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Web Service Composition Based on Reinforcement — Learning

TANG Ping-ping, WANG Hong-bing
(School of Computer Science and Engineering, Southeast University, Nanjing 211189, China)

Abstract : The ability of single Web service is limited, o how to make the services that are in the enterprises or among the enterprises or-
ganically integrated, and to provide more valuable service, is the core of application — integrated problem based on Web service. Web ser-
vice composition is to have the existed services to compose new ones according to a certain logic order, thus to realize the bigger and pow-

erfuler function. In this article, suggest a method that is some kind of Web service composition based on reinforcement — learning, which

will realize dynamic composition.
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