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A stochastic approximation for parameters M arkov decision processes

HU Guang hua

( Department of Mathematics, Yunnan Universi
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Abstract: A stochastic gradient algorithm for average rew ard M arkov decision processes ( MDP) that de

pends on a parameter vector is proposed. A new gradient of the object function is given and a stochastic apr

proximation algorithm that bases on a single sample path is presented. Finally, a convergence of the gradient

(with probability 1) is provided.
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