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Sentiment analysis based on parallel hybrid network and attention mechanism

SUN Min, LIYang, ZHUANG Zhengfei, YU Dawei
(School of Information and Computer, Anhui Agriculture University, Hefei Anhui 230036, China)

Abstract: Concerning the problems that the traditional Convolutional Neural Network (CNN) ignores the context and
semantic information of words and loses a lot of feature information in maximal pooling processing, the traditional Recurrent
Neural Network (RNN) has information memory loss and vanishing gradient, and both CNN and RNN ignore the importance
of words to sentence meaning, a model based on parallel hybrid network and attention mechanism was proposed. First, the
text was vectorized with Glove. After that, the CNN and the bidirectional threshold recurrent neural network were
respectively used to extract text features with different characteristics through the embedding layer. Then, the features
extracted by two networks were fused. And the attention mechanism was introduced to judge the importance of different words
to the meaning of sentence. Multiple sets of comparative experiments were performed on the English corpus of IMDB. The

experimental results show that the accuracy of the proposed model in text classification reaches 91.46% and F1-Measure

reaches 91. 36%.
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Fig. 1  Convolutional neural network structure
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Fig. 2 GRU model structure
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Fig. 3 BGRU sentiment analysis network model
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Fig. 4 Attention mechanism model structure
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Tab. 1 Detailed configuration of experimental environment
RIF 24T AT BRAFRRA
Window 10 BAERG Window 10 4144t
Tensorflow Python & 22 3] )i 1. 14
Keras Python TR 2% 2] J; 2.2.4
Python BFES 3.7
Numpy Python Bh 2= 155 1.14.3
Jupyter notebook TH —
CPU A PR —
F2 HIRE
Tab. 2 Datasets
Kl ge K
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Tab. 3 Parameter settings
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23R 0. 001
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Batch size 32
epochs 10
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Tab. 4 Confusion matrix of classification results
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Tab. 5 Experimental results of different vectors dimensions of words

i) i

2 Accuracy Precision Recall F1-Measure Time/s
50 0.8837 0.8846 0.8827  0.8835 402.6
100 0. 8982 0.9067 0.8877  0.8969 452.8
200 0.9146 0.9232 0.9045 0.9136 616.4
300 0.9110 0.9336 0.8842  0.9078 698. 7
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Tab. 6 Experimental results of different numbers of nodes

WAL Accuracy Precision Recall  F1-Measure Time/s
32 0.9020 0.9283 0.8709  0.8981 429.7
64 0.9080 0.9168 0.8973 0.9067 494.2
96 0.9146 0.9232 0.9045 0.9136 616.4

128 0.9139 0.9049 0.9257  0.9134 1323.9
160 0.9137 0.9181 0.9086  0.9132 2163.5
192 0.909 5 0.9129 0.9055 0.9090 2698.0
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Tab. 7 Experimental results of different models

il Accuracy Precision Recall FI1-Measure
CNN 0.8751 0.8741 0.8768 0.8754
BLSTM 0.9006  0.8999 0.9018 0.9007
BGRU 0.9046 0.8945 0.9186 0.9062
CNN-BGRU 0.9048 0.9046 0.9050 0.9048
CNN+BGRU 0.9076  0.9083 0.9067 0.9075
CNN+BGRU+Attention  0.9146  0.9232 0.9045 0.9136
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Fig. 6 Variation of accuracy of different models on

verification set
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