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Abstract; To solve the problems of gradient disappearance and explosion in the traditional cyclic neural network model of text
sentiment analysis, a neural network model based on bi-directional long short-term memory (Bi-LSTM) loop was proposed.
The bi-directional mechanism was used to obtain the complete context information in the text, and the continuous bag of words
model was used to train the word vector to reduce the sparseness between the word vectors, and the stack self-coding depth neu-

ral network was used as the classifier, Experimental results show that the Bi-LSTM model is better than the traditional cyclic

neural network LSTM model, and the Bi-LSTM2 can achieve better recall rate and accuracy.
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