

world complexity into controlled decision-making environments (Allen et al., 2024; Cross et

al., 2021; Wise et al., 2024). This added complexity may enhance ecological realism, allowing

trait-level psychological tendencies that shape real-world behavior to be more clearly reflected

in decision-making processes within such tasks. For example, building on evidence linking

impulsivity to reckless driving, a recent study found that measures derived from a real-time

driving task were more strongly associated with self-reported impulsivity than those derived

from conventional behavioral tasks (Hatfield et al., 2017; Lee et al., 2024). Naturalistic

paradigms may therefore complement conventional behavioral tasks, whose measures often

correlate weakly with self-report measures intended to assess the same construct (Dang et

al., 2020).

Risk taking, in particular, may benefit from such an approach. Since the early days

of risk-taking research, behavioral measures have been criticized for showing limited conver-

gence across tasks (Slovic, 1962, 1964). Despite substantial methodological advances, be-

havioral measures of risk taking continue to show limited convergence with one another and

with self-report measures, raising questions about whether these measures capture the same

underlying construct (Fox and Tannenbaum, 2011; Frey et al., 2017). Recent meta-analytic

evidence further suggests that the reliability of risk preference measures varies widely, with

behavioral measures being particularly unreliable over time and across tasks (Bagäıni et al.,

2025). These inconsistencies may reflect the context-dependent nature of risk taking. Ac-

cordingly, reviews have called for more realistic, externally valid tasks that better capture

the dynamic expression of risk taking (Bran and Vaidis, 2020; Schonberg et al., 2011).

Pedestrian road crossing may provide a particularly suitable naturalistic paradigm

for studying risk taking because it requires individuals to make decisions under uncertainty

while facing the possibility of collision, injury, or death (Piyalungka et al., 2025; Theofilatos

et al., 2021). When crossing roads, pedestrians must assess approaching traffic, evaluate
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gaps between vehicles, and adapt their behavior based on changing conditions and prior

experience (Cœugnet et al., 2019; Tian et al., 2023; Yannis et al., 2013). Motivated largely

by efforts to reduce pedestrian collisions and fatalities, prior research has examined road-

crossing behavior and its psychological correlates through observational, self-report, and

experimental approaches (Aghabayk et al., 2021; Cœugnet et al., 2019; Hashemiparast et al.,

2020; Liu and Tung, 2014). Recent studies have also shown that pedestrian road-crossing

behavior can be modeled using RL (Wang, Srinivasan, et al., 2023; Wang et al., 2025),

suggesting that road crossing may serve as a naturalistic reinforcement learning paradigm.

An important methodological consideration for naturalistic reinforcement learning

paradigms is how to analyze the dense state–action trajectories generated in complex and

changing environments. Unlike conventional reinforcement learning, which learns a behav-

ioral policy based on a given reward function, inverse reinforcement learning (IRL) infers a

latent reward function from observed behavior without requiring directly observed rewards

(Arora and Doshi, 2021; Ng, Russell, et al., 2000; Ziebart et al., 2008). This approach allows

the subjective values associated with different actions to be examined across environmental

conditions. Maximum entropy deep IRL integrates deep neural networks (DNNs) into the

maximum entropy framework to approximate reward functions, enabling complex, nonlin-

ear relationships and interactions among state features to be captured without imposing a

restrictive predefined functional form (Wulfmeier et al., 2015). Once learned, the inferred

reward function can be used to estimate rewards for specific states or state–action pairs,

providing a model-based approximation of individuals’ internal valuations or preferences.

Previous studies have applied deep IRL to characterize individual differences in psychologi-

cal traits from real-time behavior (Lee et al., 2024, 2026) and to model pedestrian crossing

decisions using naturalistic traffic trajectories (Wang, Niu, et al., 2023). These applica-

tions illustrate the potential of IRL for analyzing complex behavioral data collected through

naturalistic RL paradigms.

Taken together, these considerations motivated the development of the Crosswalk
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Task, a naturalistic reinforcement learning paradigm for characterizing individual differences

in risk taking. Across a range of simulated traffic conditions, the task requires participants

to repeatedly choose between risk-taking and risk-averse strategies, balancing rapid progress

against collision risk. To enable controlled laboratory experiments as well as scalable online

data collection, the task is implemented in both desktop and web-based versions. Using

behavioral data collected from more than 300 participants, we first defined and evaluated

multiple task-derived measures as indicators of risk preference. We then applied IRL to

the recorded state–action trajectories to derive participant-specific measures of subjective

reward under distinct conditions. Finally, we used machine learning analyses to examine

whether integrating multiple Crosswalk Task measures could provide a more informative

characterization of individual differences in risk taking than any single measure.

To support the use and extension of the Crosswalk Task in behavioral and neuro-

scientific research, we provide open-source software implemented in Python and JavaScript.

Researchers can use the software to conduct behavioral experiments, modify task configura-

tions, and train or evaluate RL agents. By making the implementations publicly available,

we aim to provide researchers with practical and extensible tools for using the Crosswalk

Task and developing new studies of decision making in a dynamic, naturalistic environment.

Installation instructions, usage examples, API documentation, and links to the open-source

GitHub repositories are available in the official documentation (see Software below).

