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Abstract : The problemsof discounted-cost performance optimization are discussed for a dass of semi-Markov control pro-
ceses (SMCP). A matrix isdefined , which can be astheinfinitedmal generator of a Markov process. The disoounted Pois
DN equation is proposed for an SMCP by usng this matrix , from which thea-potentia is defined. Based on thed-poten-
tial , the optimdity equation satisfied by the optimal stationary policy is given. Finaly an iteration agorithm to find an opti-
mal stationary policy is proposed, and an numericad example is provided to illustrate the gpplication of the agorithm.
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