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Text Sentiment Analysis Based on
CNN-BiLSTM Network and Attention Model

WANG Liya, LIU Changhui', CAI Dunbo, ZHAO Tongzhou, WANG Meng
School of Computer Science and Engineering, Wuhan Institute of Technology, Wuhan 430205, China

Abstract: To solve the problems that single Convolutional Neural Network (CNN)lacks the ability to utilize text
context information and simple Recurrent Neural Network (RNN) cannot deal with long-term dependence, we
propose a text sentiment analysis method by introducing the attention model into a CNN-BiLSTM network. In the
CNN-BiLLSTM network, CNN model and Bidirectional Long Short-Term Memory (BiLSTM) model are used to
extract local features and context-related features, respectively. After that, the attention layer is used to focus
our attention on the most critical features. Experiments were performed on both IMDB and Twitter datasets. The
accuracy and Root Mean Squared Error (RMSE) achieved on IMDB dataset are 90.34% and 0.296 7,
respectively. As to dataset Twitter, 76.90% accuracy and 0.417 4 RMSE are achieved. The experimental results
show that our technique is able to improve the accuracy of text classification effectively with little runtime
overhead.
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Fig. 1 Network structure diagram of model
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