Crosswalk Task

Task Structure

The Crosswalk Task is designed to elicit risk-taking behavior that may reflect participants’

trait-level risk-taking propensity. In each episode, participants guide the player through a

series of roads with the goal of reaching the top of the map as quickly as possible while

avoiding collisions with cars (see Fig. 1). The player begins at the bottom of the map and
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Figure 1. Screenshot of the Crosswalk Task. Participants guide the player across a series of
roads as quickly as possible while avoiding collisions with cars. The current score increases
after each successful road crossing. At the end of each episode, the best score (highest episode
score) and total score (cumulative session score) are updated.

can move up, down, left, or right using the arrow keys or WASD keys on the keyboard, or

remain stationary and wait. Participants must therefore continuously decide whether, when,

and where to move while progressing toward the destination.

The task rewards both forward progress and rapid completion. Each time the player

successfully crosses a road, the basic score increases in proportion to the vertical distance

advanced. If the player successfully reaches the top of the map within the allotted time (e.g.,

30 seconds), an additional bonus is awarded in proportion to the time remaining (see Fig. 2a).

Thus, progressing farther through successful road crossings increases the basic score, whereas

reaching the destination more quickly yields a larger bonus, creating an incentive to balance

rapid advancement against the risk of collision.

Each episode can terminate in one of three ways. First, the episode ends successfully

when the player reaches the top of the map, and a bonus score screen is displayed (see

Fig. 2a). Second, a Time Over occurs if the player fails to reach the destination within the

time limit. The remaining time is displayed continuously on the screen, with an optional color

change to red when it falls below a threshold (see Fig. 2b). A Time Over ends the episode

without any additional penalty or bonus; participants retain the basic score accumulated up
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Figure 2. Key components and episode outcomes of the Crosswalk Task, illustrated using
default values for configurable task parameters. (a) Bonus score screen and basic score
increase following a successful road crossing, with default reward rates of 50 points per grid
unit for the basic score and 50 points per second for the bonus score. (b) Time Over screen
and changes in the remaining-time display, with a default time limit of 30 seconds and a
red warning when fewer than 10 seconds remain. (c) Run Over screen and default collision
penalties corresponding to traffic-light colors. (d) Crosswalk activation screen, in which
approaching vehicles stop and wait for the player to cross safely.

to that point. Third, a Run Over occurs when the player’s hitbox makes contact with that

of a vehicle, immediately terminating the episode and imposing a collision penalty.

All vehicles on a given road share one of three traffic-light colors corresponding to

different penalty magnitudes: green, yellow, and red, representing low, medium, and high

collision penalties, respectively (see Fig. 2c). Consequently, roads differ in the potential cost

of a collision. Multiple penalty levels were intended to assess participants’ sensitivity to

potential loss magnitude (Figner and Weber, 2011; Figner et al., 2009).

The key element of the Crosswalk Task is the crosswalk. Each road can contain at

most one crosswalk, and some roads contain no crosswalk. A crosswalk is activated when

the player stands immediately in front of the crosswalk or within it. Once the crosswalk

is activated, approaching vehicles stop before entering it and wait for the player to cross

(see Fig. 2d). Crosswalks therefore provide a substantially safer means of crossing a road,
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but locating and activating them can require additional horizontal movement and time,

thereby reducing the risk of a Run Over while increasing the risk of a Time Over. On each

road, participants must choose between relatively risk-averse strategies, such as spending

time searching for a crosswalk when none is visible or approaching a visible crosswalk, and

relatively risk-taking strategies, such as jaywalking directly across the road even when a

crosswalk is available. This recurring choice creates a safety–speed tradeoff: risk-averse

strategies can eliminate collision risk through crosswalk use, whereas risk-taking strategies

provide greater opportunities to complete the task faster and earn a larger bonus.

Participants repeatedly complete episodes during each experimental session, which

may be defined by a fixed duration (e.g., 20 minutes) or a fixed number of episodes (e.g.,

50). The traffic environment is procedurally varied both within and across episodes. Indi-

vidual roads can differ in the number of lanes, the presence and location of crosswalks, and

the size, width, and speed of cars, creating road-specific differences in difficulty and risk.

The combination of these road conditions also varies across episodes, requiring participants

to adapt their crossing strategies to the current conditions rather than rely on previously

encountered patterns. Despite this procedural variation, the overall goal, control scheme,

scoring system, and underlying risk–reward structure remain constant across episodes within

a given experimental session. The variation in traffic conditions allows participants’ strategy

choices to be observed across a range of situations, thereby providing a more comprehensive

assessment of individual differences in risk-taking propensity.

Software

We provide two software implementations of the Crosswalk Task: CrosswalkEnv and Cross-

walkWebEnv. Both implementations follow the same underlying task structure and are

designed to produce compatible state–action trajectories while serving complementary pur-

poses. CrosswalkEnv is a Python implementation built on the Gymnasium framework for

running behavioral experiments and training or evaluating RL agents, whereas Crosswalk-
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WebEnv is a web-based implementation for deploying the task in web browsers and collecting

behavioral data at scale.

The two implementations support a common workflow spanning behavioral data col-

lection and learning-based analysis. Behavioral trajectories collected with either implemen-

tation are represented in a compatible format, allowing data from CrosswalkWebEnv to be

used with CrosswalkEnv for downstream analyses, including imitation learning and IRL.

