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Abstractive summarization model considering hybrid lexical features

JIANG Yuehua', DING Lei*, LI Jiaoe', DU Haoxuan®, GAO Kai'

(1.School of Information Science and Engineering, Hebei University of Science and Technology, Shijiazhuang, Hebei 050018,
China;2.Information Center of Shijiazhuang Public Security Bureau, Shijiazhuang, Hebei 050021, China;3. Xi’dian University,
Xi’an, Shaanxi 710126, China)

Abstract: In order to use lexical features (including n-gram and part of speech information) to identify more key vocabulary
content in the summarization generation process to further improve the quality of the summarization, an algorithm based on
sequence-to-sequence (Seq2Seq) structure and attention mechanism and combining lexical features is proposed. The input layer
of the algorithm combines the part of speech vector with the word vector, which is the input of the encoder layer. The encoder
layer is composed of bi-directional LSTM, and the context vector is composed of the output of the encoder and the lexical fea-
ture vector extracted from the convolution neural network. The convolutional neural network layer in the model controls the

lexical information, the bi-directional LSTM controls the sentence information, and the decoder layer uses unidirectional LSTM
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to decode the context vector and generates the summarization. The experiments on public dataset and the self-collected dataset
show that the performance of the summarization generation model considering lexical feature is better than that of the contrast model.
The ROUGE-1, ROUGE-2 and ROUGE-L scores on the public dataset are improved by 0.024, 0.033 and 0.030, respectively. There-
fore, the generation of summarization is not only related to the semantics and themes of the article. but also to the lexical features. The

proposed model provides a certain reference value in the research of generating summarization of integrating key infromation.

Keywords: natural language processing; text summarization; attention mechanism; LSTM; CNN
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Fig.1 Abstract generation model of hybrid phrase features
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Tab.l ROUGE score in test set 1

F ROUGE-1 ROUGE-2 ROUGE-L
RNN(W) 0.177 0.085 0.158
RNNCO) 0.215 0.089 0.186

RNN content(W) 0.268 0.161 0.241
RNN content(C) 0.299 0.174 0.272
Seq2Seq 0.312 0.194 0.291
HN(hybrid n-gram) 0.323 0.207 0.302
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Tab.2 Summary on test set 1 generates the results
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Tab.3 ROUGE score in test set 2

LY ROUGE-1 ROUGE-2 ROUGE-L
Seq2Seq 0.274 0.148 0.257
HN(hybrid n-gram) 0.283 0.161 0.262
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Tab.4 Summary on test set 2 generates the results
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