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Document-level Relation Extraction of Graph Attention Convolutional Network Based on
Inter-sentence Information
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Abstract In order to solve the problem of insufficient structural information mining for documents in existing models,a graph at-
tention convolution network model based on inter-sentence information is proposed. In this model,a document level encoder is im-
proved,which uses a new attention mechanism.,inter-sentence attention mechanism,so that the final representation of a sentence
pays more attention to the important information in the previous sentence and the previous document, which is more conducive to
mine the structural information of the document. Experiments show that the F, evaluation index of this model on DocRED data
set reaches 56. 3% ,and its performance is better than that of the baseline model. When integrating the inter sentence attention
mechanism, the model needs to perform inter-sentence attention operations for each sentence,so it needs to consume more memo-
ry and time when training the model. The graph attention convolution network model based on inter-sentence information can ef-
fectively aggregate the relevant information in the document,and enhance the mining ability of the document structure informa-
tion,so that the model can improve the effect of the document level relationship extraction task.

Keywords Document-level relation extraction, Attention mechanism,Document-level encoder,Graph convolutional network
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Fig. 1 Structure diagram of document-level encoder
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