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Abstract: Deep reinforcement learning (DRL) provides a powerful end-to-end learning framework for addressing
complex sequential decision-making problems in autonomous driving, but the safety of vehicle control policies remains a
core challenge. physics-informed reinforcement learning (PIRL) methods based on the hamilton-jacobi-bellman (HJB) equa-
tion have demonstrated significant potential. However, such methods are severely limited in practice by the performance of
the selected neural networks. Conventional multilayer perceptrons (MLPs) struggle to provide high-fidelity gradient signals
for HIB physical constraints, thereby leading to training instability and model inefficiency issues. To address this challenge,
we proposes a mixed architecture Hamilton-Jacobi-Bellman proximal policy optimization (MAHPO) algorithm tailored for
autonomous driving tasks. This method innovatively constructs a heterogeneous Actor-Critic framework. Its policy network
(Actor) uses an MLP to ensure efficient decision-making, while the value function network (Critic) is approximated by a
kolmogorov-arnold network (KAN). Furthermore, the KAN-based value function representation network employs internal
learnable smooth B-spline functions that can adaptively learn nonlinear transformations from trajectory data. This capability
enables efficient modeling of complex value functions and their smooth gradient fields, thereby ensuring stable policy net-
work updates. Experimental results in the MetaDrive simulation environment validate the efficacy of the MAHPO algo-
rithm, which yields significant improvements over baselines across key performance metrics such as success rate, collision

rate, and off-road rate. It has an average success rate improvement of 5.88% compared with the optimal benchmark soft ac-
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tor-critic (SAC), and the off-road rate has decreased by about 78.22% compared with the original HIBPPO algorithm.
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Figure 5 Collision rate performance curves of various algorithms
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Figure 6  Performance variation of off-road rate for various algorithms
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Figure 8 Performance evaluation of various algorithms under combined road conditions
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Figure 10 Analysis of the impact of different B-spline grids on performance
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Table 3 Effects of grid number on experimental performance
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Figure 11 Analysis of the impact of different B-spline orders on performance
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