Further details on both packages, including installation instructions, usage examples, API

documentation, and links to the GitHub repositories, are available in the official documen-

tation (https://crosswalk-task.github.io).

CrosswalkEnv

CrosswalkEnv is distributed through the Python Package Index (PyPI) as crosswalk-env,

and its latest stable version can be installed using pip:

pip install crosswalk-env

The package provides a high-level API for running the Crosswalk Task with a single

function call. Experiments are configured and launched at the session level, with each session

consisting of multiple consecutive episodes played without a break. For example, a 20-minute

experimental session can be launched using the Python API as follows:

from crosswalk_env import task

task.run_session(subj_id=1, session_id=1, max_seconds=1200)

The same session can also be launched using the command-line interface (CLI):

python -m crosswalk_env.task --subj-id=1 --session-id=1 --max-seconds=1200

Both the Python API and CLI support additional task parameters for customizing the

experimental settings. For example, the CLI command above is equivalent to the following

command, which explicitly specifies task parameters that would otherwise use their default

values:

https://crosswalk-task.github.io
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python -m crosswalk_env.task \

--subj-id=1 \

--session-id=1 \

--max-seconds=1200 \

--episode-duration-sec=30 \

--time-left-warning-threshold-sec=10 \

--basic-score-per-grid=50 \

--bonus-score-per-sec=50 \

--red-car-penalty=1000 \

--yellow-car-penalty=500 \

--green-car-penalty=100

By default, each episode has a time limit of 30 seconds, with the remaining time

highlighted in red during the final 10 seconds. These settings can be adjusted using --episo

de-duration-sec and --time-left-warning-threshold-sec, respectively. The warning

can also be disabled by setting the latter to 0.

Scoring rules can be customized using --basic-score-per-grid and --bonus-sco

re-per-sec, which determine the points awarded for each unit of upward movement and

each second of remaining time, respectively. Similarly, collision penalties for red, yellow, and

green vehicles can be configured independently using --red-car-penalty, --yellow-car

-penalty, and --green-car-penalty. Setting any of these penalties to 0 disables the

corresponding vehicle type from appearing.

The package also provides the CrosswalkEnv class, which implements the task as a

Gymnasium environment. The class can be imported directly to run the task using modified

environment configurations or to train and evaluate agents using standard RL algorithms.

CrosswalkWebEnv

CrosswalkWebEnv is distributed as the npm package crosswalk-web-env and provides the

ExperimentPage React component for configuring and running Crosswalk Task sessions in a

web browser. A single deployed website can support multiple participants and experimental

sessions through participant- and session-specific configuration values passed to the com-

ponent. A minimal example of a React component that runs a single 20-minute session is
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shown below:

import ExperimentPage from "crosswalk-web-env";

export default function MainSession1({ subjId }) {

return (

<ExperimentPage subjectId={subjId} sessionId={1} maxSeconds={1200} />

);

}

In a complete web-based experiment, participant identifiers and session configu-

rations can be provided dynamically for different participants and sessions. For exam-

ple, a participant identifier may be obtained from the URL, while different task config-

urations may be assigned to different URL paths. Detailed examples of how to imple-

ment such a website for conducting experiments are available in the official documentation

(https://crosswalk-task.github.io/crosswalkwebenv/experiment setup.html).

Figure 3. Example web pages rendered by the ExperimentPage component from the
crosswalk-web-env package. (a) Main page presented before the session, with buttons for
reviewing the instructions or starting the task. (b) Instructions page displayed after selecting
the Instructions button. (c) Crosswalk Task screen displayed after selecting Start Game.

Figure 3 illustrates the interface rendered by the ExperimentPage component. Before

starting a session, participants are presented with a main page from which they can review the

task instructions or begin the task. Selecting the Instructions button opens the instructions

page, whereas selecting Start Game starts the configured Crosswalk Task session.

https://crosswalk-task.github.io/crosswalkwebenv/experiment_setup.html
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Task Measures

A wide range of task measures can be derived from the Crosswalk Task, allowing researchers

to select the measures most appropriate for their specific research questions. In this study,

we categorize these measures into two broad classes: behavioral measures and IRL reward

measures.

Behavioral Measures

Participants’ performance and decision making during the Crosswalk Task can be sum-

marized using a variety of behavioral measures. These measures can be defined either as

cumulative measures (e.g., Total Score) or as normalized measures based on averages or

proportions (e.g., Average Score, Episode Clear Ratio, and Run Over Ratio). In this study,

we focus on normalized behavioral measures because they are less affected by differences in

task duration and therefore enable more meaningful comparisons across participants, exper-

imental sessions, and studies.

Although these behavioral measures provide concise summaries of observed behavior,

they do not explicitly characterize the latent decision processes underlying that behavior.

Capturing such processes requires representations that preserve the sequential and context-

dependent nature of decision making throughout the task.

IRL Reward Measures

Participant-specific reward functions were inferred using adversarial inverse reinforcement

learning (AIRL; Fu et al., 2018; see Supplementary Information for details). From these

functions, we derived reward measures for specific state–action conditions relevant to risk-

taking decisions. Specifically, the inferred reward for moving up to enter a road without

activating a visible crosswalk represents the modeled valuation of jaywalking, whereas the

reward for moving sideways to activate a nearby crosswalk before crossing represents the



12

modeled valuation of crosswalk activation. These measures capture context-dependent val-

uations of specific decisions, complementing aggregate behavioral measures of overall task

performance.

