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Research on group confrontation strategies based on deep reinforcement learning
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[ Abstract] The Multi-Agent Reinforcement learning method has been studied on the basis of game theory and cybernetics before,
but the experimental results show that this kind of Multi—Agent Reinforcement learning method can't deal with the complex problems
in real life. Until the maturity of deep reinforcement learning technology in recent years, new solutions have been brought to the
study of swarm intelligence. The deep neural network is used to fit the strategy function, which makes the agent have stronger ability
to deal with complex problems. This topic mainly studies the application of multi —agent reinforcement learning method in the
environment of confrontation and cooperation, the improvement of algorithm stability and the expansion of the scale of agents, so
that agents can cooperate with other agents in the complex environment just like human beings.
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Fig. 4 Multi—agent and environment interaction diagram
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