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Case Retrieval Method via Legal Element Extraction and Inference Guidance

XIE Tingting', LIU Hang', LU Lei', LI Ximei', WANG Lingzhi’

(1. Guiyang Tobacco Monopoly Bureau, Guiyang 510000, China;
2. College of Computer Science and Technology , Guizhou University, Guiyang 50025, China)

Abstract: Case retrieval is a key technology for improving the consistency of judicial rulings and the accuracy of legal application, and is in-
creasingly important in the smart judicial system. Existing methods often focus on text semantic similarity and surface matching, making it dif-
ficult to model the judicial logic and legal requirements behind the case. Therefore, a case retrieval method based on large language model ele-
ment fact extraction and inference guidance is proposed. Firstly, utilizing the big language model and syntactic analysis to identify the core be-
havioral facts in the judgment document, and constructing legal element facts; Secondly, introducing a legal knowledge graph for semantic en-
hancement and reasoning guidance enhances the consistency modeling ability of judicial logic. The experimental results indicate that the pro-
posed method is effective in Precision@5 /10 (49.09%, 48.93%), MAP (50.38%) , and NDCG@10 /On indicators such as 20/30 (79.27%,
84.16%, 88.94%) , it outperforms the baseline model and has a significant advantage in case matching, providing theoretical support and tech-
nical path for building case retrieval with the ability to perceive judicial logic.
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Fig. 1 Model architecture
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Table 1 Key dimensions of focus in element analysis
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Table 2 Experimental parameters setting
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2¢>) % (Learning rate) 2x10°
AH ZEH (Weight decay) 0.01
YIIZRFE IR (Epoch) 200
25 2] B (Warmup ratio)
125 PR KX (Loss function) 0.1
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Table 4 Comparative experiment results
x4 LEBRIHER (%)

. Precision MAP NDCG
@5 @10 @10 @20 @30
BM25 38.31 39.90 27.31 62.40 72.64 76.72
Text-CNN 26.24 25.99 20.65 54.07 58.41 64.38
BERT 33.18 32.36 27.29 60.40 64.04 68.32

RoBERTa 35.21 34.71 33.74 63.13 67.54 72.77
Lawformer 42.33 41.52 45.94 72.69 80.16 79.00
BERT-PLI 47.36 46.47 50.2 74.46 79.38 84.17
SAILER 46.25 47.41 48.96 74.30 78.65 82.16
Ours 49.09 48.93 50.38 79.27 84.16 88.94
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Table 5 Robustness experiment results
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BM25 38.31 39.90 27.31 62.40 72.64 76.72
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Text—=CNN 26.24 25.99 20.65 54.07 58.41 64.38
Text—-CNN"  44.87 49.33 40.74 68.14 75.80 85.29
BERT 33.18 32.36 27.29 60.40 64.04 68.32
BERT" 36.12 35.15 33.30 74.38 80.28 85.03
Lawformer 42.33 41.52 45.94 72.69 80.16 79.00
Lawformer” 45.20 45.16 49.11 78.71 84.32 87.51
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