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Cross-Lingual Sentiment Classification Method Based on
Adversarial Long Short Term Memory Network

DANG Li, CHEN Duansheng, ZHANG Hongbo

(College of Computer Science and Technology., Huagiao University, Xiamen 361021, China)

Abstract: This paper proposes a cross-lingual sentiment classification method based on adversarial long short
term memory (ALSTM) network, which aims at the problem of text sentiment classification in the disparity of
emotionally annotated corpus in different languages, combined with deep learning and transfer learning. Bilin-
gual feature extraction networks and a shared feature extraction network are set up, and then the extracted fea-
tures are merged for classification. In the shared feature extraction network, a language classifier is set up. U-
sing the adversarial idea to optimize the model, and the final polarity of the text depends on the voting results.
Experiments show that cross-lingual sentiment classification can achieve higher accuracy by this method.
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Fig.1 Cross-lingual sentiment classification framework
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