
Low Resource Machine Translation

MarcÕAurelio Ranzato
Facebook AI Research - NYC

ranzato@fb.com  

Stanford - CS224N, 10 March 2020

mailto:ranzato@fb.com


Machine Translation

2

English French

Training data

NMT SystemTrain NMT

Test NMT NMT Systemlife is beautiful la vie est belle

Ingredients:  
¥ seq2seq with attention 
¥ SGD

Ingredient:  
¥ beam
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¥ 6000+ languages in the world 
¥ 80% of the world population 

does not speak English 
¥ Less than 5% of the people in 

the world are native English 
speakers.

Some Stats



https://www.statista.com/statistics/266808/the-most-spoken-languages-worldwide/source:

The Long Tail of Languages

The top 10 languages are spoken by less than 50% of the people. 
The remaining ~6500 are spoken by the rest! 
More than 2000 languages are spoken by less than 1000 people.

https://www.statista.com/statistics/266808/the-most-spoken-languages-worldwide/


https://ai.googleblog.com/2019/10/exploring-massively-multilingual.htmlsource:

(X to English)

https://ai.googleblog.com/2019/10/exploring-massively-multilingual.html


Machine Translation in Practice
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English Nepali

Training data
25M people
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English Nepali

Training data

Parallel training data (collection of sentences with corresponding translation) is small!

25M people

Machine Translation in Practice
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English Nepali

Training data

LetÕs represent data with rectangles. The color indicates the language.

Machine Translation in Practice



English Nepali

¥ Some parallel data originates in the source, some in the target language. 
¥ Source and target domains may not match.

D
om

ai
n

Bible

Parliamentary

LetÕs represent (human) translations with empty rectangles.

sentences originating 
in English

corresponding Nepali 
translations

sentences originating 
in Nepali

corresponding 
English translations

Machine Translation in Practice



English Nepali

¥ Test data might be in another domain. 
¥ There might exist source side in-domain monolingual data.

D
om

ai
n

mono

mono

News

Bible

Parliamentary

TEST

mono

Machine Translation in Practice



English Nepali

¥ There might be parallel and monolingual data with a high resource language close to the low 
resource language of interest. This data may belong to a different domain.

D
om

ai
n

mono

Hindi

monoBooks

mono

TEST

mono

Machine Translation in Practice

News

Bible

Parliamentary



English Nepali
D

om
ai

n
Hindi

TEST

Sinhala Bengali Spanish Tamil Gujarati

É

Éthe Mondrian like learning setting!
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Low Resource Machine Translation
Loose deÞnition: A language pair can be considered low resource  when the 
number of parallel sentences is in the order of 10,000 or less. 
Note: modern NMT systems have several hundred million parameters 
nowadays! 

Challenges: 
- data 

- sourcing data to train on 
- evaluation datasets 

- modeling 
- unclear learning paradigm 
- domain adaptation 
- generalization



Why Low Resource MT Is Interesting?

¥ It is about learning with less labeled data. 

¥ It is about modeling structured outputs and 
compositional learning. 

¥ It is a real problem to solve.
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Outline
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MODELDATA

ANALYSIS

life of a  
researcher

ÒThe FLoRes evaluation for low 
resource MT:ÉÓ Guzm‡n, Chen et al. 
ÕEMNLP 2019

ÒPhrase-based & Neural Unsup MTÓ 
Lample et al. EMNLP 2018  

ÒFBAI WATÕ19 My-En translation task 
submissionÓ Chen et al., WAT@EMNLP 2019 

ÒInvestigating Multilingual NMT 
Representations at ScaleÓ Kudugunta et al., 
EMNLP 2019 

ÒMultilingual Denoising Pre-training for NMTÓ 
Liu et al., arXiv 2001:08210 2020 

ÒAnalyzing uncertainty in NMTÓ 
Ott et al. ICML 2018  

ÒOn the evaluation of MT systems trained with 
back-translationÓ Edunov et al.  ACL 2020 

ÒThe source-target domain mismatch problem 
in MTÓ Shen et al.  arXiv 1909.13151 2019



16 http://opus.nlpl.eu/

A Big ÒSmall-DataÓ Challenge

http://opus.nlpl.eu/


English Nepali
D

om
ai

n

Wikipedia

Bible, JW300, etc.

GNOME, Ubuntu, etc.

mono

TEST

mono

Common Crawl
mono

mono

In-domain data: no parallel, little monolingual. 
Out-of-domain: little parallel, quite a bit monolingual 
No translation originating from Nepali.

