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Deep reinforcement learning via good choice resampling experience replay
memory
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(Institute of Command Information Systems, PLA University of Science and Technology, Nanjing 210007, China)

Abstract: In order to build a good experience memory mechanism for deep reinforcement learning, a kind of resample
choosing optimal memory cache construction method based on TD error is proposed. Ranking based algorithms on
stratified sampling are also developed to avoid the collapse of training data set. Combined with this mechanism, several
typical depth based onreinforcement learning algorithms based on DQN(deep (Q-networks) are improved. Through
the simulation on the control problem of Cart Port on Open Al Gym, experimental results show that the optimization
mechanism improves the quality of training samples, and it can effectively enhance the learning value function, and has

good learning efficiency and generalization performance. The convergence speed and training performance are improved

significantly.
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