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INTRODUCTION

U Problem

U Backtranslatedmonolingualdata
iImproves NMperformance [1]

U But itrequires building a reverse
NMT system which iexpensive.

U Oursolution:
U Combine bacikranslation with

bi-directional NMT.

U Inspired by multilinguaNMT
whichreduces deployment

complexity by packing multiple

language pairsto a single

model [2]
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Selectthe monolingual data using

crossentropy difference [3].

Backtranslateboth source and target
monolingual data by a single initial
bi-directional NMT model (Model).

Always place the real (monolingual)

data on the target side.

Finetune Model-1 on the augmented

2Amazon.cominc.

training data to get a stronger NMT
model Model-2).

Redecode the monolingual data and

fine-tune Model2 to get an even
strongerNMT model Model-3).

IN-DOMAIN EVALUATION (BLEU)

ID Training Data TL—EN EN—TL | SW—EN EN—SW | DE—SEN EN—DE
U-1 L1—12 31.99 31.28 32.60 39.98 29.51 23.01
U-2 | L1212+ L1*x—1L2 24.21 29.68 25.84 38.29 33.20 25.41
U-3 | L1—>L2 +L1—>L2% 22.13 27.14 24.89 36.53 30.89 23.72
U4 | L1212+ L1*—=L2+L1—L2% 23.38 29.31 25.33 37.46 33.01 25.05
L1=EN L2=TL L2=SW L2=DE
B-1 L1+12 32.72 31.66 33.59 39.12 28.84 22.45
B-2 | L1&L2 +L1x<1L2 32.90 32.33 33.70 39.68 29.17 24.45
B-3 L1+12 + L2+ L1 32.71 31.10 33.70 39.17 31.71 21.71
B-4 | L1I2+L1+xL2 +L2x 11 33.25 32.46 34.23 38.97 30.43 22.54
B-5 L1SI2 +L1x—1L2 4+ 1L2x—1L1 33.41 33.21 34.11 40.24 31.83 24.61
B-5% | L1IL2+L1*x—=L2 + L2x—=L1 33.79 32.97 34.15 40.61 31.94 24 .45
B-6*% | L1124+ L1*x—L2 +12x—L1 34.50 33.73 34.88 41.53 32.49 25.20

U Uni-directionalmodels U-x).

U Models trained on real target language datatperform using synthetitarget language
data U-2 vs.U-3,4).

U Brdirectionalmodels(B-x).

0

0

Combiningall synthetic parallel datandalwaysplacing theMT output onthe source side

achievebest overall performances(s).
Brdirectional models outperfornthe bestuni-directional models folow-resource(EN

TL/SW) language paif3-p vs.U-1).
Brdirectionalmodelsstruggle to match performance in thegh-resource (ENDE)

scenario(B-5vs.U-2).

Brdirectional models reduce the training time by-36% (B5 vs. U2).

U Finetuning and redecoding.

U Insteadof trainingfrom scratch (Bo), we can continue traininigaseline models &) on
augmented datand achieveeomparableranslation quality B-5*).

U Finetuning significantly reduces cost bp to 2640%computing time.

A Synthetic data (i.e. MT outpuid annotated byasterisks.

A Largest improvements within each zone are highlighted

U Redecodingthe samemonolingual dataising improved models {B) leads to even

strongermodels B-6*).

OUTFOFRDOMAIN EVALUATIJELEY

U Alongdistance domain adaptation task: News/BlogBible.
U Domain mismatchs demonstrated by thextremely lowBLEU scores of baseline

U Selecting monolingual data which is clogeBiblicallanguage.

News/Blogsystems (Al).

U After finetuning baselinenodels onraugmented parallel data () andre-decoding (A3),

we see BLEU scores increase .30%.

version tothe original.

APPROACH
real (size=n) synthetic size=k*n
TL | EN (size=k*n)
=N T > | TI<>ENModel-1 <\
decoding @ EN
* data selectio
gkl Et‘ + gkl* > | TI<>ENModel-2 TL
re-decoding Iy Oemaly
TL | EN 1 /
- Bl > | Tl<>ENModel-3 i
data pool
> Training Backtranslation (Decoding)
Bi-directional parallel training data:
TL | EN 1. Addinga language token (e.g. <2en>) to $wmurce.
EN  TL 2. Swapping the source and target sentences and appending the swapped

EXPERIMENTAL SETUP

U Training data:

Languagdrair

#Sentences Dataset

u |

EnglishTagalog EN TL
EnglishSwahili  EN SW
EnglishGerman EN DE

50,705 News/Blog
23,900 News/Blog
4,356,324WMT News

n-domain test data

U News/Blog for EN'L and ER6W

U News for ENDE

U Out-of-domalin test data
U Biblefor ENTL andENSW

BLEU

SIZE OF SYNTHETIC DATA

SW-EN

-=@~-=-TL2EN —@—EN-STL EN->SW

42.76

Size of synthetic data

U Using synthetic parallel data is always helpbult when the
size Is larger thabBn, addingmore contributes less (i.e.
reachingthe plateau)for our systems.

CONCLUSION

U We introduce a bdirectional NMT protocol to effectively
leverage monolingual data.

U Training andleployment costs areeduced significantly
compared to standardni-directional systems.

U It improves BLEU for lovesource languagesyen over
uni-directional systemsvith backtranslation.

U It is effectivan domain adaptation.
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