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Neural Machine Translation Inclined to Close Neighbor Association

WANG Kun DUAN Xiang-yu

(School of Computer Science &. Technology,Soochow University, Suzhou,Jiangsu 215006, China)
Abstract The existing neural machine translation model only considers the relevance of the target end corresponding to
the source end when modeling the sequences,and does not model the source end association and the target end associa-
tion. In this paper,the source and target associations were modeled separately,and a reasonable loss function was de-
signed. The source-hidden layer is more related to its neighboring K word-hidden layers. The target-side hidden layer is
more related to its historical M word-hidden layers. The experimental results on the large-scale Chinese-English dataset
show that compared with the neural machine translation which only considers the relevance of the target end to the

source, the proposed method can construct a better neighbor correlation representation and improve the translation qua-

lity of the machine translation system.
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Illustration of model inclined to source and target networks
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Table 1 Comparision between different K and M
A% NIST02 NIST03 NIST04 NIST05 NIST08 AVG
Lamtram, 37.42 35.46 38.32 35.71 26.03 34.59 -

+A4, (K=1) 38.77 36.27 38.88 36.45 26.75 35.42 +0.83
+A, (K=2) 38.74 36.49 38.95 36.10 27.09 35.47 +0.88
+A, (K=3) 3841 36.57 38.90 36.45 26.75 35.42 —+0.83

+4,, (M=1) 37.94 37.00 38.54 36.27 27.38 35.43 +0.84
+4,,(M=2) 37.83 36.08 38.62 36.03 26.18 34.95 +0.36
+4,,(M=3) 38.53 36.01 38.63  36.06  26.38 35.17 +0.58
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Table 2 Chinese-English results

%% NIST02 NIST03 NIST04 NISTO5 NIST08 AVG
Lamtram, 37.42 35.46  38.32 35.71  26.03 34.59 —

+4,, 38.74  36.49  38.95 36.10  27.09 35.47 -+0.88

kA, 37.94 37.00 38.54 36.27 27.38 35.43 +0.84

+A,.F4,, 3872 37.04 39.08 37.40 27.72 35.99 +1.40
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+4,, 39.11  37.09  39.81 37.70 27.77 36.30 -+0.65
A, 39.25 37.47 39.65 37.50  27.55 36.28 -0.63

+4,.+4,, 39.97 37.60 40.39 38.21 28.15 36.86 +1.21
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Table 3 Training time

LR R B 18]/

Baseline +0
+sre +1.0
+trg +0.7
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Table 4 Averaged 1-gram BLEU scores on test sets

LR % —Jt BLEU &
Baseline 73.84
+sre 73.88
+trg 74.68
+srettrg 75.42
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with respect to lengths of sentences
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Table 5 Growth of BLEU with respect to lengths of sentences
base T4, F4,, +4,+4,,
(0.10] - +1.53 +2.15 +1.53
(10.20] +0.41 +0.31 +0.80
(20,30] - +0.48 +0.69 +1.54
(30,40] - +0.88 +0.55 +1.16
(40,50] - +0.48 +40.34 +0.80
(50+) — +0.99 +0.96 +1.71
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