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Abstract: Statistical machine translation (SMT) is often faced with the problem of different domains between
the training data set and test data set,which affecting the performance of translation,therefore domain adaptation
has been a subject of concern.In this paper,we constructed the domain adaptation research framework-the
traditional adaptive methods and the existing machine learning methods,and introduced the research progress in
recent years.We analyzed the advantages and disadvantages of each method and made a prospect for the future

research.
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