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Abstract : A planning algorithm based on predictive state representation (PSR) models is proposed. The concept of
state history is presented and used for describing the PSR state. Based on these, how to identify the PSR state at any
history by using discriminant function analys's and how to obtain the PSR model of the system are discussed. Then,
Q-learning agorithm is introduced for finding the optima policy. The agorithm is applied to a standard set of
POMDP test problems. Smulation results show the effectiveness of this algorithm.
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