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INVENTORY CONTROL USING Q-LEARNING

JIANG Guoter Wu Cangpu
(Department of Automatic Control, Beijing Institute of Technology, Beijing 100081)

Abstract @ -learning is a reinforcement learning method to solve Markovian deci-
sion problems with incomplete information. In this paper, we present a novel explo-
ration strategy and use Q -learning method with this strategy to solve a typical in-
ventory control problem with continuous state and decision space. Simulation re-
sults are included to show that the optimal policy given by  -learning can well ap-
proximate to the accurate one.

Key words @ -learning, Markovian decision problem, inventory control, continu-

ous state and decision space, exploration strategy.
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