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Application of Batch Reinforcement Learning Based on NN to Robocup

LI Long-shu'?, GE Rui-feng!"?, WANG Hui-ping'*?
(1. School of Computer Science and Technology, Anhui University, Hefei 230039, China;
2. Ministry of Education Key Lab. of IC & SP at Anhui University, Hefei 230039, China)

Abstract: As a representative experimental platform of multi — agent system, RoboCup(Robot World Cup) by which various theories, al-
gorithms and architectures can be evaluated, has become the research center of artificial intelligence. For the converge slowly and time
consuming problems arised when using the classic Q — learning method in complicated environment, use ANN to represent the Q net and
the batch Q learning to process the training data gathered from the environment. By these tactics, improved the generalization capability of

the system, and decreased the time cost to learn. It was applied to the experiment of the Keepaway models in the simulation team whose

result shows the validity of the method.
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