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Abstract Network content security has received increasing attention from all walks of life. Paraphrase identification
technology, commonly used to judge whether two text capture the same meaning in the field of natural language process-
ing, can come in handy. This technology can aggregate the same views and opinions into the same category, greatly im-
proving the efficiency of network public opinion monitoring. Also, it can identify the rewritten sensitive information and
effectively improve the recall rate of bad sensitive information. This paper focuses on the research progress in the field of
paraphrase identification. Firstly, we introduce the concept, application scenarios and research status of paraphrase identi-
fication. Secondly, we classify paraphrase identification methods into two categories: similarity-based methods and fea-
ture-based methods. Then we introduce the characteristics, advantages and disadvantages of each type in turn, and detail
some representative ones. Among them, deep learning methods are highly focused. Finally, it is the detailed analysis of
current problems and prospect of this field.
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Figure 1 Two types of autoencoders. Left: Standard recursive autoencoder, reconstructed to child nodes; right:

Scalable recursive autoencoder, reconstructed to leaf nodes
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Figure 4 The overview of the skip-thoughts model. The triples represent 3 consecutive sentences in the book. The

model uses the “encoder-decoder” framework to predict the (i—1)-th sentence and the (i+1)-th sentence respectively

according to the i-th sentence
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