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Research on LSTM Semantic Correlation Long Text Filtering Based on
Subject Dependence

CAO Chun-ping, WU Ting
(School of Optical-electrical and Computer Engineering, University of Shanghai for Science and Technology,
Shanghai 200082 , China)

Abstract: Nowadays, there are a lot of critical articles on the Internet. These articles have more characters and contain more information
irrelevant to the topic, which will affect the performance of subsequent text analysis tasks. The traditional solution cannot model multi—
theme long text,and the existing neural network cannot capture the semantic association from a relatively long time step. Therefore, we
propose a deep network model combining single—layer neural networks and layered long and short memory networks. The model obtains
the relationship between the internal words of the sentence through the word layer LSTM network and obtains the semantic vector. Then
the sentence vector is input into the subject dependence calculation model and the sentence layer LSTM network model,in turn,the de-
pendence of the sentence and each topic category and the relationship between the sentence to be filtered and other sentences are obtained.

Finally ,experiments on the travel data set acquired from the Mafengwo shows that this model is superior to SVM, Naive Bayes,
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LSTM, Bi-LSTM.

Key words: long text filtering ; multi—topic ; semantic association ; LSTM ; hierarchical model
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