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A multi-translation-based data augmentation method for
low-resource neural machine translation
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Abstract: Neural Machine Translation (NMT) is one of the mainstream technologies in the field of machine translation today, but
its translation performance depends largely on the size and quality of the dataset. In order to alleviate the problem of dataset scarcity,
this paper proposes a data augmentation method based on multi—translation neural machine translation. Firstly, the trained neural
machine translation model is used to translate multiple translations; Then, the multi—translation screening strategy is used to select
pseudo—monolingual data, and the target translation is generated using two strategies, which are finding the target text based on the
filtered translations and translating multiple translations using a reverse translation model. Finally, the generated pseudo data is mixed
with the original data to train an enhanced translation model. Experimental results show that the multi—translation data augmentation
method can effectively improve the translation performance of NMT model.
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Fig. 1 Pseudo-bilingual data generation (two strategies)
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Table 3  Experimental results of pseudo — bilingual generation
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Table 4  Experimental results of pseudo — bilingual generation
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Table 6 Comparison of experimental results with other data
enhancement methods
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