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A Chinese and Vietnamese Cross-lingual Sentiment Classification

Model Incorporating Topic Features
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Abstract; Sentiment classification of Vietnamese online comments is the viald for the opinion analysis of Vietnamese
event . As Vietnamese is a low-resource language, the cross-lingual sentiment classification can be performed with
the help of Chinese annotated corpus to help the sentiment polarity prediction of Vietnamese. In this paper, a cross-
lingual sentiment classification model of Chinese and Vietnamese comments incorporating confrontational topic fea-
tures is proposed. The topic distributions of Chinese and Vietnamese are introduced into the model as external
knowledge, and a gate layer is used to encode representation from topic representations with semantic representa-
tions. The model is optimized to learn the representations with the smallest differences in language distributions
through the adversarial learning to finally complete the sentiment classification task. The experimental results show
that the proposed model can significantly improve marco F1 values compared with several baseline models.
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