Exploiting Monolingual Data at Scale for Neural Machine Translation
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* NMT consumes large amount of bilingual data. » The effectiveness of the source-side and target-side
However, bilingual data is limited while monolingual monolingual data under different data scales

» Target-side monolingual data [B,]: Back-Translation (BT)

. » Source-side monolingual data [Bg]: Forward-Translation (FT)
° Target-5|de monollngual data has been proven to » Data scales: 20M, 60M, 120M monolingual sentences

be effective through Back-Translation (BT) approach. « Observations: one-side usage is not effective
e Source-side monolingual data is not well studied. > Back—TransIation:.first Improve the perfor.mance, jchen drop quickly
Usina Forward-Translation onl (FT) ‘< not as » Forward-Translation: performance drop little by little
g. y 50{ —# newstestl6 -l newstest18 50{ —# newstestl6  —Jl- newstestl8
effective as expected. @ newstest17 @ newstest17

data Is unlimited.

 We propose an effective and simple strategy/pipeline g“’hﬁ 13’9\53?\!2 1 %45!5-“ Wie W W,
to leverage both of the source-side and target-side %“”' | %40-
monolingual data. ® 35 B 7T ST %

» We achteve SOTA results and make a comprehensive ks %0. o, 0805 8T 85—,
study on the effectiveness of source-side and target- : g
stde monolingual data with our approach.

(a) Different scales of 3; data. (b) Different scales of B; data.

 Stage-T: Bilingual model pretrain on bitext.
» Stage-2: BT and FT data generation with pretrained
bilingual model.
» Stage-3. Combine BT and FT data and Add Noise to
g N e | arge-scale g A source sentence; train on the large-scale noised data.
Bilingual Data . Clean _ AN AN
Pretraining Preparation qus.ed Tuning Randomly replace words to be <unk> B L B.s L Bt
Training — Randomly drop words
- / - / - - ~ — Randomly shuffle words
» Stage-4:. Resample BT and FT data, and train on the
clean resampled data. Rs| RS
BUBsUB:
* Overall Results * Comparison with SOTA systems
— WMT16,17,18,19 En<De — WMT16,17,18,19 En<De
Model (En—De) 2016 2017 2018
En—De De—En
Model 2016 2017 2018 2019 Ave 2016 2017 2018 2019 Ave FAIR (ensemble) 8.0 328 46.1
MS-Marian (ensemble)  39.6  31.9  48.3
/ 11 97 = q° / / ik :
WMTPEC 37.1 30,5 456 40.3 38.38 41.9 375 454 40.1 41.23 e —
+Noised Training 39.3 32.0 475 41.2 40.00 46.1 398 47.7 40.2 43.45 Model (De—En) 2016 2017 2018
+Clean Tuning 409 329 492 438 41.70 47.5 410 495 41.9 4498
UCAM (ensemble) 45.1 38.7 48.0
WMTEC+BT 287  31.8 46.0 398 39.08 45.8 398 47.2 38.6 42.90 RWTH (ensemble) 46.0 309 484
Ours (single) 47.5 41.0 49.5
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* Analysis Summary
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