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Sentiment Classification Based on Double Attention Convolutional
Neural Network Model
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Abstract: Convolutional Neural Networks (CNN) cannot discriminate the correlation between feature words and
emotions in the input text. Therefore, this paper proposes a double attention mechanism convolutional neural
network to incorporate word and POS(Part-of-speech Tagging) information into sentiment classification (Double
Attention Convolutional Neural Networks, DACNN), which combines the word features with the part-of-speech
features to obtain the feature representation of the text and determine the sentiment tendency. In this paper, we
introduce an attention convolutional neural network to incorporate word and POS information into sentiment
classification. The first local attention mechanism captures local feature from word and POS channels. And then we
propose a novel architect for combining two features by a global attention mechanism, which can decide how much
information to use from word or POS information. The model is validated on MR and SST-1 datasets, achieving
0.7% and 1% improvement in accuracy compared to conventional convolutional neural networks and traditional

machine learning methods.
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Fig.1 The model of double attention convolutional neural networks
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Tab.2  The results in the models of sentiment analysis %
iz MR SST-1
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NBSVM 79.4 -
MNB 79.0 -
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Fig.4 10-fold cross validation experiment on MR dataset
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Tab.3  Effect of filter region size with several region sizes %

Region Size CNN CNN-1 CNN-2
[3,4,5] 81.49 81.49 81.53
[4,5,6] 81.28 81.73 81.71
[5,6,7] 81.19 81.55 81.73
[5,6,7] 81.13 81.37 81.44

[10,11,12] 80.43 81.16 81.05
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Tab.4  Effect of single filter region size %

Region Size CNN CNN-1 CNN-2

3 80.81 80.89 80.89

4 81.02 81.36 81.38

5 81.23 81.44 81.62

6 80.96 81.42 81.24

7 80.88 81.52 81.09

10 80.44 81.41 81.41

15 80.11 81.14 81.10
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[ESIEIRNEATIESSN] ccts under the skin of the people
involved this makes it not only a detailed historical
document, but an engaging and moving portrait of a
subculture.
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like a mere excuse for the wan, thinly sketched story.
killing time, that's all that's going on here.
[BESE saying that ice age BB have some fairly
pretty pictures, Bl there's not enough substance in the

story to EGHNANY give them life.

7 MREGESEX AT B AN GE)
Fig.7 Visualization of review text with highlights on the MR datasets
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