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Abstract: Risk scenarios constitute critical data for evaluating the robustness of
autonomous driving systems. Addressing the scarcity of long-tail edge cases in naturalistic
driving data, as well as the prohibitive costs and uncontrollable risks associated with on-
road testing, generating high-value risk scenarios via simulation has emerged as a pivotal
approach. However, existing generation methods struggle to balance multiple
performance metrics—namely challenge level, diversity, realism, controllability, and
solvability—resulting in low usability of the generated data for closed-loop algorithm
validation. To address this challenge, this study proposes a multi-task collaborative risk
scenario evolution method for heterogeneous driving styles. Inspired by Bayesian
factorization, the generation process is organized into three coordinated subtasks:
challenging adversary selection, stylized behavioral control, and risk scenario synthesis.
Specifically, an adversarial prediction network based on supervised deep learning is first
constructed to accurately target the background vehicle with the highest potential risk as
the interactive adversary. Subsequently, Maximum Entropy Inverse Reinforcement
Learning (IRL) is utilized to quantify and model multi-dimensional driving styles,
achieving stylized diversity control over the opponent's behavior. Finally, a kinematic
optimizer is employed to refine the incremental control sequences of the opponent vehicle,
generating simulation scenarios that possess both kinematic realism and adversarial
characteristics. Experimental results across multiple road topologies demonstrate that,
compared with existing state-of-the-art methods, the proposed method exhibits the best
comprehensive balance across various performance metrics. Furthermore, the generated
data are incorporated to fine-tune an end-to-end autonomous driving policy through
imitation learning. The results demonstrate a significant reduction in the collision rate
with controllable performance, validating the proposed method’s value for both
autonomous driving evaluation and model training.

Keywords: automotive engineering; autonomous driving testing; corner-case generation;
multi-task collaboration; adversarial behavior optimization
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Fig 1 Schematic Diagram of the Risk Scenario Evolution Process
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Table 4 Quantitative Results of the Ablation Study
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el RCT IST DST CR! RCT!
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BESTO-Ave 0.{25X4} 0.78+002 0.81+004 61.81+090 0.16+004  63.75+1.64
BESTO-0.{4,3,2,1} 0.73+002 0.83+001 59.95+228  0.14+002  63.27+049
BESTO-0.{3,4,2,1} 0.78+0.03  0.80%002 61.42+144 0.17+003  65.98+3.80
BESTO-0.{1,2,4,3} 0.83+002 0.79+001  65.76+131  0.18+002 68.34+276
BESTO-0.{1,2,3,4} 0.79+0.04  0.80%£001  62.08+0.90 0.17+002  64.06+387

BESTO-Z & 1EXPT  0.59+008  0.80+002  48.83+096  0.19+001  72.95+1.15
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