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Entity Relation Extraction Based on Span Method and
Multi—fork Decoding Tree

ZHANG Xin,XIAN Guang-ming* ,MEI Hao-yang,ZHOU Cen-yu,LIU Ying—fang
(School of Software , South China Normal University , Foshan 528225, China)

Abstract; As a key technology in the field of natural language processing, entity relation extraction is of great significance in the
construction of knowledge graphs,information retrieval and other fields. However, the entity relation extraction model generally has the
problems of insufficient application of dependencies between words, low entity recognition effect, and the forced execution of an
unnecessary order of triples brought by single decoding. In order to solve three problems and improve the performance of the model, a
new entity relation model is proposed. The model first uses the BERT pre—training model with stronger feature extraction ability to obtain
sentence representation,and then uses graph convolutional neural network to enhance the dependency between entities and relationships.
The Span method ( Neural Network Methods for Recognizing Entities) , which has stronger entity extraction ability, is used for entity ex-
traction. Finally,a deep multi—fork decoding tree is used to implement parallel decoding to obtain the corresponding relationship triples.
The experiments on the CONLLO4 and ADE datasets show that compared with other relation extraction baseline models,the F1 value of
the proposed model has a better improvement. And it also verifies the effectiveness and generalization ability of the proposed model.
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