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End-to-end adversarial variational Bayes method for short text sentiment classification

YIN Chunyong’, ZHANG Sun
(School of Computer and Software, Nanjing University of Information Science and Technology, Nanjing Jiangsu 210044, China)

Abstract: Concerning the problem of low accuracy in sentiment classification caused by short text, an end-to-end short
text sentiment classifier was proposed based on adversarial learning and variational inference. First, the spectrum
normalization technology was employed to alleviate the vibration of discriminator in training process. Second, an additional
classifier was utilized to guide the updating of the inference model. Third, the Adversarial Variational Bayes (AVB) was
used to extract the topic features of the short text. Finally, topic features and pre-trained word vector features were fused by
three times of attention mechanism in order to realize the classification. Experimental results on one product review and two
micro-blog datasets show that the proposed model improves the accuracy by 2.9, 2. 2 and 8. 4 percentage points respectively
compared to the Bidirectional Long Short-Term Memory network based on Self-Attention (BiLSTM-SA). It can be seen that

the proposed model can be applied to mine sentiments and opinions in social short texts, which is significant for public

opinion discovery, user feedback, quality supervision and other related fields.
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Tab. 1 Statistics of three datasets

PGS FEL FEAR AL WA PR
NLPCC2013 7 4937 14605 17
NLPCC2014 7 2017 7475 17
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Tab. 2 Comparison of topic feature classification effect

o BoW TF TF-IDF
SVM KNN DT SVM KNN DT SVM KNN DT
LDA 0. 641 0. 595 0.562 0.510 0.512 0. 499 0.513 0. 520 0.483
VAE 0.512 0. 504 0.502 0.515 0.522 0. 505 0.511 0. 536 0. 530
ProdLDA 0. 551 0.508 0. 495 0. 500 0.518 0. 490 0. 497 0.517 0. 507
AVB 0. 554 0.535 0.513 0.531 0.527 0.507 0.510 0. 503 0.516
AVBC-TE i 0.587 0.536 0. 546 0. 632 0.579 0.576 0.592 0. 557 0. 550
AVBC 0.732 0. 735 0.724 0.778 0.759 0. 745 0.726 0.723 0.721
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Fig. 4 Visualization of attention weights
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Tab. 3 Comparison of classification accuracy

R Product Review NLPCC2013 NLPCC2014
TextCNN 0.738 0. 466 0.520
BiLSTM 0.754 0. 449 0.515
BiLSTM-MP 0.758 0.482 0.525
BiLLSTM-SA 0.752 0. 464 0.510
AVBC 0.781 0. 486 0. 594
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