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Abstract: A end-to—end entity relationship extraction model based on span and semantic features was
proposed to address the problems of traditional entity relationship extraction methods relying on distance
measurement or simple span recognition, which make it difficult to capture potential relationships between
entities, and the high computational complexity and error propagation of the model. Firstly, the text
vectors were randomly segmented into span sequences so that the model can learn a wider range of
semantic feature information. Secondly, semantic relationships were judged to screen out subsets of
candidate relationships, thus reducing information redundancy. Finally, the candidate relationships were
transformed into relationship—span combinations containing important relationship semantics, and the

Transformer decoder was used to achieve the joint extraction of entity relationships. The experimental
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results show that the F, value of this model is significantly improved in the NYT and WebNLG datasets

compared to other baseline models, proving its effectiveness.
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Fig.1 Semantic—-SPAN entity relation extraction model
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Fig.2 Semantic relationship determines

the module structure
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Fig. 3 Structure of joint extraction module
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Table 2 Experimental results of model comparison
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Table 3 Results of ablation experiments of the

proposed model on two datasets
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