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Error Analysis of M inmax- based Reinforcement
L earning with State Aggregation
W u Cangpu L iu N ianquan
(Beijing Institute of Technology) (Rearch Institute of Yanhua Group Corporation)

Abstract In dynamic progranming- based reinforcement learning, state gpace size can be reduced and

learning can be accelerated using state aggregation method A Ithough the real tmeminmax- basedQ

- hat- learning after state aggregation turns out to be a non- M arkov decision process, it is shown

that the correppondingQ - values sequence converge to the optimalQ valuew ith probability one Fur-

themore, since state aggregation is a kind of goproximation method, an mportant issue caused is how

high the error thatw ill be produced betw een theminimax optimalQ valuesobtained inQ - hat- learn-

ing after state aggregation and that obtained originally. It isproved that under mild conditions, the er-

ror can be reduced as snall aspossible

Key words reinforcenent learning, M arkov decision problen, dynamic progranming, function ap-

proximation, error analysis
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