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Solving reward conflict in multi-agent reinforcement learning by
using the influence between teams

ZHAO Huarui

(Platform Economy Development Guidance Center of Henan Province, Zhengzhou 450008, China)

Abstract; This article proposes a MARL learning framework based on the interaction between agents, called IC, to solve the
problem of conflicts between agents caused by sparse reward environments in MARL. The main function of IC is to assign different
values based on the Gaussian kernel function size between agents, calculate the influence matrix of agents, and introduce the kernel
norm of the influence matrix as an additional reward into the objective function to improve the exploration performance of agents and
the collaboration ability between teams. The experimental results indicate that IC can significantly improve the collaboration ability
between agents and accelerate their learning of optimal strategies in a sparse reward environment. This is the first attempt in MARL
to utilize the mutual influence between agents to promote their exploration ability.
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Fig. 4 Ablation experiment on a 3s5z map
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