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Abstract.

The extension of multi-agent path finding

o large-scale dynamic environment is an increasingly challenging

problem. In the real world, dynamic changes in the@@ent often require real-time re planning. Using reinforcement learning
Al

method to learn decentralized strategies in som’a e environments shows great potential to solve MAPF problems. A heuris-

tic multi-agent path planning algorithm based on 1Mglation learning and reinforcement learning is proposed to address the problems

of how intelligent agents learn to coope

formance and scalability in high-d tacle environment.
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