Case Study: En-Ne



A Case Study: En-Ne

¥ Parallel Training data: versions of bible and ubuntu handbook (<1M 
sentences). 

¥ Nepali Monolingual data: wikipedia (90K), common crawl (few millions). 

¥ English Monolingual data: unlimited almost. 

¥ Test data: ??? 

18



FLoRes Evaluation Benchmark
¥ Validation, test and hidden test set, each with 3000 sentences in 

English-Nepali and English-Sinhala.  

¥ Sentences taken from Wikipedia documents.

¥ Very expensive and slow. 

¥ Very hard to produce high-quality translations: 
¥ automatic checks (language model Þltering, transliteration Þltering, length Þltering, 

language id Þltering, etc), 

¥ human assessment.

Data Collection Process:

Guzmˆn, Chen et al. ÒThe FLoRes evaluation datasets for low resource MTÉÓ EMNLP 2019



Examples
Si-En

En-Si

original

translation

Guzmˆn, Chen et al. ÒThe FLoRes evaluation datasets for low resource MTÉÓ EMNLP 2019

Wikipedia originating in Si has different
topics than Wikipedia originating in En



Examples
Ne-En

En-Ne

Guzmˆn, Chen et al. ÒThe FLoRes evaluation datasets for low resource MTÉÓ EMNLP 2019



¥ Useful to evaluate truly low resource language pairs. 

¥ WMT 2019 and WMT 2020 shared Þltering task. 

¥ Several publications. 

¥ Sustained effort, more to comeÉ
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https://github.com/facebookresearch/ßores

data & baseline models

https://github.com/facebookresearch/flores


What Did We Learn?

¥ Data is often as or more important than designing a model.  

¥ Collecting data is not trivial. 

¥ Look at the data!!

23



Outline
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MODELDATA

ANALYSIS

life of a  
researcher

ÒThe FLoRes evaluation for low 
resource MT:ÉÓ Guzm‡n, Chen et al. 
ÕEMNLP 2019

ÒPhrase-based & Neural Unsup MTÓ 
Lample et al. EMNLP 2018  

ÒFBAI WATÕ19 My-En translation task 
submissionÓ Chen et al., WAT@EMNLP 2019 

ÒMassively Multilingual NMTÓ Aharoni et 
al.,ACL 2019 

ÒMultilingual Denoising Pre-training for NMTÓ 
Liu et al., arXiv 2001:08210 2020 

ÒAnalyzing uncertainty in NMTÓ 
Ott et al. ICML 2018  

ÒOn the evaluation of MT systems trained with 
back-translationÓ Edunov et al.  ACL 2020 

ÒThe source-target domain mismatch problem 
in MTÓ Shen et al.  arXiv 1909.13151 2019



English Nepali
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om
ai

n
Hindi

TEST

Sinhala Bengali Spanish Tamil Gujarati

É

É



ML Perspective: Supervised Learning

If N is small, how can we further regularize the model? 
- dropout [1] 
- label smoothing [2]

Learning Framework:  Supervised Learning.

Encoder

en ne

Training Dataset

D = { (x, y)i } i =1 ,..,N
<latexit sha1_base64="KpnY63s6K47gGjqoo/CKclue32o="></latexit>

L (! ) = ! logp(y|x)
<latexit sha1_base64="5sjE0mn5xSjyfKofXXGLV97RWgQ="></latexit>

Per-sample loss:

English Nepali
TEST

TRAIN //

x
<latexit sha1_base64="iWIFvj4hQ56IJLkVNOFByT95Uok="></latexit>

Cross-Entropy
Loss

y
<latexit sha1_base64="0flskoD0eLhdjGE1HTyI8J9TWSE="></latexit>

human translator

human reference

predictioninput sentence
Decoder

NMT system

DATA

[1] Srivastava et al. ÒDropout: a simple way to prevent neural networks from overÞttingÓ JMLR  2014

[2] Szegedy et al. ÒRethinking the inception architecture for computer visionÓ CVPR  2016

usual attention-based transformer



ML Perspective: Semi-Supervised Learning

Adding source-side monolingual data. 
Idea: model p(x).

Training Dataset Learning Framework:  DAE

D = { (x, y)i } i =1 ,..,N
<latexit sha1_base64="KpnY63s6K47gGjqoo/CKclue32o="></latexit> Either pre-train or add a DAE loss to the 

supervised cross-entropy term.M s = { xs
j } j =1 ,..,M s

<latexit sha1_base64="Wuso7jnamC5w7EBqWeo2cvUsqLM="></latexit>

Noise: word drop, swap, etc.

