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Abstract: The encoder-decoder architecture and the attention mechanism are successfully applied
in automatic summarization. But the traditional automatic summarization methods put too much
focus on the signal sentence extracting with the decoder. The methods only think about the histo-
ry information of each sentence, without mining the relationship among the sentences and the as-
sociation between the sentence and the whole document in the document encoding process. Aimed
at the above problems, an encoder-decoder summarization model based on self-interactive atten-
tion (ESSA) is proposed to automatically get the extractive summary. In the ESSA, the global
information of the document is obtained, and the relationship information among the different
sentences is calculated. Finally, combining the two kinds of information, a rich document expres-
sion with a vector is got. The experimental results show that the effect of the ESSA is obviously
better than the reference models. The model’s ROUGE-1, ROUGE-2, ROUGE-3, ROUGE-4
and ROUGE-L scorings are respectively increased about 7.4%, 24.3%, 13.4%, 7.1% and 7.6 %
more than the better reference model’s.
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