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Overview

• Overview	of	Neural	Machine	Translation	(NMT)
• Overview	of	Domain	Adaptation
• Improving	Domain	Adaptation	
• Regularized	Training	Objective	for	Continued	Training	for	
Domain	Adaptation	in	Neural	Machine	
Translation [Khayrallah,	Thompson, Duh	&	Koehn	2018]

• Analysis	of	Noisy	Corpora	
• On	the	Impact	of	Various	Types	of	Noise	on	Neural	
Machine	Translation	[Khayrallah	&	Koehn	2018]

Huda	Khayrallah 2



Machine	Translation
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Neural	Machine	Translation
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Parallel	Text
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Die	Koalas	sind süß	
Die	Kängurus	springen
Der	Koala	ist	weich	
Das	Känguru	ist	schnell

The	koalas	are	cute
The	kangaroos	jump
The	koala	is	soft
The	kangaroo	is	fast
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Cross	Entropy(																			,																			)

NMT	loss	function
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BLEU
• Weighted	n-grams	precision	

• Between	0	and	1
• (often	scaled	to	be		0-100)

• Higher	is	better
• Imperfect…
• But… not	bad

Khayrallah

𝑚𝑖𝑛 1,
𝑜𝑢𝑡𝑝𝑢𝑡	𝑙𝑒𝑛𝑔𝑡ℎ

𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒	𝑙𝑒𝑛𝑔𝑡ℎ
2𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛4

5

467

7
5



Overview

• Overview	of	Neural	Machine	Translation	(NMT)
• Overview	of	Domain	Adaptation
• Improving	Domain	Adaptation	
• Regularized	Training	Objective	for	Continued	Training	for	
Domain	Adaptation	in	Neural	Machine	
Translation [Khayrallah,	Thompson, Duh	&	Koehn	2018]

• Analysis	of	Noisy	Corpora	
• On	the	Impact	of	Various	Types	of	Noise	on	Neural	
Machine	Translation	[Khayrallah	&	Koehn	2018]
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What	do	we	want	to	translate?
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Developmental	toxicity,	including	dose-
dependent	delayed	foetal ossification	
and	possible	teratogenic	effects,	were	
observed	in	rats	at	doses	resulting	in	
subtherapeutic exposures	(based	on	
AUC)	and	in	rabbits	at	doses	resulting	
in	exposures	3	and	11	times	the	mean	
steady-state	AUC	at	the	maximum	
recommended	clinical	dose.
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The	films	coated	therewith,	in	
particular	polycarbonate	films	
coated	therewith,	have	improved	
properties	with	regard	to	scratch	
resistance,	solvent	resistance,	and	
reduced	oiling	effect,	said	films	thus	
being	especially	suitable	for	use	in	
producing	plastic	parts	in	film	insert	
molding	methods.
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General	Domain	Data
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General	Domain	Data

Would	it	not	be	beneficial,	in	the	short	
term,	following	the	Rotterdam	model,	to	
inspect	according	to	a	points	system	in	
which,	for	example,	account	is	taken	of	
the	ship's	age,	whether	it	is	single	or	
double-hulled	or	whether	it	sails	under	a	
flag	of	convenience.
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General	Domain	Data

Mama	always	said	there's	an	awful	lot	
you	can	tell	about	a	person	by	their	
shoes.
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Domain	Mismatch
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Case	Study:
Translating	Russian	Patents	



General	Domain	NMT

General	
Domain
NMT	
Model

50m	General	Domain
sentence	pairs
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General	Domain	NMT

General	
Domain
NMT	
Model

дверной замок повышенной степени защищенности от взлома
Human:	 door lock	with	increased	degree	of	security	against	burglary
System:	 door security door security door

Errors	due	
to	domain	
mismatch
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50m	General	Domain
sentence	pairs



In-Domain	NMT

In-Domain
NMT	
Model30k	In-Domain

sentence	pairs
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In-Domain	NMT

In-Domain
NMT	
Model

Errors	due	to	
lack	of	data
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30k	In-Domain
sentence	pairs

дверной замок повышенной степени защищенности от взлома
Human:	 door lock	with	increased	degree	of	security	against	burglary
System:	 door lock	for	a	high	degree	of	protection	against	coke



Domain	Adaptation
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Continued	Training

General	
Domain
NMT
Model

Continued	
Training
NMT
Model

30k	In-domain
sentence	pairs
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50m	General	Domain
sentence	pairs



Continued	Training

Continued	
Training
NMT
Model

Improved
performance!	

