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Prediction Model of Chinese Punctuation Based on Self-Attention Mechanism
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[ Abstract] Chinese/Punctuation Prediction( PP) is an important task of Natural Language Pprocessing (NLP) ,which can
help people eliminate 'ambiguity and understand the text more accurately. In order to solve the problem that the self-
attention mechanism 'cannot process sequence position information, this paper proposes a Chinese punctuation prediction
model based on the self-attention mechanism. This model stacks multiple layers of Bi-directional Long Short-Term
Memory ( Bi-LSTM ) network on the basis of self-attention mechanism, and combines the part of speech and grammar
information for joint learning to complete the punctuation prediction. The self-attention mechanism can capture the
relationship between any two words without relying<on their distance, and the accuracy of predicted punctuation can be
improved by part of speech and grammatical information. Experimental results on real news datasets show that the F1
value of the proposed model reaches 85. 63% , which is significantly higher than traditional CRF and LSTM prediction
methods, and achieves accurate prediction ‘of Chinese punctuation.
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Natural Language Processing ( NLP)
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