Data Collection

Participants

To evaluate the proposed Crosswalk Task, behavioral data were collected from an initial

sample of 309 adults. The study comprised a desktop sample assessed in a laboratory setting

and a web sample assessed online. Following data screening, a total of 282 participants

were retained for analysis. Details of the data screening procedure are provided in the

Supplementary Information.

Desktop sample Fifty-five Korean adults were recruited at Seoul National University.

The desktop-based Crosswalk Task was administered in a laboratory setting following ap-

proval by the Institutional Review Board (IRB No. 2509/002-005). Following data screening,

the final sample consisted of 53 participants (30 females, 23 males), with a mean age of 24.8

years (SD = 4.9).

Web sample We recruited 254 U.S. adults through Prolific. The web-based Crosswalk

Task was administered online following approval by the Institutional Review Board (IRB

No. 2603/003-037). Following data screening, the final sample consisted of 229 participants

(121 females, 101 males, and 7 participants who preferred not to disclose their gender), with

a mean age of 36.9 years (SD = 10.7).
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Procedures

Questionnaires Participants completed the 30-item Domain-Specific Risk-Taking Scale

(DOSPERT; Blais and Weber, 2006), which measures self-reported willingness to engage

in risky behaviors across five domains: ethical, financial, health/safety, recreational, and

social. For the web sample, responses were recorded on a seven-point scale ranging from

1 (Extremely unlikely) to 7 (Extremely likely). Korean participants completed the Korean

version of the DOSPERT (Hong et al., 2010), which employs a five-point response scale. To

account for the difference in response scales, total DOSPERT scores were normalized using

the Percent of Maximum Possible (POMP; Cohen et al., 1999) method.

Participants also completed the Barratt Impulsiveness Scale (BIS-11; Patton et al.,

1995) to assess trait impulsivity and the State–Trait Anxiety Inventory (STAI; Spielberger

et al., 1983) to assess anxiety. Korean participants completed validated Korean versions of

the BIS-11 (Heo et al., 2012) and STAI (Hahn et al., 1996).

Crosswalk Task Before starting the experiment, participants received an explanation

of the Crosswalk Task and completed a 10-question comprehension quiz to ensure they

understood the task. Participants who answered any questions incorrectly were required to

answer those questions again until all answers were correct.

The desktop sample completed a desktop-based Crosswalk Task, whereas the web

sample completed a web-based Crosswalk Task. The two versions differed only in their

implementation (i.e., the programming language and software libraries used), whereas the

task design, procedure, control scheme, and experimental conditions were identical.

Participants first completed a 5-minute practice session to familiarize themselves with

the task, followed by two 20-minute experimental sessions separated by a 5-minute break.

Except for session duration, all configurable task parameters were maintained at the same

default values across both samples and throughout all sessions.
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Behavioral Results

Before analyzing participants’ state–action trajectories in detail, we examined six behavioral

measures to provide an overview of their task performance and behavioral tendencies (Fig. 4).

These measures cover three aspects of task behavior: overall task performance (Total Score

and Average Score), road-crossing performance (Road Crossing Success Ratio and Episode

Clear Ratio), and risk-related behavior (Jaywalking Ratio and Run Over Ratio).

The Total Score represents the cumulative score earned across all episodes (M =

98, 171.809, SD = 22, 698.480), whereas the Average Score normalizes this value by the

number of episodes completed by each participant (M = 877.360, SD = 187.374). Both

measures exhibited approximately bell-shaped distributions, despite differences in the num-

ber of episodes completed across participants.

Regarding road-crossing performance, participants generally achieved high success

rates at individual road crossings (Road Crossing Success Ratio: M = 0.929, SD = 0.022),

whereas their success rates in completing entire episodes within the time limit were lower

and more variable (Episode Clear Ratio: M = 0.535, SD = 0.121). The former exhibited

a relatively symmetric distribution, while the latter showed greater variability, suggesting

that both measures may be useful for examining individual differences in road-crossing per-

formance.

Regarding risk-related behavior, approximately half of the roads with a visible cross-

walk were crossed without using it (Jaywalking Ratio: M = 0.508, SD = 0.161). Its right-

skewed distribution indicates that most participants exhibited moderate jaywalking ratios,

with progressively fewer participants exhibiting higher ratios. Meanwhile, approximately

42% of episodes ended in a vehicle collision (Run Over Ratio: M = 0.424, SD = 0.097); this

measure exhibited a relatively symmetric distribution.

Having examined the overall distributions of these behavioral measures, we next ex-

plored how the associations between self-reported risk-taking propensity and road-crossing
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Figure 4. Distributions of six behavioral measures in the combined sample (N = 282).

behavior varied across collision penalty conditions. Specifically, we calculated Pearson cor-

relations between DOSPERT scores and two behavioral measures, Road Crossing Success

Ratio and Run Over Ratio, separately for each penalty level (Fig. 5).

In both the web sample and the combined sample, correlations with DOSPERT scores

became progressively more negative for Road Crossing Success Ratio and more positive for
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Figure 5. Pearson correlations of DOSPERT scores with Road Crossing Success Ratio and
Run Over Ratio across different penalty conditions.

