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Reinforcement Learning
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Abstract ; Traditional monolithic software architecture is difficult to adapt to today’ s development scenarios where user requirements
change frequently due to the high coupling and poor scalability. with the further promotion of the concept of servitization, compositing
Web-services with independence to develop software has become a feasible solution to this problem. How to use Web-services with
different functions and different quality of service (QoS) to build a composite service that meets the functional and non—functional needs
of users has become a hot research topic in the field of service computing. A service composition model based on Markov decision
process is proposed with a solution algorithm based on deep reinforcement learning. The problem that existing service composition
algorithms are difficult to derive the optimal solution for large—scale service combination scenarios can be effectively solved by using deep
networks. Furthermore,to address the problem of inaccurate estimation of reward value in traditional reinforcement learning based Web—
service composition models,a method based on convolutional network is proposed to calculate the reward value to make full use of the
service’ s historical QoS information. Finally,a performance simulation is done on the public dataset,and the simulation results show that
the deep reinforcement learning—based service combination “Adaptive Deep Reinforcement Learning—Web Service Composition” ( ADR-
WSC) algorithm has higher efficiency in the large—scale service composition problem. It has better performance in terms of running time
and combined—QoS
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