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Research on the Attention Mechanism-Based Bidirectional LSTM Model for the
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Abstract: With the rapid development of domestic E-commerce websitessthere are lots of Chinese product reviews.The

sentiment classification of Chinese product reviews is helpful to obtain useful information,with great application significance.

Currently,most sentiment classification studies are based onithe sentiment dictionary or traditional machine learning

methods.These methods usually need artificial selection of features,with low classification efficiency and effectiveness.In

view of all these deficiencies,the paper proposes an attention mechanism-based bidirectional LSTM model for the sentiment

classification of Chinese product reviews.The experimental results show that the proposed model has better precision

rate,recall rate and F1 score in binary classification tasks and three classification tasks in Chinese product reviews.
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Fig.1 Bi—LSTM model based on attention mechanism
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Tab.2 Data statistic of train set,validation set and test set
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Tab.3 The model performance comparison
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