Huda	Khayrallah 33

General	
Domain
NMT
Model

30k	In-domain
sentence	pairs50m	General	Domain

sentence	pairs
дверной замок повышенной степени защищенности от взлома
Human:	 door lock	with	increased	degree	of	security	against	burglary
System:	 door lock	with	increased	penetration	protection
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Overview

• Overview	of	Neural	Machine	Translation	(NMT)
• Overview	of	Domain	Adaptation
• Improving	Domain	Adaptation	
• Regularized	Training	Objective	for	Continued	Training	for	
Domain	Adaptation	in	Neural	Machine	
Translation [Khayrallah,	Thompson, Duh	&	Koehn	2018]

• Analysis	of	Noisy	Corpora	
• On	the	Impact	of	Various	Types	of	Noise	on	Neural	
Machine	Translation	[Khayrallah	&	Koehn	2018]
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Regularized	Training	Objective	for	
Continued	Training	for	Domain	
Adaptation	in	Neural	Machine	

Translation
Huda	Khayrallah,	Brian	Thompson,

Kevin	Duh	& Philipp	Koehn
WNMT	at	ACL	2018



Continued	Training

General	
Domain
NMT
Model

Continued	
Training
NMT
Model
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Regularized	Continued	Training

General	
Domain
NMT
Model
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Teacher/Student	Models

•Word	Level	Knowledge	distillation

•Often	used	to	make	smaller/faster	models
• Train	one	model;	use	it	to	‘teach’	another

Huda	Khayrallah 40



General	
Domain
NMT
Model

Regularized	Continued	Training

General	
Domain
NMT
Model
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NMT	loss	function
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Cross	Entropy(																			,																			)
Gold	Target	 CT	Model	output

Gold	Target	 CT	Model	output



Cross	Entropy(																			,																			)

Teacher/Student	Loss	Function
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Lreg(✓) = �
X

v2V

�
paux(yi = v |x; ✓aux; yj<i)⇥ log p(yi = v |x; ✓; yj<i)

�

<latexit sha1_base64="nRmxOTJooXU8OPbbuJy03zcNzpc="></latexit><latexit sha1_base64="nRmxOTJooXU8OPbbuJy03zcNzpc="></latexit><latexit sha1_base64="nRmxOTJooXU8OPbbuJy03zcNzpc="></latexit><latexit sha1_base64="nRmxOTJooXU8OPbbuJy03zcNzpc="></latexit>

General	Model	
Output
(teacher)

CT	Model	output
(student)

CT	Model	output
(student)

General	Model	Output
(teacher)



𝛼 × (																																																																																)	

(1	- 𝛼)	× (																																																																				)	+	

(1	- 𝛼)	× Cross	Ent	(																		,																		)	+

This	work:	Combine	Both
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𝛼 × Cross	Ent	(																		,																		)	

Lreg(✓) = �
X

v2V

�
paux(yi = v |x; ✓aux; yj<i)⇥ log p(yi = v |x; ✓; yj<i)

�

<latexit sha1_base64="nRmxOTJooXU8OPbbuJy03zcNzpc="></latexit><latexit sha1_base64="nRmxOTJooXU8OPbbuJy03zcNzpc="></latexit><latexit sha1_base64="nRmxOTJooXU8OPbbuJy03zcNzpc="></latexit><latexit sha1_base64="nRmxOTJooXU8OPbbuJy03zcNzpc="></latexit>

LNLL(✓) = �
X

v2V

�
{yi = v}⇥ log p(yi = v |x; ✓; yj<i)

�
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Overview

• Overview	of	Neural	Machine	Translation	(NMT)
• Overview	of	Domain	Adaptation
• Improving	Domain	Adaptation	
• Regularized	Training	Objective	for	Continued	Training	for	
Domain	Adaptation	in	Neural	Machine	
Translation [Khayrallah,	Thompson, Duh	&	Koehn	2018]

• Analysis	of	Noisy	Corpora	
• On	the	Impact	of	Various	Types	of	Noise	on	Neural	
Machine	Translation	[Khayrallah	&	Koehn	2018]
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On	the	Impact	of	
Various	Types	of	Noise	on
Neural	Machine	Translation

Huda	Khayrallah	& Philipp	Koehn
WNMT	at	ACL	2018	[Outstanding	Contribution	Award]
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NMT SMT
WMT17 27.2 24.0
+ noisy corpus 17.3 (-9.9) 25.2 (+1.2)
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More	data	is	better!
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Figure 3: BLEU scores for English-Spanish sys-

tems trained on 0.4 million to 385.7 million

words of parallel data. Quality for NMT starts

much lower, outperforms SMT at about 15 mil-

lion words, and even beats a SMT system with a

big 2 billion word in-domain language model un-

der high-resource conditions.

