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Abstractive Text Summarization Based on Semantic Alignment Network
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Abstract Aiming at the problem of insufficient utilization of the overall semantic information of abstracts in
decoding by the currently abstractive summarization model, this paper proposes a neural network automatic
abstract model based on semantic alignment. This model is based on the Sequence-to-Sequence model with
attention, Pointer mechanism and Coverage mechanism. A semantic alignment network is added between the
encoder and the decoder to achieve the semantic information alignment of the text to the abstract. The achieved
semantic information is concatenated with the context vector in decoding, so that when the decoder predicts the
vocabulary, it not only uses the partial semantics before decoding, but also considers the overall semantics of the
digest sequence. Experiments on the Chinese news corpus LCSTS show that the proposed model can effectively

improve the quality of abstractive summarization.
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Fig. 1  Abstractive text summarization model based on semantic alignment Network
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Table 1 Comparison of experimental results based on word and charactor granularity
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FAY
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Table 3 Results of human evaluation

HELAY FEvERE ikt A
RAPC (ia]H7 ) 3.21 3.57 3.61
RAPC+SAN ()7 ) 3.25 3.58 3.69
CRAPC(PRIE) 323 374 3m
RAPC+SAN (FHi i) 3.57 3.89 3.92
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Table 4 Summary generation result comparison
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