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Results

Introduction

* Naturalistic reinforcement learning suggests that real-world behavior emerges Identifying Indicators of Risk-Taking
from continuous, dynamic, and context-dependent interactions (Wise et al., 2024).

_ _ , , . _ ®* Goal: Identify crosswalk task features correlated with DOSPERT
®* Recent studies have shown that impulsive behaviors observed during a real-time

driving task can reflect individual differences in trait-level impulsivity and are linked ®* Behavioral features: task-level summary statistics

to reward-related neural responses (Lee et al., 2024a,b).  e.g., run-over ratio = car collisions / total episodes:

* Road-crossing behavior has also been used as a naturalistic paradigm to assess road-crossing success ratio = successful crossings / encountered roads
risk-taking propensity, but prior work has not fully captured the continuous dynamics
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of real-time decision making (Herrero-Fernandez et al., 2016; Rubio et al., 2010). (N=33) ! -
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® To address this gap, we developed the crosswalk task, a naturalistic real-time (N=229) ©
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decision-making task designed to capture individual differences in risk-taking. (N=282) | | | | | B,
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Road-crossing reward Collision penalty based on car color *Car closeness: 0 = no visible car in the lane; 1 = car in front of the player
® Episode completion bonus ® One car color per road
. Elastic Net Model Comparison
Time Left: 30 -!
Time Left: 29 I — Model 1 Model 2 Model 3
. o=, (Behavior-only) (IRL-only) (Behavior + IRL)
Current Score: 450 -i - Average Score 1 -e-
o S o0 (NEWD Average Score 4 red [IRL] Safest Road Crossing - re4 ———
Total Score: 450 @| @ Road Grossing
[IRL] Waiting in Crosswalk | Success Ratio 7]
_ _ _ ] ] _ ] _ ] o Episode Clear Ratio 4 forCarto Pass C|)_|rosﬁs¥vall_k Searchilp ] -
® Episode time limit: 30 seconds ® Size variation => varying crossing difficulty (Figh to Low penalty
[IRL] High Risk but _ e Run Over Ratio 4
| Empty Last Road
FS{%?:ge%rsOI%Semg . [IRL] Safest Road Crossing - °

[IRL] Approaching Crosswalk |

[IRL] Waiting in Crosswalk |
in Current Road

for Car to Pass

[IRL] High Risk but
e+ Empty Last Road 7

[IRL] Approaching

Crosswalk Searching |
(High to Low penalty

VS Next Crosswalks 7 * [IRL] Appr?ﬁgdr;rger%r%%sa\/éalk i .
Run Over Ratio - - [ﬁle_}(tA rl?)rggv?fgmg i ¢
[IRL] Move Up Toward Car - .
[IRL] Move Up Toward Car - °
_ _ | A0 A S 2 1 0
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Data Collection

Pearson r (Train) 0.2632 < 0.3640 < 0.4153
Study 1 (N = 55) otudy 2 (N = 254) Pearson r (Test) 0.2237 0.3067 0.3345
Participants Korean adults U.S. adults
Sex 23 males / 32 females 107 males / 140 females ® IRL features were more likely to be selected than behavioral features.
Age (M+SD) 25.2+5.2 37.4+11.0 ®* Models with IRL features showed better predictive performance than Model 1
Experiment Setting In-person (SNU lab) Online (Prolitic) => |RL features provided more consistent and informative predictors of risk-taking
Collection Period 2025.10.03 — 2025.12.05 2026.03.23 — 2026.04.07
Adversarial Inverse Reinforcement Learning Conclusion
* One AIRL model trained per participant (N = 309) * Areal-time task designed to capture both risk-taking and risk-averse behaviors can

* Reward networks used to compute state—action rewards ("IRL rewards”) yleld features associated with self-reported risk propensity.

* IRL-derived context-specific indicators can better capture individual differences in

= IRL rewards used to identify context-specific indicators of risk-taking risk-taking behavior than aggregate task-level summaries
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Experiment—| 5 _ (o ", o a0 M > These findings highlight the crosswalk task’s potential as a meaningful behavioral
) . ‘ Il))lscr‘““nat?r £ 03 paradigm for studying real-time risk-taking in future neuroimaging studies.
Generator —_— generated samples \ 0.6(5,0,5") ) E
(PPO) L T = (807a07 wony sTaaT) y o) 0.6
! @
Dy .. exp{ fo.4(s,a,s’)} € 041 Refe rences
9, y Wy — -
— ’ exp{fo,4(s,a,8')} + m(als) : | | | - | |
® k, , , ~ 0.2 Fu, J., Luo, K., & Levine, S. (2018). Learning robust rewards with adversarial inverse reinforcement learning. /In
o 7 fo,6(s,a,8") = go(s,a) +vhe(s) — hy(s) Proceedings of the International Conference on Learning Representations.
Herrero-Fernandez, D., Macia-Guerrero, P., Silvano-Chaparro, L., Merino, L., & Jenchura, E. C. (2016). Risky behavior in

o
o

‘{Reward r9,6(S, a, 5’)J ——log Dy 4(s,a,s") —log(1 — Dy (s, a, s')) Overall Expelrt Generaltﬂr young adult pedestrians: Personality determinants, correlates with risk perception, and gender
Samples  Samples differences. Transportation research part F: traffic psychology and behaviour, 36, 14-24.
Lee, S. H,, Song, M. S., Oh, M., & Ahn, W.-Y. (2024a). Bridging the gap between self-report and behavioral laboratory

Elastic Net Reg ression measures: A real-time driving task with inverse reinforcement learning. Psychological Science, 35(4), 345-357.
Lee, S. H., Oh, M., & Ahn, W.-Y. (2024Db, July). Inverse reinforcement learning captures value representations in the reward
®* Goal' predict DOSPERT* total scores usind crosswalk task features circuit in a real-time driving task: A preliminary study. Presented at Cognitive Computational Neuroscience 2024.
P 9 Rubio, V. J., Hernandez, J. M., Zaldivar, F., Marquez, O., & Santacreu, J. (2010). Can We Predict Risk-Taking
®* Model: Elastic Net (a = 0.5) for feature selection and prediction Behavior?. European Journal of Psychological Assessment.
_ _ _ _ _ Wise, T., Emery, K., & Radulescu, A. (2024). Naturalistic reinforcement learning. Trends in Cognitive Sciences, 28(2), 144-
¢ Evaluation: 80/20 train—test split + 5-fold cross-validation 158.

_ _ _ _ Zou, H., & Hastie, T. (2005). Regularization and variable selection via the elastic net. Journal of the Royal Statistical Society
*DOSPERT: 30-item Self-reported rISk-taklng measure Series B: Statistical Methodology, 67(2), 301-320.




	Slide 1

