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Research on the generation of abstracts for judicial documents
based on improved pre-trained models

YIN Jinxin, YIN Junzu

(School of Information and Cyber Security, People’s Public Security University of China, Beijing 100038, China)

Abstract; Judicial documents are important carriers for the public trial activities, reasons, basis, and results of the people’s court.
However, the length of the document is relatively long, which affects the fast and effective reading experience. To address this
issue, this paper proposes a pre—trained model based method for extracting and generating judicial document abstracts. This method
improves the Oracle extraction method by extracting key sentence indexes based on BERT and bundle search, optimizing the scoring
mechanism of the retrieval generation model, and combining Transformers and attention mechanisms to enhance the model “s
contextual understanding ability and sentence selection accuracy. The experimental results show that this method improves the recall
of ROUGE-1, ROUGE-2, and ROUGE - Lby 16.53%, 5.46%, and 16.61%, respectively, which is superior to some existing
mainstream methods.
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Table 6 Performance comparison of different abstract models on CAIL2020 dataset
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Table 7 Experimental results of ablation: Performance comparison of different model combinations on the CAIL2020 dataset
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