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[Abstract] The Chinese-Uyghur parallel corpus required for training/ChineseUyghur machine translation models
suffer from data §parsity. To,address the problem, this paper embeds the Chines¢ pre-trained language BERT model into a
Chinese-Uyghut neural machine translation model to improve the quality of translation. This research compares the
embedding effects of coding information of different Chinese BERT pre-trained models, explores the influence of the
coding information at different hidden layers of Chinese BERT on,Chinese-Uyghur neural machine translation, and on
this basis proposes a two-stage BERT fine-tuning strategy,By comparative experiments, this paper summarizes the best
method of applying the BERT model to the Chinese-Uyghur neural machine translation. The experimental results on the
Chinese-Uyghur public dataset show that the proposed model increases the BLEU value by 1.64, and significantly
improves the performance of the Chinese-Uyghur machine translation system.
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Fig.1 | Architecture of machine translation model based on BERT
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Table 1 Comparison of different BERT models
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Table 2 Experimental results of different:Chinese BERT models
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Table 3 Experimental results of different hidden layers of BERT
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