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A New Approach to Phrase Segmentation
for Statistical Machine Translation
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Academy of Sciences, Beijing, 100039, China)

Abstract: Currently, Phrase-based Statistical Machine Translation is the state-of-the-art method in SMT
community. However, none of the phrase-based systems has the special module to deal with the phrase
segmentation, they consider all segmentations of a sentence with uniform distribution. In this paper, we
proposed a phrase segmentation method: Firstly, find the word strings occur more than once in Chinese corpus,
which are considered as Chinese phrases; Secondly, use the Shortest-Path method to do phrase segmentation,
and employ Viterbi algorithm to train iteratively to gain the phrase probability. We do experiments on 2005
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HTRDP (863) MT evaluation test set. Using the phrase segmentation model, the results (BLEU4) are: 0.1764
(writing) and 0.2231(dialog). Experiments show that the phrase segmentation model can help to improve

translation quality on long sentences. We get about 0.5 percentage point increase on writing.

key words: Statistical Machine Translation; Translation Model; Phrase Segmentation
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