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Neural machine translation demands huge data when training the translation
model, although its performance has been drastically improved by deep learning. However, simply
increasing training data does not assure that the trained model can fluently translate named
entities, properties, e.g., date of birth, or relations with other objects, e.g., affiliations,
since such knowledge will be updated almost every day. This work investigates a method to solve the
issue by integrating multilingual a knowledge graph into machine translation, which is knowledge
representation denoting attributes and relations of objects with partially multilingual annotation.
In this research, we proposed a machine translation model which integrates representations from
knowledge graph that is trained by subword unit, not word-wise unit. Experimental results on machine
translation tasks showed that named entities are translated correctly after our manual
investigations.
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Alec Guinness appeared in Star Wars...
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