L DAE (! ) = ! logp(x|x + n)
<latexit sha1_base64="BBVELMu8ESha+ppzsI/mZ3d7HZo="></latexit>

enEnglish Nepali
TEST

TRAIN //

Cross-Entropy
Losspredictioninput sentence

mono

+

n
<latexit sha1_base64="EpqUFrDe+QYGhdFpOA+JzvOejPY="></latexit>

en
Encoder Decoder

NMT system

xs ! M s
<latexit sha1_base64="+D2rKjCVJUv9t1Da29dPHSAUntk="></latexit>

DATA

Vincent et al. ÒStacked denoising auto-encoders:ÉÓ  JMLR 2010 
Liu et al. ÒMultilingual denoising pretraining for NMTÓ arXiv:2001.08210 2020

E.g.: The cat the on sat mat.
The cat sat on the.

no noise noise only

good region



Adding source-side monolingual data. 
An alternative approach to DAE.

Training Dataset Learning Framework:  Self-Training (ST).

D = { (x, y)i } i =1 ,..,N
<latexit sha1_base64="KpnY63s6K47gGjqoo/CKclue32o="></latexit> ALGORITHM 

¥ train model            on 
¥ repeat 

¥ decode                to     and create additional 
dataset 

¥ retrain model on: 

p(y|x)
<latexit sha1_base64="0bhALflm3VcKbOBXhaYvsf98m/8="></latexit>

D
<latexit sha1_base64="bApTgAzl7lzR9QdmUSctCLbuIdA="></latexit>

xs ! M s
<latexit sha1_base64="+D2rKjCVJUv9t1Da29dPHSAUntk="></latexit>

M s = { xs
j } j =1 ,..,M s

<latexit sha1_base64="Wuso7jnamC5w7EBqWeo2cvUsqLM="></latexit>

A s = { (xs
j , øyj )} j =1 ,..,M s

<latexit sha1_base64="WViJMaNEUbzC6NMXxyJtKcfS2lg="></latexit>

D ! A s
<latexit sha1_base64="LzJmmXdcvEVdwpwvmNy9sV6dCi8="></latexit>

øy
<latexit sha1_base64="tLy1OgwMuQcWRRWcjddx94KCJ6o="></latexit>

Key elements: decoding and training noise.

L ST (! ) = ! logp(øy|x + n)
<latexit sha1_base64="F3K+2TxkBw65jeBJbH/60t8pRlA="></latexit>

enEnglish Nepali
TEST

TRAIN //

Cross-Entropy
Losspredictioninput sentence

mono

+

n
<latexit sha1_base64="EpqUFrDe+QYGhdFpOA+JzvOejPY="></latexit>

ne
Encoder Decoder

NMT system

Encoder Decoder
øy

<latexit sha1_base64="dqcAHIDoQn8vOgakMoO2ou+kvGw="></latexit>

decoded output

xs ! M s
<latexit sha1_base64="+D2rKjCVJUv9t1Da29dPHSAUntk="></latexit>

DATA

He et al. ÒRevisiting self-training for neural sequence generationÓ ICLR 2020

ML Perspective: Semi-Supervised Learning

L(! ) = Lsup(! ) + " LST(! )
<latexit sha1_base64="LB2Wg9oUku21WD7fdgfkmjlUEFI="></latexit>



Adding target-side monolingual data. 
Two beneÞts: 
a) Decoder learns a good language model. 
b) Better generalization via data augmentation. 
c) Unlike ST, target is correct but input is not.

Training Dataset Learning Framework:  Back-Translation (BT).

D = { (x, y)i } i =1 ,..,N
<latexit sha1_base64="KpnY63s6K47gGjqoo/CKclue32o="></latexit>

ALGORITHM 
¥ train model           and          on 
¥ decode                to     with         , create 

additional dataset 
¥ retrain model          on:  

