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Abstract: Aiming at the low computational efficiency and absence of safety guarantees in existing
centralized cooperative control schemes, a swarm—coordination algorithm based on reinforcement learning
is first proposed. Single—agent proximal policy optimization is extended to multi—agent interactive
environments so that complex cooperation in multi—agent systems can be addressed. Secondly, the
cooperative control of vehicles at unsignalized intersections is formulated as a multi—agent reinforcement-
learning problem, and a safety—augmented centralized cooperative control method—behavior-restricted

proximal policy optimization—is developed. Formal safety verification and behavior restrictions are
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integrated into the swarm—coordination algorithm, whereby the policy is guided to be iteratively optimized

in a safe manner and unsafe driving behaviors are avoided, so that traffic safety in unknown scenarios can be

further guaranteed. Finally, simulation experiments are conducted with the Carla platform. It is shown that

the incorporation of behavior restrictions causes an 8.06 % loss in traffic efficiency, yet a 100 % safety

improvement is achieved. Compared with the representative model predictive control approach, the

proposed method reduces the computation time to 1/326 of the original, increases traffic efficiency by

67.0 % , lowers the collision rate from 63.5 % to 0, and improves ride comfort by 26.5 %.

Key words: automotive engineering; autonomous intersection management; autonomous and connected

vehicles; reinforcement learning ; formal verification
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