Run Over Ratio as collision penalties increased from low to medium to high. This pattern

suggests that individual differences in risk-taking propensity can be more strongly reflected

in observed road-crossing behavior under higher collision penalties.

IRL-Based Reward Inference

AIRL Model Training

AIRL was used to infer participant-specific reward functions from behavioral trajectories

collected in the Crosswalk Task. Because the Crosswalk Task was implemented using the
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Gymnasium framework (Towers et al., 2026), state–action trajectories were directly recorded

at every time step, requiring no additional preprocessing. To augment the expert demon-

strations, a left–right reflection of each trajectory was generated, yielding approximately 80

minutes of demonstration data per participant.

The AIRL algorithm was implemented using the imitation library (Gleave et al.,

2022), with Proximal Policy Optimization (PPO; Schulman et al., 2017) as the generator

policy. All models were trained using the same hyperparameters and training procedure with

the random seed fixed at 42 for reproducibility. In each adversarial round, the generator

interacted with the environment for 512 steps, followed by a single discriminator update

using a demonstration batch size of 256. The discriminator was optimized using Adam with

a learning rate of 1× 10−3 and a weight decay of 5× 10−4. The reward network consisted of

two hidden layers with 8 units each and LeakyReLU activations. The PPO policy comprised

three hidden layers, each with 256 units and LeakyReLU activations, and was trained with

a learning rate of 1 × 10−4, a rollout length of 512, a minibatch size of 32, 8 optimization

epochs per update, and a discount factor of 0.99. Observation normalization was not applied

because all 113 state features generated by CrosswalkEnv were inherently bounded between

0 and 1; omitting normalization also preserved the original feature scales for subsequent

interpretation of the inferred reward functions.

Among the saved checkpoints, the one with discriminator accuracy closest to chance-

level performance (50% accuracy) was selected as the final model, indicating reduced distin-

guishability between expert demonstrations and generated trajectories. The selected check-

points were typically obtained after 10,000–40,000 adversarial rounds. Using this procedure,

participant-specific reward functions were inferred for 282 participants, whereas training

runs that failed to reach the convergence criterion after an extended training period were

considered training failures.
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Figure 6. AIRL model evaluation. The plots show (a) discriminator accuracy, (b) observed
and predicted action proportions, (c) action prediction accuracy, (d) mean rewards for cross-
walk and non-crosswalk states, (e) mean rewards by car density and road length, and (f)
mean rewards over time. Error bars and shaded areas indicate 95% confidence intervals.
***p < .001.
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IRL Model Evaluation

Before interpreting the inferred reward functions, we evaluated the AIRL models in terms

of discriminator performance, generator behavioral fit, and reward interpretability.

Discriminator In AIRL, an accuracy of 0.50 represents the theoretical equilibrium at

which expert and generated trajectories are indistinguishable (Fu et al., 2018). The mean

discriminator accuracy across the 282 trained models was 0.67. The discriminator accu-

racy on expert samples (0.59) was closer to the equilibrium than that on generated samples

(0.75), suggesting that the generators captured some characteristics of expert behavior while

producing trajectories with features that remained distinguishable from the expert trajecto-

ries (Fig. 6a). However, because discriminator accuracy alone is insufficient to establish the

adequacy of model fit, additional analyses of behavioral fit and reward interpretability were

conducted.

Generator The generators trained within the AIRL models were used to predict an action

for each state in the participants’ observed trajectories.

The overall distribution of predicted actions closely matched the observed distribution

across all five action types (Fig. 6b). In both distributions, upward movements were most

frequent, followed by no-op actions, whereas rightward and leftward movements occurred

at similar rates and downward movements were least frequent. This ordering reflected the

task structure, as upward movements were required to reach the goal, whereas downward

movements carried the player farther from it, resulting in an imbalanced action distribu-

tion. Modest action-level differences remained, primarily because participants produced

more no-op responses than the AIRL-trained generators. Consistent with prior studies, this

discrepancy may reflect human fatigue, inattention, and physical response constraints that

are not fully captured by learned policies (Cross et al., 2021; Lee et al., 2024). Consequently,

the higher observed rate of inaction reduced the proportions of the remaining actions relative
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to their predicted proportions.

Beyond comparing the overall distributions of observed and predicted actions, we

quantified how accurately the generators predicted the observed action for each state. The

generators correctly predicted the observed actions with an overall accuracy of 75%, well

above the chance level of 20% (Fig. 6c). The 95% confidence intervals for action-specific pre-

diction accuracy, calculated as recall for each action, remained above chance for all action

types except downward movement, for which the interval included the chance level. This

lower performance was likely due to the rarity of downward actions in the observed trajec-

tories, which resulted in an imbalanced dataset and a limited number of training examples

for this action.

Reward Function Because the primary goal of AIRL was to recover behaviorally mean-

ingful reward functions, we examined whether the inferred rewards exhibited plausible, task-

relevant patterns.

The learned reward functions assigned consistently higher values to states and actions

involving crosswalk use than to their non-crosswalk counterparts (Fig. 6d). Overall, a paired-

samples t test showed that crosswalk states received significantly higher inferred rewards than

non-crosswalk states (t(281) = 32.59, p < .001). This pattern was consistently observed for

entering roads, moving around them, and exiting them (ts(281) = 15.85–32.38, ps < .001).

