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Abstract Inrecent years,the analysis of legal judgment documents and the prediction of results based on case facts in
the judicial field have become the hot research topics in Al law. The law article prediction task is based on the factual
description of the judicial case to predict the applicable law of the cases,which has become an important research con-
tent of wisdom justice. After analyzing the factual description of the legal documents and the specific judicial interpreta-
tion of the law,and excavating the characteristics of the factual description part of the judicial document,a method of
recommending the law based on multi-model fusion was proposed. Based on the public dataset in the “CAIL2018” Judi-
cial Artificial Intelligence Challenge,three datasets were constructed from different angles,and multiple sets of experi-
ments were performed on each dataset. The experimental results show that the proposed method is simpler than the sin-
gle model of law article prediction. The proposed method can effectively improve the accuracy of the task.and can better

solve the recommendation problem of multiple cases in a single case fact description.

Keywords Judgment documents,law article prediction, Wisdom justice, Model fusion
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Table 2 Evaluation index results for different models under

three datasets
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Table 3 Comparison of Score values of different fusion models
Ff{ 44 CNN 6/ CNN 84 CNN 4;;}??%‘ 6;%izj£
0.8 92.63 93.18 92.34 91.69 92. 86
0.9 92.79 93.56 92.73 92. 86 93. 14
1.0 93.56 94. 32 93.15 93.10 93.33
1.1 93. 26 94.58 93.69 93.21 93.10
1.2 92. 86 94,754 93.79 93.52 93.88
1.3 92.10 94. 66 94.10 93.67 93.18
1.4 91.47 94.51 93.79 94.12 93.12
1.5 91.11 94. 39 93.42 93. 89 93.05
1.6 90. 24 94. 10 93.98 93. 64 92.67
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Table 4 Comparison of experimental results for different models
BEE HE P R Fl Score
LIB-SVM 0.82 0.81 0. 82 81.75
HLSTM 0.90 0.89 0.90 89.75
CAIL2018 CNN 0.91 0.90 0.91 90.75
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RNN 0.88 0.88 0.88 88
CNN @& & 0.95 0.94 0.95 95.75
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