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A cooperative multi-agent reinforcement learning algorithm
based on dynamic self-selection parameters sharing
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Abstract: In multi-agent reinforcement learning, parameter sharing can effectively alleviate the inefficiency of learning
caused by non-stationarity. However, maintaining the same policy forall agents during learning may have detrimental ef-
fects. To solve this problem, a new approach was introduced to give agents the ability to automatically identify agents that
may benefit from parameter sharing and dynamically share parameters them during learning. Specifically, agents needed
to encode empirical trajectories as implicit information that can represent their potential intentions, and selected peers to

share parameters by comparing their intentions. Experiments show that the proposed method not only can improve the ef-

ficiency of parameter sharing, but also ensure the quality of policy learning in multi-agent system.
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