How do the data needs of SMT and NMT com-

pare? NMT promises both to generalize better (ex-

ploiting word similary in embeddings) and condi-

tion on larger context (entire input and all prior

output words).

We built English-Spanish systems on WMT

data,7 about 385.7 million English words paired

with Spanish. To obtain a learning curve, we used
1

1024
, 1

512
, ..., 1

2
, and all of the data. For SMT, the

language model was trained on the Spanish part of

each subset, respectively. In addition to a NMT

and SMT system trained on each subset, we also

used all additionally provided monolingual data

for a big language model in contrastive SMT sys-

tems.

Results are shown in Figure 3. NMT ex-

hibits a much steeper learning curve, starting with

abysmal results (BLEU score of 1.6 vs. 16.4 for
1

1024
of the data), outperforming SMT 25.7 vs.

24.7 with 1

16
of the data (24.1 million words), and

even beating the SMT system with a big language

model with the full data set (31.1 for NMT, 28.4

for SMT, 30.4 for SMT+BigLM).

7Spanish was last represented in 2013, we used data from
http://statmt.org/wmt13/translation-task.html

Src: A Republican strategy to counter the re-election
of Obama

1

1024
Un órgano de coordinación para el anuncio de
libre determinación

1

512
Lista de una estrategia para luchar contra la
elección de hojas de Ohio

1

256
Explosión realiza una estrategia divisiva de
luchar contra las elecciones de autor

1

128
Una estrategia republicana para la eliminación
de la reelección de Obama

1

64
Estrategia siria para contrarrestar la reelección
del Obama .

1

32
+ Una estrategia republicana para contrarrestar la

reelección de Obama

Figure 4: Translations of the first sentence of

the test set using NMT system trained on varying

amounts of training data. Under low resource con-

ditions, NMT produces fluent output unrelated to

the input.

The contrast between the NMT and SMT learn-

ing curves is quite striking. While NMT is able to

exploit increasing amounts of training data more

effectively, it is unable to get off the ground with

training corpus sizes of a few million words or

less.

To illustrate this, see Figure 4. With 1

1024
of the

training data, the output is completely unrelated to

the input, some key words are properly translated

with 1

512
and 1

256
of the data (estrategia for strat-

egy, elección or elecciones for election), and start-

ing with 1

64
the translations become respectable.

3.3 Rare Words

Conventional wisdom states that neural machine

translation models perform particularly poorly on

rare words, (Luong et al., 2015; Sennrich et al.,

2016b; Arthur et al., 2016) due in part to the

smaller vocabularies used by NMT systems. We

examine this claim by comparing performance on

rare word translation between NMT and SMT

systems of similar quality for German–English

and find that NMT systems actually outperform

SMT systems on translation of very infrequent

words. However, both NMT and SMT systems

do continue to have difficulty translating some

infrequent words, particularly those belonging to

highly-inflected categories.

For the neural machine translation model, we

use a publicly available model8 with the train-

ing settings of Edinburgh’s WMT submission

(Sennrich et al., 2016a). This was trained using

8https://github.com/rsennrich/wmt16-scripts/
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Figure 3: BLEU scores for English-Spanish sys-

tems trained on 0.4 million to 385.7 million

words of parallel data. Quality for NMT starts

much lower, outperforms SMT at about 15 mil-

lion words, and even beats a SMT system with a

big 2 billion word in-domain language model un-

der high-resource conditions.

How do the data needs of SMT and NMT com-

pare? NMT promises both to generalize better (ex-

ploiting word similary in embeddings) and condi-

tion on larger context (entire input and all prior

output words).

We built English-Spanish systems on WMT

data,7 about 385.7 million English words paired

with Spanish. To obtain a learning curve, we used
1

1024
, 1

512
, ..., 1

2
, and all of the data. For SMT, the

language model was trained on the Spanish part of

each subset, respectively. In addition to a NMT

and SMT system trained on each subset, we also

used all additionally provided monolingual data

for a big language model in contrastive SMT sys-

tems.

