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Abstract ; Intelligent game is a hot issue in the current development of artificial intelligence. At the same time, with the continuous devel-
opment of artificial intelligence, it has gradually been widely used in the field of battle command. Especially,led by American DAPPA,
artificial intelligence is used to provide all-round strategic support for commanders” battlefield decisions. How to use artificial intelligence
to simulate battlefield confrontation in battlefield environment is also one of its research aspects. At present, although agents can
continuously optimize by obtaining rewards, they are usually real-time strategies in strategy. Although some decisions in battlefield envi-
ronment will not have immediate benefits at that time, but then it will play a better role in promoting the overall battlefield situation and a-
chieve more favorable results. To solve this problem, hierarchical reinforcement learning is used for intelligent game training of agents
and applied to simulate virtual commanders in a simple battlefield environment. A hierarchical reinforcement learning algorithm MI-A3C
algorithm based on intelligent game confrontation based on mutual information is proposed. MI-A3C algorithm can achieve 86. 7%
victory rate in the simulated battlefield environment, and can complete the main tasks. At the same time, some decisions conducive to
long—term benefits can be found in the experiment.
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