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Fig. 1 Architecture of the Transformer

model (modified from reference[4])

Value Key Query

K2 ZkAEEIRE &Y A SCkl4D
Fig. 2 Multi-head self-attention

module (modified from reference[4])
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Fig. 3 Constructing synthetic corpus

using back-translation method
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Fig. 4 Incremental training method using pseudo-parallel corpus
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[7], B & #b, X} tb & 4t contrast-b BY T #2 AU ¥y % A

Ioh 0 T 6 7 1 ok BLEU5-SBPM" 0.3802  0.3804  0.3776  0.364 6
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Uyghur-to-Chinese neural machine translation

based on incremental training

YANG Zhengxin'?,LI Jingyu'?, HU Jiawei'"?, FENG Yang'?"

(1. Key Laboratory of Intelligent Information Processing, Institute of Computing Technology,

Chinese Academy of Science,Beijing 100190, China;2. School of Computer Science and

Technology, University of Chinese Academy of Science,Beijing 100049 ,China)

Abstract: At present, the neural machine translation based on deep learning has become the mainstream method in the field of

machine translation. The neural machine translation model requires a larger parameter size than the statistical machine translation

model does. Therefore, its translation quality depends on the sufficiency of the training data. Due to the serious lack of parallel

corpus resources related to Uyghur,the neural machine translation model performs poorly on Uyghur-to-Chinese translation tasks.

This paper proposes a method of incremental training of neural machine translation models using pseudo-corpus, which effectively

improves the quality of neural machine translation in Uyghur-to-Chinese translation tasks.

Keywords: natural language processing;neural machine translation; Uyghur