D
<latexit sha1_base64="bApTgAzl7lzR9QdmUSctCLbuIdA="></latexit>

ML Perspective: Semi-Supervised Learning

English Nepali
TEST

TRAIN //

mono

M t = { yt
k } k=1 ,..,M t

<latexit sha1_base64="WPPS0Z7qvI346bxZ6Qp8zIQogqY="></latexit>

p(x|y)
<latexit sha1_base64="CyQwSgLN0ehm4cfS61mfQujnag8="></latexit>

yt ! M t
<latexit sha1_base64="oC/1YnfKTpkRP2NJh0qgsiTvklU="></latexit>

øx
<latexit sha1_base64="jDLmMVPu3t12MXHk9cCHPRMrYik="></latexit>

D ! A t
<latexit sha1_base64="9r4+5t8z/Eutjwqsqwo6D2I5ofs="></latexit>

p(y|x)
<latexit sha1_base64="dBHzK3A8/hcNmG8nE+hfv1ikGd4="></latexit>

p(y|x)
<latexit sha1_base64="dBHzK3A8/hcNmG8nE+hfv1ikGd4="></latexit>

p(x|y)
<latexit sha1_base64="CyQwSgLN0ehm4cfS61mfQujnag8="></latexit>

Encoder

en ne
Cross-Entropy

Losspredictioninput sentence
Decoder

NMT system

øx
<latexit sha1_base64="jDLmMVPu3t12MXHk9cCHPRMrYik="></latexit>Encoder Decoder

ne
yt ! M t

<latexit sha1_base64="oC/1YnfKTpkRP2NJh0qgsiTvklU="></latexit>

backward NMT system

p(x|y)
<latexit sha1_base64="CyQwSgLN0ehm4cfS61mfQujnag8="></latexit>

p(y|x)
<latexit sha1_base64="dBHzK3A8/hcNmG8nE+hfv1ikGd4="></latexit>

L BT (! ) = ! logp(y|øx)
<latexit sha1_base64="QFoLzUqdj7aJb5peYo68MenzgH0="></latexit>

DATA

Sennrich et al. ÒImproving NMT models with monolingual dataÓ  ACL 2016

A t = { (øxk , yt
k )} k=1 ,..,M t

<latexit sha1_base64="fgtcm855BUPx8R0Y2MIqfz4NPuA="></latexit>

L (! ) = Lsup(! ) + " LBT (! )
<latexit sha1_base64="P8VXi2JP7nzKZMIQIatLsVBxvsM="></latexit>



ALGORITHM 
¥ train model           and          on 
¥ repeat 

¥ decode                to     with         , create 
additional dataset 

¥ decode                to     with         , create 
additional dataset 

¥ retrain both          and          on:  

D
<latexit sha1_base64="bApTgAzl7lzR9QdmUSctCLbuIdA="></latexit>

ML Perspective: Semi-Supervised Learning

English Nepali
TEST

TRAIN //

mono

p(x|y)
<latexit sha1_base64="CyQwSgLN0ehm4cfS61mfQujnag8="></latexit>

yt ! M t
<latexit sha1_base64="oC/1YnfKTpkRP2NJh0qgsiTvklU="></latexit>

øx
<latexit sha1_base64="jDLmMVPu3t12MXHk9cCHPRMrYik="></latexit>

p(y|x)
<latexit sha1_base64="dBHzK3A8/hcNmG8nE+hfv1ikGd4="></latexit>

p(y|x)
<latexit sha1_base64="dBHzK3A8/hcNmG8nE+hfv1ikGd4="></latexit>

p(x|y)
<latexit sha1_base64="CyQwSgLN0ehm4cfS61mfQujnag8="></latexit>

mono

Adding both source & target-side  
monolingual data. 

Training Dataset

D = { (x, y)i } i =1 ,..,N
<latexit sha1_base64="KpnY63s6K47gGjqoo/CKclue32o="></latexit>

M t = { yt
k } k=1 ,..,M t

<latexit sha1_base64="WPPS0Z7qvI346bxZ6Qp8zIQogqY="></latexit>

M s = { xs
j } j =1 ,..,M s

<latexit sha1_base64="Wuso7jnamC5w7EBqWeo2cvUsqLM="></latexit>

Learning Framework:  Iterative ST & BT.

øy
<latexit sha1_base64="tLy1OgwMuQcWRRWcjddx94KCJ6o="></latexit>

xs ! M s
<latexit sha1_base64="+D2rKjCVJUv9t1Da29dPHSAUntk="></latexit>

p(y|x)
<latexit sha1_base64="dBHzK3A8/hcNmG8nE+hfv1ikGd4="></latexit>

A s = { (xs
j , øyj )} j =1 ,..,M s

<latexit sha1_base64="WViJMaNEUbzC6NMXxyJtKcfS2lg="></latexit>

p(x|y)
<latexit sha1_base64="CyQwSgLN0ehm4cfS61mfQujnag8="></latexit>

D ! A t ! A s
<latexit sha1_base64="e0NAylEw1ooQi7AHFM3rtuBW9V4="></latexit>

L total (! ) = ! logp(y|x) ! " 1 logp(yt |øxt ) ! " 2 logp(øys|xs)
<latexit sha1_base64="yVeodM+YYA8v80/XuviO5lyyFlo="></latexit>

