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Similar case matching based on BERT and feature extraction
JIAO Yuchao, YAN Gang

(School of Artificial Intelligence, Hebei University of Technology, Tianjin 300401, China)

Abstract; Similar legal case retrieval is a special retrieval task in which similar cases need to be searched from given candidate
cases for a given query case. Unlike traditional text matching, legal case matching has the characteristics of long text and strong
subjectivity. To address these issues in similar case matching in legal cases, this thesis proposes a similar case retrieval method based
on case elements. This thesis first uses general corpora to fine—tune the BERT model, then encodes the context—specific semantic
information of case documents using the paragraph aggregation method, and integrates legal document data into the model.
Extensive experiments on the LeCaRD dataset were conducted in this paper, and the results show that the proposed model is superior
to existing models.
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Fig. 1 BERT-PLE general structure
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Table 1 Structured characteristics of criminal judgment documents
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Table 2 Overview of the LeCaRD dataset
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Table 4 Experimental results

A P@5 P@ 10 mAP NDCG@10 NDCG@20 NDCG@ 30
BM25 0.380 0.350 0. 498 0.739 0. 804 0. 894
TF-IDF 0.270 0.215 0. 459 0.817 0. 836 0. 853
ARC-II 0.310 0.285 0. 468 0.754 0. 823 0. 860
BERT 0. 470 0. 430 0. 568 0.774 0. 821 0. 899
BERT-LF 0. 490 0. 445 0.592 0.816 0. 864 0. 891
BERT-PLE 0.492 0. 445 0.555 0.848 0.881 0.938
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Table 5 Ablation study

LAY pP@5s P@ 10 mAP NDCG@10 NDCG@20 NDCG@ 30
SEM-FE ( BERTorg) 0.320 0. 340 0.398 0.693 0. 760 0. 862
SEM-FE (LSTM) 0.396 0.377 0.460 0.747 0. 806 0. 889
SEM-FE (GRU) 0. 406 0. 402 0. 461 0.757 0.810 0.890
SEM-TE 0.397 0.358 0. 457 0.759 0.792 0. 840
BERT-PLE(LSTM) 0.510 0.430 0.547 0.803 0.832 0. 909
BERT-PLE( GRU) 0. 492 0. 445 0.555 0. 848 0. 881 0.938
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