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Sentiment analysis of weibo text by combining bidirectional recurrent neural
network and attention mechanism

ZHANG Dianqgiu, XIA Li

( School of Mathematics and Statistics, Guangdong University of Finance and Economics, Guangzhou 510320, China)

Abstract; As an important branch of natural language processing, sentiment analysis is widely used in various fields of society. In
response to the shortcomings of CNN being unable to contact full-text information, RNN models having temporal dependencies, and
insufficient feature information extraction, this paper constructs an sentiment analysis model based on combined NLP. First, we use
Word2Vec model to obtain word vector in text representation. Then in the training model part, we build a combined model of
bidirectional recurrent neural network connecting attention mechanism, input the output of bidirectional recurrent neural network into
Attention mechanism after three linear changes, to assign weight to hidden layer features to integrate text information. Finally,
validate the effectiveness of the model on the simplifyweibo_2_polarities dataset.
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