mono

mono

English Nepali

decoded with:

decoded with:

p(x|y)
<latexit sha1_base64="CyQwSgLN0ehm4cfS61mfQujnag8="></latexit>

p(y|x)
<latexit sha1_base64="dBHzK3A8/hcNmG8nE+hfv1ikGd4="></latexit>

ph
as

e 
1

ph
as

e 
1

ph
as

e 
2

ph
as

e 
2

TRAIN //

mono

mono

generate train models

DATA
English Nepali

Shen et al. ÒThe source-target domain mismatch problem in MTÓ  arXiv:1909.13151 2019 
Chen et al. ÒFBAI WATÕ19 Myanmar-English translation task submissionÓ WAT@EMNLP 2019

A t = { (øxk , yt
k )} k=1 ,..,M t

<latexit sha1_base64="fgtcm855BUPx8R0Y2MIqfz4NPuA="></latexit>



ML Perspective: Multi-Task/Multi-Modal
English Nepali

TEST

TRAIN //

Adding parallel data in other languages. 

Training Dataset
Learning Framework:  Multilingual Training

DATA

TRAIN //

TRAIN //

Hindi
Encoder

Src Tgt
Cross-Entropy

Loss

y
<latexit sha1_base64="0flskoD0eLhdjGE1HTyI8J9TWSE="></latexit>

human translator

human reference

predictioninput sentence 
with target language ID

Decoder

NMT system

(x, LID )
<latexit sha1_base64="HmWqM9tiKnFxrNajg0yfX6wBGuo="></latexit>

L (! ) = !
!

s,t

E(x,y ) ! D s,t [logp(y|x; t)]
<latexit sha1_base64="2m27Zees8z1jOYapGr5U+EniNnU="></latexit>

Share the same encoder and the same decoder 
with all the language pairs. 
Prepend a target language identiÞer to the source 
sentence to inform decoder of desired language. 
Concatenate all the datasets together. 
Train using standard cross-entropy loss. 

TRAIN //

Den,ne! Den,hi ! Dhi,en ! Dne,hi
<latexit sha1_base64="tUwh6HHQXAg003JxSttpQv2fWQE="></latexit>

Johnson et al. ÒGoogleÕs multilingual NMT systemÉÓ ACL 2017 
Aharoni et al. ÒMassively multilingual NMTÓ ACL 2019



Conclusion so farÉ
¥ Assuming no domain effect, there are lots of training paradigms 

depending on the available data. 

¥ It is hard to predict what works best. 

¥ In general, DAE pretraining, (iterative) BT and multi-lingual 
training perform strongly on low resource languages. 

¥ All these methods can be combined together, but it requires 
some level of craftsmanshipÉ 

¥ Final touch: ensembling, Þne-tuning, distillation, etc.

32

amount of data

domain

language pair



Open Challenges

¥ Diversity of domains and varying translation quality. 

¥ Wildly varying dataset sizes. 

¥ Diversity of language pairs. 

¥ Training large models to handle large datasets, as soon as we 
put together lots of language pairs and monolingual data.

33



Case Study #1: Unsupervised MT
English French

TEST

monomono

DATA

M t = { yt
k } k=1 ,..,M t

<latexit sha1_base64="WPPS0Z7qvI346bxZ6Qp8zIQogqY="></latexit>

M s = { xs
j } j =1 ,..,M s

<latexit sha1_base64="Wuso7jnamC5w7EBqWeo2cvUsqLM="></latexit>

en
øx

<latexit sha1_base64="jDLmMVPu3t12MXHk9cCHPRMrYik="></latexit>Encoder Decoder

fr
yt ! M t

<latexit sha1_base64="oC/1YnfKTpkRP2NJh0qgsiTvklU="></latexit>

p(x|y)
<latexit sha1_base64="CyQwSgLN0ehm4cfS61mfQujnag8="></latexit>

Lample et al. ÒPhrase-based and neural  unsupervised MTÓ EMNLP 2018 
Artetxe et al. ÒAn effective approach to unsupervised MTÓ ACL 2019



Case Study #1: Unsupervised MT

35

English French
TEST

monomono

DATA

M t = { yt
k } k=1 ,..,M t

<latexit sha1_base64="WPPS0Z7qvI346bxZ6Qp8zIQogqY="></latexit>

M s = { xs
j } j =1 ,..,M s

<latexit sha1_base64="Wuso7jnamC5w7EBqWeo2cvUsqLM="></latexit>

Encoder

en fr
Cross-Entropy

Losspredictioninput sentence
Decoder

NMT system

øx
<latexit sha1_base64="jDLmMVPu3t12MXHk9cCHPRMrYik="></latexit>Encoder Decoder

fr
yt ! M t

<latexit sha1_base64="oC/1YnfKTpkRP2NJh0qgsiTvklU="></latexit>

backward NMT system

p(x|y)
<latexit sha1_base64="CyQwSgLN0ehm4cfS61mfQujnag8="></latexit>

p(y|x)
<latexit sha1_base64="dBHzK3A8/hcNmG8nE+hfv1ikGd4="></latexit>

Éand vice versa starting from English.

