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Neural Machine Translation Based on Attention Convolution
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Abstract The attention mechanism commonly used by the existing neural machine translation is based on the word level.
By creating multi-layer convolutional structure on the basis of attention mechanism, this paper improved attention mecha-
nism from word-based level to phrase-based level. After convolutional operation, the attention information can reflect
phrase structure more clearly and generate new context vectors. Then, the new context vectors are used to integrate into
the neural machine translation framework. Experimental results on large-scale Chinese-to-English tasks show that neu-

ral machine translation based on attention convolution can effectively capture the phrasal information in statements,en-

hance the context dependencies of translated words,optimize the context vectors and improve the translation quality.
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