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A multi-agent path planning method based on graph neural network

YU Xinyi, LIU Fei, OU Linlin
(College of Information Engineering, Zhejiang University of Technology, Hangzhou 310023)
Abstract

For the multi-agent path planning problem, each agent needs to coordinate with each other to accomplish a
global goal. Explicit communication strategies are usually required between the agents. The traditional multi-agent
path planning algorithms are limited by its insufficiency of instantaneity, scalability, and incomplete communica-
tion, which are difficult to be applied in complex environments. In order to solve the communication problem in
multi-agent working environment, a path planning method based on graph neural network( GNN) is proposed. The
method collects feature data in local observation by convolutional neural network (CNN) , and GNN transmits these
data among the agents. Second, to reduce the inertia of the agents, a new reward structure is proposed to encourage
the agents to explore and learn effective coordination strategies more actively. Then, the learning efficiency is im-
proved by centralized data collection for training and distributed execution. Finally, simulation experiments in dif-
ferent environments are conducted to evaluate the algorithm proposed in this paper and compare it with other algo-
rithms to verify its effectiveness and scalability.

Key words: path planning, multi-agent reinforcement learning, graph neural network ( GNN), multi-agent

communication
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