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Single document automatic summarization model

based on hybrid neural network
CHEN Qiaohong , DONG Wen ,SUN Qi, JIA Yubo
(School of Information Science and Technology , Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract: Since the existing single document automatic summarization method has poor coherence and
accuracy., an automatic summarization model based on hybrid neural network was proposed. The proposed
model combined convolutional neural network with long short — term memory network., and added a
memory cell state to the input terminal of long short-term memory network. In this model, the
convolutional neural network was used to represent the sentence with vector firstly. Then, the word vector
in each sentence and the sentence vector in the document were inputted into two long short-term memory
networks respectively to get the matching degree between the sentence and the document. And finally, the
sentences with high matching degree were combined to gain the summarization. It was found that,
compared with LSI, LDA, TextRank, PCA and long short-term memory network models, the values of
ROUGE-2 and ROUGE-3 of single-document automatic summarization model increased by about 0.01,
which indicates that the proposed model can obtain the summarization with good readability and clear
context relationship, and effectively improves the quality of automatic summarization.

Key words: hybrid neural network; automatic summarization; convolutional neural network; long

short-term memory network; deep learning
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