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Abstract To enhance the application value of knowledge graph in badminton field, this research first analyzes the research status
of the completion model,then combines the deep learning technology and attention mechanism to build a knowledge graph com-
pletion model based on graph convolution neural network with subgraph structure decoupling,and finally evaluates the improved
performance of the model. The results show that the proposed model has achieved good results in all sub datasets,which is equi-
valent to the best baseline model. On the three data sets selected in the experiment,the two test indicators are reduced to varying
degrees,which indicates the effectiveness of entity feature decoupling. Only 3 or 8 bases are sufficient to express the characteris-
tics of different relationships in the model. In this paper,a knowledge graph completion model with good improvement effect is

obtained. This study lays a foundation for the popularization of knowledge atlas in badminton.

Keywords Knowledge graph completion,Deep learning, Badminton, Graph convolution neural network, Attention mechanism
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