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Figure 1 The high-level structure diagram of knowledge graph
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Construction and Completion of Legal Knowledge Graph Based on
Court Judgment Documents

WANG Ning, LIU Wei, LAN Jian
(School of Computer Science and Engineering, Wuhan Institute of Technology, Wuhan 430205, China)

Abstract; Due to the specialty and complex structure of the legal-domain-knowledge-graph, the existing
relationship extraction methods were not suitable for the construction and completion of the legal-domain-
knowledge-graph because of the various needs of different domains. A legal-knowledge-graph-construction
method based on StanfordNLP relation extraction mechanism was proposed. Then, a deep learning model
based on predicate-oriented words was proposed to complete the legal knowledge graph. At last, a typical
case (the judgment of counterfeiting card theft) was selected as the text object to verify the feasibility of
the model. Compared with other knowledge graph completion models, the accuracy of this model excee-
ded 95%. The deep learning model based on predicate oriented words integrated automatic construction
and human participation, which improved the accuracy of relation extraction and the efficiency of comple-
tion. This method could excavate the deep implicit relationship in the text of the judgment to the greatest
extent and achieved better application of judgment text technology.

Key words: relation extraction; domain term; knowledge graph construction; deep learning
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