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[ Abstract] Text sentiment classification helps users make better décisions bysanalyzing and reasoning subjective texts
with emotional colors. Addressing the difficulty in adjusting th€ word vector according to the context information in
traditional sentiment classification models, a dual-channel textrsentiment classification method is proposed.To begin,
pretrained ELMo and Glove models are used to generate dynamicand static word vectors, respectively. The input vector
is generated by stacking and embedding two-word vectorsaSecond, the self-attention mechanism is used to process the
input vector and calculate the internal word dependencie§.The dual-channel neural network structure is constructed by a
Convolutional Neural Network (CNN) and Bi-directional Gated Recurrent Unit(BiGRU).The local and global features
of the text can be obtained simultaneously.Finallythe dual-channel processing results are spliced, processed by the fully
connected layer, and sent to the classifier. The ¢classification results can be obtained.The results show that, compared with
the H-BiGRU model with the best performanee .among contrastive sentiment classification models, the accuracy of the
proposed ELMo-CNN-BiGRU model,on the IMDB, yelp, and sentiment140 datasets improved by 2.42, 1.98, 2.52,
respectively, and the F1 value dmproved by 2.40, 1.94,2.43 percentage points, respectively.It achieves a better sentiment
classification effect and stability for short texts.
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Fig.8 Effect of different word vector embedding modes on

the accuracy of ELMo-CNN-BiGRU model
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Table 3 Accuracy comparison results %

Ko IMDB yelp sentiment140
CNN 72.75 73.87 76.80
BiGRU 74.85 76.95 77.54
BiLSTM+EMB_ATT 78.17 79.32 80.13
BiGRU-CNN 76.84 78.32 79.91
H-BiGRU 78.44 79.63 80.17
PF-CNN 77.43 78.97 80.02
ELMo-CNN-BiGRU 80.86 81.61 82.69
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Table 4 F1 value comparison result %

i IMDB yelp sentimentAl40
AEITES LG IIES VIGES
CNN 72.18 74.63 76.52
BiGRU 74.73 76.78 77.37
BiLSTM+EMB_ATT 78.02 79.21 79.91
BiGRU-CNN 76.77 78.27 79.86
H-BiGRU 78:39 79.51 80.04
PF-CNN 77.32 78.73 79.98
ELMo-CNN-BiGRU 80.79 81.45 82.47
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