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A Model-based Policy Search Method Based on Conditional
Generative Adversarial Network
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(College of Artificial Intelligence, Tianjin University of Science & Technology , Tianjin 300457, China)

Abstract: Model-based reinforcement learning (Mb-RL) is an effective method for deep reinforcement learning, as it
can alleviate the bottleneck problem of data inefficiency, but it is extremely challenging to obtain an accurate state
transition model with it in a high-dimensional environment due to the complexity and dynamics of the environment.
Therefore, this paper proposes an effective policy search reinforcement learning method in complex environments.
More specifically, conditional generative adversarial network is used first for state transition function learning, and
then classical policy search method for policy learning. Extensive experimental results demonstrate that the proposed
method can accurately generate state transition data, provide sufficient samples for policy learning, and thus gener-
ate stable and high-performance policy.
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Fig. 1 Diagram of generative adversarial network
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Fig. 3 Errors in generative data and real data during the
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