This is an example of auto-encoding or cycle consistency.

Problem: lack of constrained on øx
<latexit sha1_base64="jDLmMVPu3t12MXHk9cCHPRMrYik="></latexit>



Case Study #1: Unsupervised MT
English French

TEST

monomono

DATA

M t = { yt
k } k=1 ,..,M t

<latexit sha1_base64="WPPS0Z7qvI346bxZ6Qp8zIQogqY="></latexit>

M s = { xs
j } j =1 ,..,M s

<latexit sha1_base64="Wuso7jnamC5w7EBqWeo2cvUsqLM="></latexit>

Encoder

en fr
Cross-Entropy

Losspredictioninput sentence
Decoder

NMT system

øx
<latexit sha1_base64="jDLmMVPu3t12MXHk9cCHPRMrYik="></latexit>Encoder Decoder

fr
yt ! M t

<latexit sha1_base64="oC/1YnfKTpkRP2NJh0qgsiTvklU="></latexit>

backward NMT system

p(x|y)
<latexit sha1_base64="CyQwSgLN0ehm4cfS61mfQujnag8="></latexit>

p(y|x)
<latexit sha1_base64="dBHzK3A8/hcNmG8nE+hfv1ikGd4="></latexit>

Problem: lack of modularity. 
Decoder may behave differently when 
fed with representations from French 

encoder VS English encoder.

en
Cross-Entropy

Losspredictioninput sentence
+

en
Encoder Decoder

xs ! M s
<latexit sha1_base64="+D2rKjCVJUv9t1Da29dPHSAUntk="></latexit>

DAE makes sure decoder outputs 
ßuently in the desired language.

n
<latexit sha1_base64="EpqUFrDe+QYGhdFpOA+JzvOejPY="></latexit> NMT system

Lample et al. ÒPhrase-based and neural  unsupervised MTÓ EMNLP 2018 
Artetxe et al. ÒAn effective approach to unsupervised MTÓ ACL 2019



Case Study #1: Unsupervised MT
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English French
TEST

monomono

DATA

M t = { yt
k } k=1 ,..,M t

<latexit sha1_base64="WPPS0Z7qvI346bxZ6Qp8zIQogqY="></latexit>

M s = { xs
j } j =1 ,..,M s

<latexit sha1_base64="Wuso7jnamC5w7EBqWeo2cvUsqLM="></latexit>

Encoder

en fr
Cross-Entropy

Losspredictioninput sentence
Decoder

NMT system

øx
<latexit sha1_base64="jDLmMVPu3t12MXHk9cCHPRMrYik="></latexit>Encoder Decoder

fr
yt ! M t

<latexit sha1_base64="oC/1YnfKTpkRP2NJh0qgsiTvklU="></latexit>

backward NMT system

p(x|y)
<latexit sha1_base64="CyQwSgLN0ehm4cfS61mfQujnag8="></latexit>

p(y|x)
<latexit sha1_base64="dBHzK3A8/hcNmG8nE+hfv1ikGd4="></latexit>
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Like in multilingual NMT, share encoder and decoder 
parameters. Encoder is encouraged to produce 

shared representations (particularly if pre-trained).
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Same ideas can be applied to phrase-
based statistical MT systems (PBSMT). 
NMT and PBSMT can be combined for 

even better results.

WMTÕ14 En-Fr

Lample et al. ÒPhrase-based and neural  unsupervised MTÓ EMNLP 2018

Since unsupMT was trained on about 10M 
sentences, each parallel sentence is worth 
100 monolingual sentences (for this dataset 

and language pair).



