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TEMPORAL DIFFERENCE LEARNING ALGORITHMS
FOR AVERAGE REWARD PROBLEM

HU Guanghua WU Cangpu

(Department of Automatic Control, Beijing Institute of Technology, Beijing 100081)

Abstract In this paper. some on-line TD (A) learning algorithms for average
reward stochastic dynamic programming problems are presented. During learning,
the relative function is the object to be predicted by the agent. This work is an
extension to and generalization of the work on previous TD (A) methods and R-

learning algorithms.
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