Results are shown in Figure 3. NMT ex-

hibits a much steeper learning curve, starting with

abysmal results (BLEU score of 1.6 vs. 16.4 for
1

1024
of the data), outperforming SMT 25.7 vs.

24.7 with 1

16
of the data (24.1 million words), and

even beating the SMT system with a big language

model with the full data set (31.1 for NMT, 28.4

for SMT, 30.4 for SMT+BigLM).

7Spanish was last represented in 2013, we used data from
http://statmt.org/wmt13/translation-task.html

Src: A Republican strategy to counter the re-election
of Obama

1

1024
Un órgano de coordinación para el anuncio de
libre determinación

1

512
Lista de una estrategia para luchar contra la
elección de hojas de Ohio

1

256
Explosión realiza una estrategia divisiva de
luchar contra las elecciones de autor

1

128
Una estrategia republicana para la eliminación
de la reelección de Obama

1

64
Estrategia siria para contrarrestar la reelección
del Obama .

1

32
+ Una estrategia republicana para contrarrestar la

reelección de Obama

Figure 4: Translations of the first sentence of

the test set using NMT system trained on varying

amounts of training data. Under low resource con-

ditions, NMT produces fluent output unrelated to

the input.

The contrast between the NMT and SMT learn-

ing curves is quite striking. While NMT is able to

exploit increasing amounts of training data more

effectively, it is unable to get off the ground with

training corpus sizes of a few million words or

less.

To illustrate this, see Figure 4. With 1

1024
of the

training data, the output is completely unrelated to

the input, some key words are properly translated

with 1

512
and 1

256
of the data (estrategia for strat-

egy, elección or elecciones for election), and start-

ing with 1

64
the translations become respectable.

3.3 Rare Words

Conventional wisdom states that neural machine

translation models perform particularly poorly on

rare words, (Luong et al., 2015; Sennrich et al.,

2016b; Arthur et al., 2016) due in part to the

smaller vocabularies used by NMT systems. We

examine this claim by comparing performance on

rare word translation between NMT and SMT

systems of similar quality for German–English

and find that NMT systems actually outperform

SMT systems on translation of very infrequent

words. However, both NMT and SMT systems

do continue to have difficulty translating some

infrequent words, particularly those belonging to

highly-inflected categories.

For the neural machine translation model, we

use a publicly available model8 with the train-

ing settings of Edinburgh’s WMT submission

(Sennrich et al., 2016a). This was trained using

8https://github.com/rsennrich/wmt16-scripts/
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BLEU

ID system 100k 3.2M

1 phrase-based SMT 15.87 ± 0.19 26.60 ± 0.00

2 NMT baseline 0.00 ± 0.00 25.70 ± 0.33

3 2 + ”mainstream improvements” (dropout, tied embeddings, 7.20 ± 0.62 31.93 ± 0.05layer normalization, bideep RNN, label smoothing)

4 3 + reduce BPE vocabulary (14k ! 2k symbols) 12.10 ± 0.16 -
5 4 + reduce batch size (4k ! 1k tokens) 12.40 ± 0.08 31.97 ± 0.26
6 5 + lexical model 13.03 ± 0.49 31.80 ± 0.22

7 5 + aggressive (word) dropout 15.87 ± 0.09 33.60 ± 0.14
8 7 + other hyperparameter tuning (learning rate,

16.57 ± 0.26 32.80 ± 0.08model depth, label smoothing rate)
9 8 + lexical model 16.10 ± 0.29 33.30 ± 0.08

Table 2: German!English IWSLT results for training corpus size of 100k words and 3.2M words (full corpus).
Mean and standard deviation of three training runs reported.

10
5

10
6

0

10

20

30
26.6

24.9

23

20.5

18.3

16

32.8

30.8

28.7

24.4

20.6

16.6

25.7

18.5

11.6

1.81.3
0

corpus size (English words)

B
LE

U

Statistical MT (SMT)
Neural MT (NMT) baseline
Neural MT (NMT) optimized

Figure 2: German!English learning curve, showing
BLEU as a function of the amount of parallel training
data, for PBSMT and NMT.