Given that crosswalk use substantially reduces the risk of penalties relative to jaywalking,

this pattern is consistent with the task structure and suggests that the inferred reward

functions captured participants’ preference for the safety afforded by crosswalk use.

The inferred rewards were also sensitive to the number of cars on the road being

crossed. For both short and long road conditions, mean rewards were highest when there

were no cars on the road but consistently decreased as the number of cars increased (Fig. 6e).

Because a greater number of cars typically increases collision risk during road crossing, this

pattern suggests that the inferred reward functions reflected participants’ aversion to risky
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situations.

Finally, the inferred rewards changed systematically with the time remaining in the

episode (Fig. 6f). Inferred rewards generally increased as participants avoided collisions and

progressed through the task, but declined when little time remained and the end of the map

was still not visible. Crossing all roads on the map within the time limit yielded a bonus and

maximized the total score, whereas remaining far from the goal near the deadline reduced the

likelihood of completion. This pattern suggests that the inferred reward functions captured

participants’ expected return under temporal constraints.

Risk Preference Indicators

Indicator Selection

To evaluate whether behavior in the Crosswalk Task reflects participants’ trait-level risk-

taking propensity, we examined associations between task measures and participants’ DOSPERT

total scores. Although the DOSPERT comprises five domain-specific subscales, the total

score was used as the primary criterion for indicator selection because the analysis focused

on general risk-taking propensity rather than domain-specific risk preferences.

Correlations were computed separately for the desktop, web, and combined samples.

A task measure was identified as a risk preference indicator if it was significantly correlated

with the DOSPERT total score in the combined sample and if the direction of the correla-

tion was consistent across the desktop and web samples. Because the desktop sample was

substantially smaller than the web sample, statistical significance in the desktop sample was

interpreted with caution rather than treated as a strict selection criterion.

Applying these criteria, we identified five behavioral measures and six IRL reward

measures as indicators of risk preference (Fig. 7; see the Supplementary Information for

detailed definitions of the individual measures). Of these eleven measures, five were positively

associated with self-reported risk-taking propensity (risk-taking indicators), whereas six were
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negatively associated (risk-averse indicators).

Figure 7. Correlations between DOSPERT total scores and the risk preference indicators
from the Crosswalk Task in the desktop, web, and combined samples. Values represent
Pearson’s r. ∗p < .05, ∗∗p < .01, ∗∗∗p < .001.

Validation

Additional analyses were conducted to examine the construct validity of the selected indi-

cators. Because consistency across the desktop and web implementations had already been

assessed during indicator selection, these analyses were conducted using the combined sample
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(N = 282) to obtain more precise correlation estimates.

All selected indicators were significantly correlated with at least one DOSPERT do-

main score in the same direction as their correlations with the total score (Fig. 8). Most

indicators were significantly associated with four or five domains, whereas one behavioral

indicator was associated with only a single domain. None of the behavioral indicators was

associated with the Social domain, whereas four of the six IRL reward indicators were as-

sociated with all five domains. Taken together, these findings suggest that the selected

indicators, particularly the IRL reward indicators, reflect a relatively general propensity for

risk taking rather than preferences confined to a specific domain.

Figure 8. Correlations between the selected risk preference indicators and the DOSPERT
total and domain scores in the combined sample (N = 282). Values represent Pearson’s r.
∗p < .05, ∗∗p < .01, ∗∗∗p < .001.
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To evaluate discriminant validity, we examined whether the selected risk preference

indicators were associated specifically with self-reported risk taking rather than with related

psychological constructs. Prior research has shown that risk taking may be associated with

impulsivity (Lauriola et al., 2014; Nigg, 2017) and anxiety (Price et al., 2025; Wake et al.,

2020). Consistent with this literature, DOSPERT total scores in the combined sample were

positively correlated with both BIS-11 scores (r = .23, p < .001) and STAI scores (r =

.13, p < .05), indicating modest overlap among self-reported risk taking, impulsivity, and

anxiety. Despite this overlap at the questionnaire level, the selected risk preference indicators

generally showed little systematic association with BIS-11 or STAI scores (see Fig. S4 in

the Supplementary Information). None of the indicators was significantly correlated with

either state or trait anxiety, and no significant associations were observed with the BIS-

11 total or subscale scores, except for two indicators that were correlated with the BIS-

11 Motor subscale. Overall, this pattern suggests that the selected task indicators were

more specifically related to risk-taking propensity than to impulsivity or anxiety, providing

evidence for their discriminant validity.

Multivariate Results

The preceding analyses identified several task measures that were individually associated

with self-reported risk-taking propensity. We next examined whether jointly considering

these indicators could provide information about individual differences in risk taking beyond

that provided by their separate associations with self-reported risk-taking propensity. To

address this question, we used multiple machine learning approaches to jointly analyze the

selected risk preference indicators.
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Regression Analysis

To evaluate the predictive information captured by the selected indicators, we used elastic

net regression (Zou and Hastie, 2005) to predict DOSPERT scores from measures derived

from the Crosswalk Task. The mixing parameter was set to α = 0.5 to balance feature

selection and coefficient stability by assigning equal weight to L1 and L2 regularization. To

compare the informativeness of different types of risk preference indicators, three models were

trained and compared: a behavioral feature model, an IRL feature model, and a combined

model that included all 11 measures. Models were trained on 80% of the data using five-fold

cross-validation and tested on the remaining 20%. Predictive performance was quantified as

the correlation between predicted and observed DOSPERT scores in the test set.

