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Process Supervision Based Sequence Multi-task Method for Legal Judgement Prediction
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Abstract Legal judgment prediction is an application of artificial intelligence technology in legal field. Hence, the research on the
legal judgment prediction method has important theoretical value and practical significance for the realization of intelligent justice.
Traditional legal judgment prediction methods only make single task prediction or just use multi-task prediction based on parame-
ter sharing,without considering the sequence dependence among subtasks,so the prediction performance is difficult to be further
improved. This paper proposes a process supervision based sequence multi-task framework (PS-SMTL) by encoding sequence de-
pendency of subtasks in legal judgement. It is an end to end legal judgement prediction method without any external features. By
introducing process supervision, the proposed model ensures the accuracy of the obtained dependent prior information from ad-
vance tasks. The proposed model is applied to CAIL2018 dataset and a good classification result is achieved. The average classifi-
cation accuracy is 2% higher than that of the existing state-of-the-art method.
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Table 1  Statistic information of datasets
Datasets CAIL2018-small
Training Set Case 96925
Validation Set 12127
Test Set Cases 22772
Law Articles 94
Charges 115
Term of Penalty 11
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Table 2 Prediction results of realted law tasks

Law Articles

Methods Task
Acc. MP MR F1
CNN 0. 815 0.771 0. 740 0.751
Baselines HLSTM 0. 856 0. 816 0.790 0.798
TOPJUDGE ~ 0.863  0.825 0.807  0.813
SMTL 0. 866 0.839 0.812 0.821
Ours PSSMTL  0.870 0.847 0.817 0.826

* 3 RATHE

Table 3 Results of charges prediction task

Charges
Methods Task
Acc. MP MR F1
CNN 0.812 0.781 0.756  0.764
Baselines HLSTM 0.852 0.817 0.803 0.803
TOPJUDGE  0.860  0.828 0.824 0.822
o SMTL 0.863  0.845 0.831 0.834
e PS-SMTL 0.868 0.852 0.835 0.836

A4 IR TAE 55 T 45 2R

Table 4 Prediction results of term of penalty sub-tasks

Term of Penalty

Methods Task
Acc. MP MR F1
CNN 0.372  0.316  0.277  0.258
Baselines HLSTM 0.413  0.372 — 0.327
TOPJUDGE  0.428 0.382 0.341  0.332
SMTL 0.429  0.385 0.334 0.332
Ours

PS-SMTL 0.433 0.403 0. 355 0.342
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