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Research on Text Sentiment Analysis Model Based on Improved LSTM
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Abstract; Text sentiment analysis is a major research direction in the field of natural language processing. Text sentiment analysis is es-
sentially a text binary classification problem. The core of the problem is to divide the sentiment expressed by a text into two categories :
positive and negative. The traditional text classification algorithm cannot well take into account the association between words and the
polarity transfer between words when performing text sentiment analysis. Aiming at the shortcomings of LSTM neural network model in
text sentiment analysis, we design and propose a text sentiment analysis model based on improved LSTM. In order to reduce the
uncertainty caused by the stochastic gradient descent method for parameter updating in the original LSTM model, a pseudo gradient
descent method based on vector space is proposed. During the iterative process,in order to reduce the oscillation of the accuracy of the
model, a binary cross—entropy loss function with a correction term is proposed,so that the improved model could be selectively updated
for the fuzzy data. The experiment shows that the improved model has improved classification accuracy and iteration efficiency.
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