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Triplet deep Hashing learning for judicial case similarity matching method

LI Jiamin', LIU Xingbo', NIE Xiushan’, GUO Jie', YIN Yilong'

(1. School of Software, Shandong University, Ji’nan 250101, China; 2. School of Computer Science and Technology, Shandong Jian-
zhu University, Ji’nan 250101, China)

Abstract: Matching similar cases in a large number of judicial case documents can effectively improve the efficiency of
the judicial department. However, the text of judicial cases is not only lengthy, but also exhibits a certain degree of
structural complexity. Therefore, the text matching of judicial cases is more difficult compared with the traditional nat-
ural language processing tasks. To solve the above problems and challenges, this paper proposes a judicial case similar
matching method based on the triplet deep Hashing learning model. First, a pre-trained BERT model is used to extract
the features of the documents in groups. The triplet similarity relationship of the documents is then employed to train the
deep neural network model to generate the Hashing code representation of the documents. Finally, the Hamming dis-
tance based on the Hashing code of the documents is used to determine whether they are similar cases. Experimental res-
ults show that the Hashing learning method greatly reduces the storage cost of the documents’ feature representations

and improves the speed of similar case matching.
Keywords: judicial cases; case matching; similarity retrieval; Hashing learning; deep learning; neural network; BERT

model; triples
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Table 1 Accuracy comparison between the method and other algorithms
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SH 0.4750 0.4820 0.4850 0.4760 0.5050 0.5120 0.5200
PCA-ITQ 0.5066 0.5096 0.5106 0.5196 0.5040 0.5132 0.5160
PCA-RR 0.5114 0.5126 0.5070 0.5186 0.5098 0.5048 0.5074
MFH 0.5244 0.5206 0.5230 0.5258 0.5240 0.5230 0.5322
Proposed 0.5790 0.5630 0.5590 0.5800 0.5870 0.5620 0.5690
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