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Sentiment classification method based on BiGRU and aspect attention module

SONG Huanmin, ZHANG Yunhua
(School of Information Science and Technology, Zhejiang Sci-Tech University, Hangzhou 310018, China)

[ Abstract] Aspect level sentiment analysis has been widely used in text information mining, but the widely used LSTM recurrent
neural network can not fully learn the text context information when dealing with aspect level emotion classification tasks, and it has
the problem of complex model calculation and long training time. This paper proposes an emotion classification method based on the
combination of bidirectional gated cyclic neural network and aspect attention module. Firstly, the bidirectional gated recurrent neural
network has fewer parameters and faster model training, which can effectively extract the deep—seated information of text; secondly,
the combination of attention operation and aspect information can fully extract the hidden information of specific aspects. The
experimental results on SemEval dataset show that compared with the existing aspect level sentiment analysis methods, the proposed
method can effectively improve the processing speed and optimize the effect of sentiment classification.

[ Key words] Aspect level Sentiment Analysis; text sentiment classification; attention mechanism; bidirectional gated recurrent
unity ( BiGRU)
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Tab. 2 Experimental results of different models
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