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Fig. 1 The training process of denoising auto-encoder
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with dynamic data augmentation
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Tab. 2 Dataset statistics
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Tab. 3 Parameter setting
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Ullé}%ﬂ%‘;ﬁl/loﬁ 3.0 2.5

LI 3 I AE— B GTX 1080Ti W+ F Il
TEM Nk B2 A, SR Adam 835317 S 808 87
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Tab. 4 Comparison of BLEU values between static and dynamic data augmentation on NIST datasets %
2 I MR EE
E
NIST06 NIST02 NIST03 NIST04 NIST05 NIST08 SEHME
Transformer 45. 66 46. 89 46. 47. 29 46. 42 36. 21 44, 57
Transformer-+src-DA 45. 47 47,51 45, 47,43 45.72 35.92 44, 46
Transformer+tgt-SA 45.51 47. 40 46. 0¢ 47.51 46. 85 36. 31 44, 82
Transformer—+tgt-DA 46. 17 47.71 46. 48. 05 47.19 36. 84 45, 23
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Tab. 5 BLEU values of static and dynamic data

augmentation on WMT14 datasets %
B HERAE M4
Transformer 26.12 27.05
Transformer—+src-DA 25.96 27.22
Transformer—+tgt-SA 26. 11 26. 96
Transformer—+tgt-DA 26.19 27.74
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Tab. 6 BLEU values of dynamic data augmentation on RNNSearch %
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Tab. 7 Comparison of model parameters and training speed

i i B I
1% S 10° FF R 55k
Yifl  Transformer 61.4 1.0
Transformer 5 [7] 17 122. 8 2.0
Transformer—+tgt-DA 61.4 1.4
¥ Transformer 70 1.0
Transformer 5 [f1] Flli% 140 2.0
Transformer—+tgt-DA 70 1.4
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Tab. 8 Comparison of BLEU values between tgt-DA and tgt-GN %
‘ \ Wit
BT 55 EX) TFRAE
NIST02 NISTO03 NIST04 NISTO05 NISTO08 S
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e Transformer 45. 66 46. 89 46. 04 47. 29 46. 42 36. 21 44,57
Transformer+tgt-DA 46. 17 47.71 46. 38 48. 05 47.19 36. 84 45,23
Transformer+tgt-GN 45.42 47.43 46. 30 47.00 46. 15 36.09 44.59
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A simple dynamic data expansion method for
neural machine translation

LIU Zhidong, LI Junhui* , GONG Zhengxian

(School of Computer Science and Technology,Soochow University, Suzhou 215006, China)

Abstract: As a type of data expansion method for neural machine translation, back-translation has been widely used to train with
monolingual data. However, these methods often require large-scale source side or target side monolingual datasets, bilingual
dictionaries and so on. This paper proposes a simple data expansion method without introducing external resources. Each time the
target sentence is loaded, the words in the sentence are randomly noised according to a certain strategy to realize the target data
dynamic expansion of the original parallel data,so as to improve the expression ability of the target language model to the sentence.
Specifically, different from back-translation which requires huge amount of monolingual data, this method only use parallel corpuses.
This strategy means that we do not need to train an additional reverse model. Experimental results regarding English-German and
Chinese-English translation tasks show that our approach significantly improves the bilingual evaluation understudy (BLEU) values
of a standard Transformer system by 0. 69 and 0. 66 percentage points respectively.

Keywords: neural machine translation;data expansion; word masking



