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Dictionary based data augmentation method for low-resource NMT
ZHANG Baoxing

(School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology,
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Abstract: Data augmentation is an effective approach to improve the performance of neural machine translation on low-resource
languages. The traditional back—translation method can effectively use the monolingual data of the target language to train the model,
but because the quality of the back—translation model is related to the size of the available parallel corpus,the quality of the pseudo—
parallel corpus generated in the low—resource scenarios is poor. Aiming at the aboved problems, this paper proposes the dictionary—
based low-resource neural machine translation data enhancement method. The method firstly extracts the dictionary from the parallel
corpus, and then selects the appropriate template sentence from the parallel corpus and the monolingual corpus of the target language
and replace the word(s) in the selected sentence to generate a pseudo—parallel corpus to assist the training of the neural machine
translation model. Experiments carried out on public datasets prove that the dataset augmented by the proposed method can improve
the baseline translation model by 3.71—6.42 in BLEU value.
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Fig. 1 Proposed model dealing with parallel corpus
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Fig. 2 Proposed model dealing with monolingual corpus
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Table 5 BLEU values of baseline NMT model on the datasets
augmented by mixed augmentation methods

S ZH en—de en—{r
1 w Parallel 9.34 9.65
1 w Parallel+1 w BT 14.55 14.86
1 w Parallel+1 w Copy 10.77 11.51
1 w Parallel+1 w BT+2 w WoW 11.14 11.53
1 w Parallel+1 w BT+1 w LDDA—para+ 12.51 13.04
1 w LDDA-mono
1 w Parallel+1 w Copy+2 w WoW 12.09 13.03
1 w Parallel+1 w Copy+1 w LDDA—para+ 13.49 14.96

1 w LDDA-mono

%5 7] UL, 1 w Parallel+1 w Copy+1 w LDDA-
para+1 w LDDA-mono [EHELL A 7E en—de Fl en—
fr 3X 2 AN EHFET ] b IRZp 2 pL s TR R R LA
Tty BLEU #6845, 5 1 w Parallel+1 w Copy+2 w
WoW FE L A A L, 76 2 AN BT M Y BLEU 15
Fr A SR TE T 1.59 A1 1.45, 51 Copy J5 358
B RENE IE— AL 4T LDDA J5 vk Al 38 i 20U
N Copy J5 44 HARTE = 03K 40y 44 SLAR AT T
S X ER AT BEAE LDDA 75 B I 1 ki)
R T8 AR 1), XA AR FE T 0P ECE HEAT T 1
R 5 LDDA J7 ik A 1e BAME,

4 LHERIE

AR T — R THIR G IR SR 2 LA B R e
(ARG 5% 77k LDDA  JFHEAT T T 2 3056, LS
WEZEARRIE F X R TE IR S 50 N % B0 1 5 1k
MR o S5 5 200 I B B 5 A L
BELR NMT B 1 2555 LDDA J5 e A7 5504 144 5
JE BRI TN, H BLEU (H55) 7 W35,
FyAN ARG T SEEHIER] T LDDA Al 5 Copy & [H]
PRI IARGS G D P REER NMT BE7Y 1Y) B 1AL
He o TERR TAE o] 2230 7E 5 400k L B 16 37
T, 50 1E LDDA $da3 5y vk a] FHPE
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