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Research on the Recognition Model of Court

Judgment Named Entity Based on Deep Learning
GONG Qiwen,CHENG Yu,CHEN Jianxia,L.I Chao,ZHANG Di, LONG Yishu
(School of Com puter Science s Hubei Univ. of Tech.,Wuhan 430068, China)

Abstract: Named entity recognition, as an important basic tool in such application fields as information ex-

traction, question and answer system, syntactic analysis, machine translation and others, has been widely

used in court judgment information extraction system. However, the extraction effect of entity recognition

becomes poor when existing technical models have a large number of proper nouns or terminologies in the

text. In this paper, a two-way cyclic neural network-conditional random-airport discriminant model is thus

developed to optimize the existing court judgment condition with the airport model. The experiment proves

that the model can realize the selection process of automatic feature, and the accuracy rate is higher than

that in the airport model.
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