Figure 9. Beta coefficient estimates for elastic net models predicting DOSPERT scores using
different sets of predictors. (a) The behavioral model included five behavioral measures. (b)
The IRL model included six IRL reward measures. (c) The combined model included all
11 measures: five behavioral measures and six IRL reward measures. Points indicate the
mean coefficient estimates, and error bars represent intervals defined as the mean ±1.96 SD.
Predictors whose coefficients were shrunk to zero by the elastic net were not retained in the
corresponding model.
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Figure 9 summarizes the feature selection results across the elastic net models. The

behavioral-only model retained three of the five behavioral measures and showed a weak

correlation with DOSPERT scores (Fig. 9a; r = .23), providing no evidence of improve-

ment beyond the correlations observed for individual behavioral measures (|r| = .14–.22; see

Fig. 7). In contrast, the IRL-only model retained all six IRL reward measures and achieved

a higher correlation (Fig. 9b; r = .31), exceeding the correlations observed for individual

IRL reward measures (|r| = .18–.23). The combined model achieved the highest correlation

(Fig. 9c; r = .36), retaining all six IRL reward measures but only two of the five behavioral

measures. Together, these patterns suggest that predictive information is distributed across

multiple IRL reward measures and that these measures provide greater predictive informa-

tion when considered jointly, whereas combining behavioral measures provides little gain

beyond their individual associations with DOSPERT scores.

To examine whether the observed predictive performance generalized beyond a spe-

cific algorithm and its linearity assumption, we also trained a multilayer perceptron (MLP)

to predict DOSPERT scores using all 11 measures. Across five repetitions of five-fold cross-

validation, the MLP showed moderate predictive performance (r = .3121± .1206), compara-

ble to that of the combined elastic net model (r = .33). Together, these results suggest that

the Crosswalk Task measures provide predictive information across both linear and nonlinear

modeling approaches. Detailed MLP configuration and results are reported in Table S4 in

the Supplementary Information.

Clustering Analysis

To assess whether behavior in the Crosswalk Task could distinguish participant groups with

different risk preferences without using self-report measures, we applied unsupervised k-

means clustering (McQueen, 1967) to the combined sample using only the eleven risk pref-

erence indicators derived from the task. We selected two clusters based on the highest mean

silhouette score (Fig. S7a) and an elbow in the inertia curve near k = 2 (Fig. S7b; see the
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Figure 10. Characterization and external validation of the identified behavioral clusters.
(a) DOSPERT score distributions across clusters, which were labeled Risk Averse and Risk
Taking based on their relative DOSPERT scores. (b) Standardized differences in risk pref-
erence indicators, calculated as Risk Taking minus Risk Averse, such that positive values
indicate higher indicator values in the Risk Taking cluster. ∗p < .05, ∗∗∗p < .001.

Supplementary Information for details).

DOSPERT scores, which were not used to determine either the number of clusters or

cluster assignments, differed significantly between the resulting groups (Welch’s t(232.5) =

4.12, p < .001, d = 0.51; Fig. 10a). We therefore labeled the groups Risk Taking and Risk

Averse based on their relative DOSPERT scores. This correspondence with an external self-

report measure supports the validity of the behaviorally derived clusters and suggests that

the Crosswalk Task can distinguish groups with different risk preferences using task-derived

indicators alone.

The clusters also exhibited consistent behavioral profiles across the eleven input in-

dicators. All indicators showed differences in the expected direction, with the Risk Taking

cluster exhibiting higher values on risk-taking indicators and the Risk Averse cluster ex-
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hibiting higher values on risk-averse indicators; seven of these differences were statistically

significant (Fig. 10b).

Discussion

The present study introduces the Crosswalk Task as a naturalistic reinforcement learning

paradigm for measuring individual differences in risk taking. Across the desktop sample

assessed in the laboratory and the web sample assessed online, multiple behavioral and

IRL-derived measures were associated with self-reported risk taking in consistent directions,

yielding eleven indicators of risk preference. These indicators were associated with multiple

domains of the DOSPERT while showing little systematic association with related psycho-

logical constructs, providing evidence for their construct and discriminant validity.

Moreover, considering multiple risk preference indicators together provided meaning-

ful information about individual differences in risk taking beyond that provided by individ-

ual measures. Predictions from multivariate models showed moderate correspondence with

DOSPERT scores, and similar performance across linear and nonlinear approaches suggested

that this pattern was not specific to linear models. Complementing these predictive results,

unsupervised clustering based solely on the task measures identified groups that differed

significantly in DOSPERT scores, even though DOSPERT scores were not used to define

the clusters. The Risk Taking cluster also showed consistently higher values on risk-taking

indicators and lower values on risk-averse indicators than the Risk Averse cluster, suggesting

that these indicators provide a useful feature space for unsupervised stratification of individ-

ual risk preference profiles. Together, these findings suggest that integrating multiple task

measures can provide a more informative characterization of risk preference than considering

each measure in isolation.