4.3 NMT Systems

We train neural systems with Nematus (Sennrich
et al., 2017b). Our baseline mostly follows the
settings in (Koehn and Knowles, 2017); we use
adam (Kingma and Ba, 2015) and perform early
stopping based on dev set BLEU. We express our
batch size in number of tokens, and set it to 4000
in the baseline (comparable to a batch size of 80
sentences used in previous work).

We subsequently add the methods described in
section 3, namely the bideep RNN, label smooth-
ing, dropout, tied embeddings, layer normaliza-
tion, changes to the BPE vocabulary size, batch

4Signature BLEU+c.mixed+#.1+s.exp+tok.13a+v.1.3.2.

size, model depth, regularization parameters and
learning rate. Detailed hyperparameters are re-
ported in Appendix A.

5 Results

Table 2 shows the effect of adding different meth-
ods to the baseline NMT system, on the ultra-low
data condition (100k words of training data) and
the full IWSLT 14 training corpus (3.2M words).
Our ”mainstream improvements” add around 6–7
BLEU in both data conditions.

In the ultra-low data condition, reducing the
BPE vocabulary size is very effective (+4.9
BLEU). Reducing the batch size to 1000 token re-
sults in a BLEU gain of 0.3, and the lexical model
yields an additional +0.6 BLEU. However, ag-
gressive (word) dropout6 (+3.4 BLEU) and tuning
other hyperparameters (+0.7 BLEU) has a stronger
effect than the lexical model, and adding the lex-
ical model (9) on top of the optimized config-
uration (8) does not improve performance. To-
gether, the adaptations to the ultra-low data setting
yield 9.4 BLEU (7.2!16.6). The model trained
on full IWSLT data is less sensitive to our changes
(31.9!32.8 BLEU), and optimal hyperparameters
differ depending on the data condition. Subse-
quently, we still apply the hyperparameters that
were optimized to the ultra-low data condition (8)

5beam search results reported by Wiseman and Rush
(2016).

6p = 0.3 for dropping words; p = 0.5 for other dropout.

More	data	is	better!
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Let’s	go	get	more	data!

Huda	Khayrallah 61



Huda	Khayrallah

Annual	growth	in	prices	came	in	at	
10.9	per	cent,	more	than	double	the	
gain	of	the	12	months	to	August	
2013,	but	the	gains	were	not	evenly	
spread	across	the	country.
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NMT SMT
WMT17 27.2 24.0
+ raw paracrawl 17.3 (-9.9) 25.2 (+1.2)

+ filtered paracrawl 32.4 (+5.2) 25.8 (+1.8)
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Raw	Paracrawl
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5% 10% 20% 50% 100%
RAW CRAWL DATA 27.4 24.2

+0.2 +0.2

26.6 24.2

-0.6 +0.2

24.7 24.4

-2.5

+0.4

20.9 24.8

-6.3

+0.8

17.3 25.2

-9.9

+1.2

5% 10% 20% 50% 100%
MISALIGNED SENTENCES 26.5 24.0

-0.7 -0.0

26.5 24.0

-0.7 -0.0

26.3 23.9

-0.9 -0.1

26.1 23.9

-1.1
-0.1

25.3 23.4

-1.9
-0.6

MISORDERED WORDS
(SOURCE)

26.9 24.0

-0.3 -0.0

26.6 23.6

-0.6 -0.4

26.4 23.9

-0.8 -0.1

26.6 23.6

-0.6 -0.4

25.5 23.7

-1.7
-0.3

MISORDERED WORDS
(TARGET)

27.0 24.0

-0.2 -0.0

26.8 24.0

-0.4 -0.0

26.4 23.4

-0.8 -0.6

26.7 23.2

-0.5 -0.8

26.1 22.9

-1.1 -1.1

WRONG LANGUAGE
(FRENCH SOURCE)

26.9 24.0

-0.3 -0.0

26.8 23.9

-0.4 -0.1

26.8 23.9

-0.4 -0.1

26.8 23.9

-0.4 -0.1

26.8 23.8

-0.4 -0.2

WRONG LANGUAGE
(FRENCH TARGET)

26.7 24.0

-0.5 -0.0

26.6 23.9

-0.6 -0.1

26.7 23.8

-0.5 -0.2

26.2 23.5

-1.0 -0.5

25.0 23.4

-2.2
-0.6

UNTRANSLATED
(ENGLISH SOURCE)

27.2 23.9

-0.0 -0.1

27.0 23.9

-0.2 -0.1

26.7 23.6

-0.5 -0.4

26.8 23.7

-0.4 -0.3

26.9 23.5

-0.3 -0.5

UNTRANSLATED
(GERMAN TARGET)

