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Tab. 1 Examples of segmentation with different granularity
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Fig. 1 Deep separable convolutional neural network
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Fig. 2 Encoder of deep separable convolution based NMT
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Chinese-Vietnamese neural machine translation
based on deep separable convolution

XU Yu,LAI Hua" . YU Zhengtao, GAO Shengxiang, WEN Yonghua

(Yunnan Key Laboratory of Artificial Intelligence,College of Information Engineering and

Automation, Kunming University of Science and Technology, Kunming 650500, China)

Abstract ; In the Chinese-Vietnamese neural machine translation, the lack of Chinese-Vietnamese parallel corpus has created a serious
problem of sparse data, which greatly affects the translation performance of the model. In order to improve the performance of
Chinese-Vietnamese neural machine translation with sparse date, a deep separable convolution based Chinese-Vietnamese neural
machine translation method is proposed. First, according to the linguistic characteristics of Vietnamese, the method divides
Vietnamese into four different granularities: words, syllables, characters and subwords. Second, the neural machine translation model
is improved by using the depth separable convolution. By adding depth separable convolution in traditional neural networks, more
features can thus be extracted with convolution operation performed on sequence inputs of different granularities. Compared with the
traditional convolution, the improved method reduces the theoretical calculation amount. Finally, experimental results show that the
proposed method achieves considerably in four different translation granularities of Vietnamese, improving the neural machine

translation ability in Chinese-Vietnamese to a certain extent.

Keywords: Chinese-Vietnamese neural machine translation; sparse data; granularity; depth separable convolution



