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Abstract: In English, words are case-sensitive. If the form of words is not standardized, it will reduce the
readability of the article, and even cause a fundamental change in semantics. The current machine translation
process is generally translated into lowercase English words, and then uses an independent case-recovery tool to
restore. This method is cumbersome and does not consider contextual information. Another solution, the words list
include uppercase and lowercase of words, but this approach expands the size of the words list and increases the
number of parameters in the translate model. This paper proposes a method for jointly predicting English words
and their case in neural machine translation. It predicts words and their case respectively in the same decoder, and
fuse the information of the source corpus and the target corpus when predicting capitalization. The method not
only decreases the size of the words list, reduces the parameters amount of the model, but also improves the
quality of translation. Compared to the baseline system in the WMT 2017 Chinese-English news translation task
test set , the proposed method improved 0.97 BLEU on case-insensitive, and improved 1.01 BLEU in
case-insensitive.
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