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APPLICATION OF DEEP LEARNING IN STATISTICAL
MACHINE TRANSLATION DOMAIN ADAPTATION
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corpus often needs to be filtered according to target texts to realize domain adaption. The current adaptive
methods for statistical machine translation aim to the target texts and focus on the choice of training data
and the adjustment of translation models. These approaches have not accuracy and explicit domain label
for the texts or data. In this study, we aimed to obtain whole sentence semantic information based on our
lab’ s pre-research. The short text was modeled by Convolutional Neural Network (CNN), and a suitable
network structure was constructed for supervised learning. The training corpus was classified and selected
according to the domain information of the test corpus to obtain the part training data same domain as test
data. We applied this method to SMT system and test this study on the English abstracts of Wanfang data.
The results showed that only part of the training data goes beyond the original training data in BLEU score.
This indicated that the method is efficient and feasible.

Keywords: Statistical machine translation, training data selection, convolutional neural network, deep

learning
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