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Abstract: Neural machine translation (NMT), a new machine translation method based on sequence-to-sequence
learning, which uses neural network to complete the translation from the source language to the target language
directly, has surpasses statistical machine translation (SMT) in several language pairs gradually. The experiment
has been carried out on attention-based NMT for Tibetan-Chinese machine translation, and the transfer learning
was applied on the experiment too. Experimental results show that the transfer learning method proposed is simple
and effective, compared with the phrase-based SMT, gains of 3 BLEU scores. From the analysis of translations, it
can be seen that the translations of Tibetan-Chinese NMT are relatively fluent, the ability of long-distance ordering
is stronger, at the same time, and there are common shortcomings of NMT such as over translation, under
translation, low translation fidelity and so on.
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