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Chinese Short Text Summarization Generation Model Based on Semantic-aware

NI Hai-qing,LIU Dan and SHI Meng-yu

Research Institute of Electronic Science and Technology, University of Electronic Science and Technology of China,Chengdu 611731, China

Abstract The text summary generation technology can summarize the key information from the massive data and effectively
solve the problem of information overload. At present,the sequence-to-sequence model is widely used in the field of English text
abstraction generation,but there is no in-depth study on this model in the field of Chinese text abstraction. In the conventional se-
quence-to-sequence model, the decoder applies the hidden state of each word output by the encoder as the overall semantic infor-
mation through the attention mechanism,nevertheless the hidden state of each word which encoder outputs only in consideration
of the front and back words of current word, which results in the generated summary missing the core information of the source
text. To solve this problem,a semantic-aware based Chinese short text summarization generation model called SA-Seq2Seq is pro-
posed,which uses the sequence-to-sequence model with attention mechanism. The model SA-Seq2Seq applies the pre-training
model called BERT to introduce source text in the encoder so that each word contains the overall semantic information and uses
gold summary as the target semantic information in the decoder to calculate the semantic inconsistency loss,thus ensuring the se-
mantic integrity of the generated summary. Experiments are carried out on the dataset using the Chinese short text summary
dataset LCSTS. The experimental results show that the model SA-Seq2Seq on the evaluation metric ROUGE is significantly im-
proved compared to the benchmark model, and its ROUGE-1, ROUGE-2 and ROUGE-L scores increase by 3.4%,7.1% and
6.1% respectively in the dataset that is processed based on character and increase by 2. 7% ,5.4% and 11. 7% respectively in the
dataset that is processed based on word. So the SA-Seq2Seq model can effectively integrate Chinese short text and ensure the
fluency and consistency of the generated summary, which can be applied to the Chinese short text summary generation task.

Keywords Chinese short text summarization, Sequence to sequence model, Attention mechanism, Pre-training model, Semantic

aware
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Table 1 Experiment results of each model on dataset
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Table 2 Examples of generation summarization
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