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hierarchical reinforcanent learning
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Abstract: Hierarchical reinforcanent learning is an effective method of lving decision problems for
complex systam sw ith enormous number of states A GV digatching systen needs dynam ic digpatching
rules because of its discrete and dynamic properties M ultiagent w ith the cgpacity of M axQ hierarchical
reinforcement learning is mplemented in real-tme A GV digatching by high performance learning and
cooperation The smulation testifies the efficiency of thismethod
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