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Knowledge graph representation learning model combining
entity description and path information

LI Junhuai?, WU Yunwen"?, WANG Huaijun"?, LI Zhichao'*, XU Jiang’

(1. Collaborative Innovation Center of Modern Equipment Green Manufacturing in Shaanxi Province, Xi’an University of Techno-
logy, Xi’an 710048, China; 2. School of Computer Science and Engineering, Xi’an University of Technology, Xi’an 710048, China;
3. China National Heavy Machinery Research Institute Co., Ltd., Xi’an 710032, China)

Abstract: Knowledge graph representation learning is a process of representing knowledge graph entities and relations
in a multidimensional vector through specific rules. Existing representation learning methods are mostly used to solve
the single-hop knowledge graph question-and-answer task, but their multi-hop reasoning ability cannot meet the actual
demand. To improve the multi-hop reasoning ability, a knowledge graph representation learning model combining en-
tity description and path information is proposed. First, the learning vector of entity and relation representation is ob-
tained using the pre-training language model RoBERTa. Second, OPTransE is used to transform the knowledge graph
into a vector integrating the path information of an ordered relation. Finally, the total energy function is constructed to
fuse the vectors of entity description and path information. The feasibility and validity of the model are verified by com-
paring its performance in a link prediction task with that of the mainstream knowledge graph representation learning
model.

Keywords: knowledge graph; expression learning; multidimensional vector; multi-hop reasoning ability; entity descrip-

tion; path information; energy function; vector fusion
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diction results
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