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Neural Machine Translation with Latent Semantic of Image and Text
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Although attention-based Neural Machine Translation have achieved great success, attention-mechanism cannot
capture the entire meaning of the source sentence because the attention mechanism generates a target word de-
pending heavily on the relevant parts of the source sentence. The report of earlier studies has introduced a latent
variable to capture the entire meaning of sentence and achieved improvement on attention-based Neural Machine
Translation. We follow this approach and we believe that the capturing meaning of sentence benefits from image
information because human beings understand the meaning of language not only from textual information but
also from perceptual information such as that gained from vision. As described herein, we propose a neural ma-
chine translation model that introduces a continuous latent variable containing an underlying semantic extracted
from texts and images. Our model can be trained end-to-end. Experiments conducted with an English-German
translation task show that our model outperforms over the baseline.
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HY 2720, V—AXEEOERZILET 2 2 L TE TR
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BIEAHE L TRIcE& €T, Variational Neural Machine
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iRz fHi>Tw3 v ETeLFE—SLERE T Lo
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BEREIT) Y A7 T 5. < LFE—F VBRI [Elliott 15] I
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# 1. Multi30k % M\ 7o FEHIR, $Hill & ORI -
norm’ 87 XA =Y DRFTH S Z ERRT, CMU DRa7IE
[Huang 16] Z &ML 7.

METEOR 1 BLEU 1
val test val test
NMT 50.06 (53.01) 49.67 (53.72) 33.1 339
VNMT | 50.29 (53.09) 49.66 (53.57) 334 337
CMU - () 50.8 (54.1) - 35.1
N 50.50 (53.70) 50.44 (54.43) 34.5 34.6
Our Model 51.26 (54.93) 51.56 (55.60) | 35.1 35.1

*x2  https://github.com/nyu-dl/dl4mt-tutorial
%3 https://github.com/jhclark/multeval, MultEval D7 7 4 /L b
DFHIiFEETH % meteorl.4 T, meteorl.5 ZH VTV 3.
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