Case Study #2: FLoRes Ne-En
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In-domain 
(Wikipedia) Out-of-domain

Parallel None

500K sentences 
(Bible, GNOME/Ubuntu, 

OpenSubtitle, É) 

*Hindi: 1.5M

Monolingual 100K sentences
~5M sentences 

(CommonCrawl) 

*Hindi: 45M



Results on FLoRes: Ne-En
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Results on FLoRes: Ne-En



43

Results on FLoRes: Ne-En
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Results on FLoRes: Ne-En



Case-Study #3: English-Burmese



Workshop on Asian Translation 2019: 
English-Burmese

In-domain (News) Out-of-domain

Parallel 20K sentences 200K sentences

Monolingual ~79M sentences 
(En only)

~23M sentences 
(My only)

ÒFBAI WATÕ19 My-En translation task submissionÓ Chen et al., WAT@EMNLP 2019 



Results: Iterative ST+BT

My Ñ> En En Ñ> My

B
LE

U

26

29

32

35

38

Parallel Iter. 1 Iter. 2 Iter. 3

B
LE

U

35

36.5

38

39.5

41

Parallel Iter. 1 Iter. 2 Iter. 3

ÒFBAI WATÕ19 My-En translation task submissionÓ Chen et al., WAT@EMNLP 2019 



Results: BT vs ST vs BT+ST

My Ñ> En, iter. 2

B
LE

U

30

31.25

32.5

33.75

35

iter. 1 iter. 2 BT iter. 2 ST iter. 2 BT+ST

ÒFBAI WATÕ19 My-En translation task submissionÓ Chen et al., WAT@EMNLP 2019 



Final Results of 2019 Competition

B
LE

U

24

28

32

36

40

Ours NICT NICT-NMT UCSMNLP

En Ñ> My

B
LE

U

18

23.5

29

34.5

40

Ours NICT-NMT NICT UCSYNLP

My Ñ> En

  

+8 BLEU compared to second best

ÒFBAI WATÕ19 My-En translation task submissionÓ Chen et al., WAT@EMNLP 2019 

http://lotus.kuee.kyoto-u.ac.jp/WAT/evaluation/list.php?t=71&o=9
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Demo (Burmese Ñ> English)
1

23.3 26.32 27.74

slide credit to Peng-Jen Chen



Conclusion so farÉ

¥ Iterative back-translation, multi-lingual training work remarkably well. 

¥ By feeding more data (BT, ST, pre-training, multi-lingual training) we 
can afford training bigger models. Bigger models train on more data 
generalize better. 

¥ Low-resource MT requires big compute! Remember that about 100 
monolingual sentences give the same training signal as a single pair of 
parallel sentence.
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Outline
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MODELDATA

ANALYSIS

life of a  
researcher

ÒThe FLoRes evaluation for low 
resource MT:ÉÓ Guzm‡n, Chen et al. 
ÕEMNLP 2019

ÒPhrase-based & Neural Unsup MTÓ 
Lample et al. EMNLP 2018  

ÒFBAI WATÕ19 My-En translation task 
submissionÓ Chen et al., WAT@EMNLP 2019 

ÒMassively Multilingual NMTÓ Aharoni et 
al.,ACL 2019 

ÒMultilingual Denoising Pre-training for NMTÓ 
Liu et al., arXiv 2001:08210 2020 

ÒAnalyzing uncertainty in NMTÓ 
Ott et al. ICML 2018  

ÒOn the evaluation of MT systems trained with 
back-translationÓ Edunov et al.  ACL 2020 

ÒThe source-target domain mismatch problem 
in MTÓ Shen et al.  arXiv 1909.13151 2019



Simulating Low-Resource MT
Simulating low-resource MT with a high resource language: 
using EuroParl data with 20K parallel sentences and 100K monolingual target 
sentences. 

only parallel data 

parallel data + BT

30.4 BLEU

33.8 BLEU
+3.4 BLEU!

https://www.statmt.org/europarl/

EuroParl FrÑ>En

https://www.statmt.org/europarl/


A Worrisome Finding
BT sometimes yields very mild improvements. 

The FLORES evaluation datasetsÉ Guzm‡n, Chen et al. EMNLP 2019

Example
only parallel data 

parallel data + BT

15.2 BLEU

15.3 BLEU

FB public posts EnÑ>My

+0.1 BLEU!

Why is BT not working as well?



¥ football
¥ baseball
¥ basketball

¥ soccer
¥ cricket
¥ rowing

Sports

55For the same topic: Different distribution over words!



¥ hamburger
¥ clam chowder
¥ apple pie

¥ kimchi
¥ bulgogi
¥ bibimbap

Food

56For the same topic: Different distribution over words!



 topic distribution

57Domains differ in the topic distribution

¥ politics
¥ sports

¥ religion
¥ environment



Examples from FLoRes
Si-En

En-Si

original

translation

Guzmˆn, Chen et al. ÒThe FLoRes evaluation datasets for low resource MTÉÓ EMNLP 2019

Wikipedia in Sinhala has different topic distribution.



