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Text sentiment classification model based on BiGRU-Attention neural network
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Abstract: The BiLSTM neural network model has long training time and can not fully learn text context informations. In
order to solve the problems, this work proposes a text emotion classification model based on BiGRU-Attention neural network.
Firstly, the bidirectional Gated Recurrent Unity (BiGRU) neural network layer was used to extract the features of the deep text
information; secondly, the attention mechanism (Attention) layer was used to allocate the corresponding weight of the
extracted text deep information. Finally, the text feature messages of different weights are put into the softmax function layer
to carry out the text sentiment classifications. The experimental results show that the accuracy of the proposed neural network
model is 90.54% on the IMDB data set, the loss rate is 0.2430 and the time cost is 1100s and the validity of the
BiGRU-Attention model is verified.
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