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Abstract: [Objective/Significance] Massive e-government information resources not only bring great convenience, but also
pose a challenge to people’s effective access to information and knowledge. Relation extraction is the core task of information
extraction, and plays an important role in the intelligent services such as intelligent retrieval, intelligent question answering etc.

Due to the large number of long entities in the field of e-government, the performance of the classical relationship extraction
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model in the data set of the government field is not satisfactory. [Methods/Processes] To address this issue, we propose a novel

relation extraction model, which employs BERT model to solve the problems of ambiguity, fuzzy boundary, and insufficient

annotated data. Secondly, the classification pool method is used to process short entities and long entities respectively which can

obtain better entity information. Finally, the experimental results on public datasets and government domain datasets demonstrate

the effectiveness of the model. [Results/Conclusions] Compared with the baseline model, the accuracy and F1-score of this model

are improved by 2.3% and 2.2% respectively.

Keywords: Relation Extraction; deep learning; BERT Model; classification pooling
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