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A novel knowledge representation model based on

convolutional neural network
Li Shaojie® ™ , Chen Shudong™ , Hao Yuexing™ , Ouyang Xiaoye ™ , Gong Lichen™ ™
( " School of Microelectronics, University of Chinese Academy of Sciences, Beijing 100049 )
( ™ Institute of Microelectronics, Chinese Academy of Sciences, Beijing 100029 )
Abstract

In order to improve the validity and reliability of knowledge representation, this paper proposes a knowledge
representation model based on convolutional neural network (CNN). Convolutional knowledge embeddings ( Conv-
KE) uses a dimensional transformation strategy to increase the number of sliding steps of the convolution sliding
window on the triple matrix and the information interaction capabilities of the entities and relations within the triple
in more dimensions. ConvKE also captures the overall information of the triples in more dimensions by using the 2D
convolution sliding windows with enhancing receptive field. By using the link prediction task to evaluate the per-
formance of ConvKE, the experimental results show that ConvKE has achieved good results on the mean rank
(MR) metric of the two benchmark datasets WNI18RR and FB15K-237.

Key words: knowledge graph, knowledge representation, convolutional neural network (CNN), knowledge

graph completion, dimensional transformation, information interaction
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