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Abstract: With the acceleration of urbanization, the problem of urban traffic congestion is becoming increasingly prominent,
especially in densely populated urban centers. How to achieve effective planning of pedestrian paths is an urgent issue that needs to
be addressed. Applying reinforcement learning algorithms to multi—agent collaborative path planning can solve the limitations of
traditional agent path planning methods in complex environmental scenarios. This paper proposes a multi—agent deep deterministic
policy gradient with reward enhancement (MADDPG-R) based on an improved reward mechanism. On the basis of the multi—agent
deep deterministic policy gradient algorithm, a new reward mechanism is designed to effectively cope with complex situations in
multi—agent environments and ensure real —time system operation. Meanwhile, this article also designed a dynamic simulation
scenario and conducted simulation experiments in a two—dimensional environment to verify the effectiveness of the algorithm.
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Fig. 1 Pedestrian agent path planning environment
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