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Abstract: The neural machine translation based on deep learning
significantly surpasses the traditional statistical machine translation
in many languages, and becomes the current mainstream machine
translation technology. This paper compares six influential neural
machine translation methods from the level of word granularity in the task
of Uyghur-Chinese machine translation. These methods are attention
mechanism (GroundHog), vocabulary expansion (L V-groundhog),
source language and target language with subword units (subword-nmt) ,
characters and words mixed (nmt. hybrid), subword units and
characters (dl4dmt-cdec) , and complete characters (dl4mt-c2¢). The

experimental results show that Uyghur-Chinese neural machine

translation performs best when the source language is segmented into
subword units and the target language is represented by characters
(dl4mt-cdec). This paper is the first to use neural machine
translation for Uyghur-Chinese machine translation and the first to
compare different neural machine translation methods on the same
corpus. This work is an important reference not only for
Uyghur-Chinese machine translation, but also for general neural

machine translation tasks.
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