Source-Target Domain Mismatch (STDM)
¥ Def.: Content produced in blogs, social networks, news outlets, etc. varies with the 

geographic location. 

¥ STDM is even more pronounced in low resource MT, where source & target 
geographic locations are typically farther apart and cultures have more distinct traits.  

¥ STDM manifests itself in terms of: Different distribution of topics, and for the same 
topic different distribution over words. 

¥ STDM is hard to measure because of the unknown effect of translationese. 

¥ STDM makes the MT problem even harder: source originating data and target 
originating data are not comparable in general. BT wonÕt work as well. UnsupMT 
wonÕt work as well.

Language and place. Johnstone Cambridge Univ. Press 2010 
Leech et al. ÒComputer corpora: What do they tell us about culture?ÓJournal Computers in English Linguistics 1992



Questions

¥ Is it true that BT is less effective when there is STDM? 

¥ What baselines shall we consider when there is STDM? 

¥ What are general best practices when there is STDM? 

¥ How to study STDM in a controlled setting?
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Controlled Setting

Source Domain 
EuroParl

Target Domain 
OpenSubtitles

mono

mono

Source Language: Fr Target Language: En

10K sentences

<1M sentences

61

<1M sentences

human translations

human translations



Controlled Setting

Source Domain 
EuroParl mono

mono

Source Language: Fr Target Language: En
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Controlled Setting

Source Domain 
EuroParl

Target Domain 

mono

mono

Source Language: Fr Target Language: En
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Controlled Setting

Source Domain & 
Target Domain 

EuroParl
mono

mono

Source Language: Fr Target Language: En
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¥ Back-Translation: 

¥ Self-Training:

target  
mono data

source  
mono data

in-domain 
mono data

Q.: Is it better to have clean targets but out-of-domain data, or noisy targets but in-domain data?  
Q.: WhatÕs the effect of amount of parallel/monolingual data? 
Q.: WhatÕs the effect of the quality of the model forward model when training with ST?
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Varying Domain of Target Originating Data

Target originating 
data is out-of-domain

Target originating 
data is in-domain

(1 ! ! )
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Baseline Approaches
¥ Bitext only: 

¥ Back-Translation: 

¥ Self-Training:

learn:

1) 2) 3) learn:
apply

Source Target
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2)
source 
mono

apply

model
translation
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translation
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¥ Bitext only: 

¥ Back-Translation: 

¥ Self-Training:

learn:

1) 2) 3) learn:
apply

Source Target
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learn:
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source 
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apply
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translation
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In-Domain Only VS. Mixed Domain
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Varying Amount of 
Monolingual Data (        )! = 0
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Conclusion
¥ STDM is particularly signiÞcant in low resource language pairs. 

¥ Controlled setting helps studying STDM in isolation. 

¥ ST is more robust than BT to STDM. We have already seen that 
combining ST & BT worked best in En-My. 

¥ In practice, the inßuence of STDM depends on several factors, such 
as the amount of parallel and monolingual data, the domains, etc. In 
particular, if domains are not too distinct, STDM may even help 
regularizing!
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What I did not talk about: Filtering

¥ Data: extract clean version of common crawl . 

¥ Learn a joint embedding space. 

¥ Use approximate nearest neighbor methods to Þnd closest 
matching sentence in embedding space. 

¥ Translation quality on several languages is even higher than 
using actual existing bilingual + mono data!

Schwenk et al. ÒCCMatrix: mining billions of high-quality parallel sentences on the WEBÓ arXiv:1911.04944 2019

BT pre-training

multilingualÞltering



Final Remarks
¥ Low resource MT is a good use case applications of several long standing ML problems: 

aligning domains, learning with less supervision, leveraging compositionality, etc. 

¥ The importance and difÞculty of data collection should not be under-estimated. 

¥ A healthy cycle of research: data, modeling, analysis. 

¥ Low resource MT key idea: use as many auxiliary tasks and data.  

¥ Low resource MT requires lots of data and compute. 

¥ Lots of open challenges.  
¥ SpeciÞc to low resource: dealing with all sorts of domain mismatch, learning from little data, quality of evaluation 

setsÉ 
¥ General of text generation: better use of context, common sense , striking a good trade-off between accuracy and 

speed, controllability, safety, biasesÉ
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Matt Le

Jiajun Shen
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Jiatao Gu
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