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Selection Method for Cloud Manufacturing Industrial Services Based on Generative Adversarial
Networks

ZHENG Xiubao.LI Jing,ZHU Ming and NING Yingying

School of Computer Science and Technology, Shandong University of Technology,Zibo,Shandong 255000, China
Abstract With the deep integration of information technology and manufacturing technology,cloud manufacturing industrial pro-
duction has become a key part of the manufacturing industry. Due to the dynamics of the cloud manufacturing environment and
the interdependencies between service resources,it isn’t easy to select the best industrial resource services. Most of the existing
selection optimization methods are based on heuristic algorithms, but these algorithms cannot often adapt to the cloud manufac-
turing environment. Therefore. this paper constructs a service selection model in the cloud manufacturing environment, proposes a
service selection algorithm based on deep learning and generative adversarial network ideas, which can flexibly adapt to environ-
mental changes,uses the graph representation learning method to construct a task service constraint graph,and then learns the
characteristics of resource services according to the intrinsic relationship between tasks, services, and industrial production con-
straints,and introduces gradient optimization and loss function strategies in the algorithm improvement stag and select the best
industrial resource services. Experiments show that the proposed algorithm has stronger performance advantages than other com-
parison algorithms.

Keywords Cloud manufacturing, Industrial production constraints, Graph represents learning, Generate adversarial networks,
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