Notably, IRL reward measures consistently provided a richer characterization of risk

taking than simple aggregate behavioral measures. They showed associations with a broader
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range of DOSPERT subscales (Fig. 8). In the elastic net analysis, all six IRL reward mea-

sures were retained, suggesting that each provided unique predictive information and that,

jointly, they contributed to higher predictive performance than behavioral measures alone

(Fig. 9). These findings support prior work suggesting that deep IRL can provide a prac-

tical framework for leveraging complex real-time behavioral data beyond simple descriptive

summaries (Lee et al., 2024).

Methodologically, the Crosswalk Task extends prior naturalistic real-time paradigms

by introducing CrosswalkEnv, a new Gymnasium environment developed specifically for be-

havioral research. Unlike previous studies that modified existing programs to create behav-

ioral tasks, this open-source implementation allows researchers to extend the environment

and flexibly design their own tasks. Importantly, implementing the task within the Gym-

nasium framework allows behavior to be represented naturally as sequential state–action

trajectories, enabling RL-based analyses of human behavior.

Accordingly, the Crosswalk Task may be particularly useful when researchers seek to

characterize individual differences using multiple aspects of real-time behavior rather than

relying on a single summary measure. Beyond risk preference, modified versions of the task

could be used to investigate other psychological constructs. The paradigm may also be well

suited for neuroimaging studies, as prior work has demonstrated the feasibility of combining

real-time behavioral tasks with IRL-derived rewards to investigate the neural correlates of

these rewards (Lee et al., 2026).

We emphasize that the eleven risk preference indicators examined in this study rep-

resent only a subset of the measures that could be derived from the task. By making the

software publicly available, we aim to encourage researchers to explore additional aspects of

behavior and develop new measures.

Nevertheless, several limitations regarding data collection, analysis, and validation

should be considered. First, comparisons with other measures of risk taking were limited

in scope. Exploratory comparisons with two traditional behavioral tasks related to risk
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taking showed that multiple Crosswalk Task measures were significantly associated with

DOSPERT total scores, whereas the measures derived from the other two tasks were not.

However, these comparisons were limited to the relatively small desktop sample (N = 53) and

should therefore be interpreted with caution (see Fig. S5 in the Supplementary Information).

Moreover, because the DOSPERT was the only self-report measure of trait-level risk-taking

propensity, it remains unclear whether the identified indicators generalize beyond this specific

measure. Future work should examine how these indicators relate to other established self-

report measures, such as the one-item General Risk Taking Question (Dohmen et al., 2011)

and the Risk Propensity Scale (Nicholson et al., 2005), and behavioral paradigms, such as

the Balloon Analogue Risk Task (BART; Lejuez et al., 2002) and Iowa Gambling Task (IGT;

Bechara et al., 1994).

Second, the desktop and web samples differed in sample size, language, nationality,

and study setting. Although the observed associations were broadly consistent, this substan-

tial heterogeneity limits the interpretation of the combined sample results. Furthermore, the

combined sample results were driven primarily by the larger web sample (N = 229), with

the small desktop sample (N = 53) contributing relatively little. Future work should verify

whether these findings are consistent across online and laboratory settings within the same

population. Replication in larger and more diverse laboratory samples is particularly impor-

tant for future neuroimaging studies requiring specialized hardware, such as MRI scanners.

Finally, participants were not clinically characterized, despite substantial evidence of

differences in decision-making processes between psychiatric and healthy populations (Am-

lung et al., 2019; Pike and Robinson, 2022). Future research should evaluate the Crosswalk

Task across various clinical groups and healthy controls to assess its clinical validity, thereby

contributing to efforts to develop behavioral tasks with greater clinical utility in mental

health research (Ahn and Busemeyer, 2016).

Taken together, the present findings indicate that the Crosswalk Task provides a nat-

uralistic reinforcement learning framework for characterizing individual differences in risk
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taking from real-time behavior. Its Gymnasium-based implementation produces structured

state–action trajectories that enable RL-based analyses and supports flexible task modifica-

tion, while its complementary web-based implementation supports scalable data collection.

Diverse task measures can be derived from these rich behavioral trajectories, and computa-

tional approaches such as IRL can further quantify how individuals value specific decision

contexts. The Crosswalk Task thus lays the foundation for developing flexible, naturalistic

reinforcement learning paradigms for studying decision making.
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Allen, K., Brändle, F., Botvinick, M., Fan, J. E., Gershman, S. J., Gopnik, A., Griffiths,

T. L., Hartshorne, J. K., Hauser, T. U., Ho, M. K., et al. (2024). Using games to

understand the mind. Nature human behaviour, 8 (6), 1035–1043.

Amlung, M., Marsden, E., Holshausen, K., Morris, V., Patel, H., Vedelago, L., Naish, K. R.,

Reed, D. D., & McCabe, R. E. (2019). Delay discounting as a transdiagnostic process

in psychiatric disorders: A meta-analysis. JAMA psychiatry, 76 (11), 1176–1186.

Arora, S., & Doshi, P. (2021). A survey of inverse reinforcement learning: Challenges, meth-

ods and progress. Artificial Intelligence, 297, 103500.
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