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[ Abstract] The open-source documents of criminal sentences.on China judgments online contain important legal
information.However ; the documents are usually transcribed in the form of natural language and difficult for machines to
understand. This paper proposes a triplet extraction model for legal texts to transform the unstructured texts recorded by
natural language into structured triplets.In the construction of the model, the triplet extraction process is considered as a
two-stage pipeline structure. The pretrained Bidirectional Encoder'Representations from Transformer (BERT) model is
used for Named Entity Recognition (NER) , and the recoghnition results are applied to relation extraction to obtain the
corresponding triplet representation, completing the information extraction for the unstructured legal texts of criminal
senteces. Experimental results on the manually labeled dataset of criminal sentences show that the F1 score of the
proposed model is 28.1 percentage points higher than that of combinational model based on recurrent neural network,
demonstrating its excellent triplet extraction performance.
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Fig.1 The overall architecture of legal triplet extraction model
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Table 1 Statistics of entity types in the dataset

SRS YIS 0 IR At
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Table 2 Statistics of relation types in the dataset

KR LA RS ec AR B &t
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module and relation extraction module

i1 AP IR B 5 F il B B
ik R 32 8
F R 5e-5 2e—5
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Table 5 Comparison of triplet extraction results

based on different positive/negative instance ratios %
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Table 6 Comparison of triplet extraction results of

R4 AEEBERNERW=THMMNERIILL adding inverse relation %
Table 4 Comparison of triplet extraction results of the EREEA A I m X R e VEN T P FI{&
combination models and the proposed model % ) x 13.0 89.6 22.8
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Table 7 Comparison of triplet extraction results of

different pretrained language models with the positive/

negative instance ratio of 1:5 %
TR 25 5 1 i % FER RS FI4E
BERT-Base Chinese 70.7 85.6 77.5
RoBERTa Chinese 72.6 88.1 79.6
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