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Rendering judgment predictions with the hybrid feature extraction learning model
LIU Luyao, LI Shi
(College of Information and Computer Engineering, Northeast Forestry University, Harbin 150006, China )

[ Abstract] Legal judgment prediction refers to predicting accusations and prison terms of criminal cases on the basis of case
descriptions. At present, accusation prediction mainly uses deep neural network models to extract features, and prison term
prediction is grounded on hybrid deep neural network models. Existing works either focus on global or local features, not considering
their combination. Therefore, this paper proposes Bidirectional Gated Recurrent Unit ( BIGRU) to extract context features and merge
attention mechanism ( Attention) to learn the importance of words in text. Then it combines with CapsNet, which can overcome the
disadvantage that Convolution Neural Network ( CNN) will lose spatial information. The combination makes it possible to learn the
relationship between local and global text features. At the same time, due to the large classification granularity of sentence
classification, the result of auxiliary decision is not ideal. In order to achieve a more ideal classification effect, the sentence is
classified into 28 categories by year. The experimental results show that the mixed model is better than the baseline model, and the

accuracy of the prediction is 98.88% and 74.32% respectively.
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Tab. 1 Some parameters settings
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Tab. 2 Model comparison experiments

) e (25 %)
sl
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BIGRU=Attention=" ) gee ¢ 0.057 07432 0.701
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Tab. 3 Prediction results for different models

Ayt AE44 accuracy  JHIHI(18 28) score
CNN 96.73% -
HAC - 77.14

BiGRU-Attention—CapsNet 98.88% 82.76
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