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Abstract: In recent years neural machine translation based on deep learning has become the mainstream method in
machine translation. The neural machine translation model relies more on large—scale annotation data than the statis—
tical machine translation model so its translation quality will be significantly reduced when the training corpus is
scarce or the domain is inconsistent. In Tibetan-Chinese translation the training corpus is mostly in the government
literature domain and the data is scarce. In speech translation the training corpus is mostly in the written language
domain and the noise corpus is scarce. In order to improve the performance of the neural machine translation model
on these two tasks this report proposes a noise data enhancement method and two general domain adaptive methods
and verifies their effectiveness.

Key words: neural machine translation; Tibetan-Chinese translation; speech translation