17.6 23.8

-9.8

-0.2

11.2 23.9

-16.0

-0.1

5.6 23.8

-21.6

-0.2

3.2 23.4

-24.0

-0.6

3.2 21.1

-24.0

-2.9

SHORT SEGMENTS
(max 2)

27.1 24.1

-0.1 +0.1

26.5 23.9

-0.7 -0.1

26.7 23.8

-0.5 -0.2

SHORT SEGMENTS
(max 5)

27.8 24.2

+0.6 +0.2

27.6 24.5

+0.4 +0.5

28.0 24.5

+0.8 +0.5

26.6 24.2

-0.6 +0.2

RAW CRAWL DATA 27.4 24.2

+0.2 +0.2

26.6 24.2

-0.6 +0.2

24.7 24.4

-2.5

+0.4

20.9 24.8

-6.3

+0.8

17.3 25.2

-9.9

+1.2

NMT SMT

2.5% 5% 10% 25% 50%



Manual	Analysis

Misaligned	
sentences	

Both	EnglishBoth	German	
Untranslated

3rd	Language
Short	Segments

Other	Text

Okay
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Noise	Types

• Misaligned	Sentences
• Misordered words
• Wrong	Language
• Untranslated	Sentences
• Short	Segments	
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Misaligned	Sentences
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Misaligned	Sentences
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Die	Koalas	sind süß
Die	Kängurus springen
Der	Koala	ist weich
Das	Känguru ist schnell

The	koalas	are	cute
The	kangaroos	jump
The	koala	is	soft
The	kangaroo	is	fast



Misaligned	Sentences

Die	Koalas	sind süß
Die	Kängurus springen
Der	Koala	ist weich
Das	Känguru ist schnell

The	kangaroos	jump
The	koala	is	soft
The	kangaroo	is	fast
The	koalas	are	cute
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Misaligned	Sentences
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5% 10% 20% 50% 100%
MISALIGNED SENTENCES 26.5 24.0

-0.7 -0.0

26.5 24.0

-0.7 -0.0

26.3 23.9

-0.9 -0.1

26.1 23.9

-1.1
-0.1

25.3 23.4

-1.9
-0.6

5% 10% 20% 50% 100%
MISORDERED WORDS

(SOURCE)
26.9 24.0

-0.3 -0.0

26.6 23.6

-0.6 -0.4

26.4 23.9

-0.8 -0.1

26.6 23.6

-0.6 -0.4

25.5 23.7

-1.7
-0.3

5% 10% 20% 50% 100%
MISORDERED WORDS

(TARGET)
27.0 24.0

-0.2 -0.0

26.8 24.0

-0.4 -0.0

26.4 23.4

-0.8 -0.6

26.7 23.2

-0.5 -0.8

26.1 22.9

-1.1 -1.1

5% 10% 20% 50% 100%
WRONG LANGUAGE

(FRENCH SOURCE)
26.9 24.0

-0.3 -0.0

26.8 23.9

-0.4 -0.1

26.8 23.9

-0.4 -0.1

26.8 23.9

-0.4 -0.1

26.8 23.8

-0.4 -0.2

5% 10% 20% 50% 100%
WRONG LANGUAGE

(FRENCH TARGET)
26.7 24.0

-0.5 -0.0

26.6 23.9

-0.6 -0.1

26.7 23.8

-0.5 -0.2

26.2 23.5

-1.0 -0.5

25.0 23.4

-2.2
-0.6

5% 10% 20% 50% 100%
UNTRANSLATED
(ENGLISH SOURCE)

27.2 23.9

-0.0 -0.1

27.0 23.9

-0.2 -0.1

26.7 23.6

-0.5 -0.4

26.8 23.7

-0.4 -0.3

26.9 23.5

-0.3 -0.5

5% 10% 20% 50% 100%
UNTRANSLATED
(GERMAN TARGET)

17.6 23.8

-9.8

-0.2

11.2 23.9

-16.0

-0.1

5.6 23.8

-21.6

-0.2

3.2 23.4

-24.0

-0.6

3.2 21.1

-24.0

-2.9

5% 10% 20% 50% 100%
SHORT SEGMENTS

(max 2)
27.1 24.1

-0.1 +0.1

26.5 23.9

-0.7 -0.1

26.7 23.8

-0.5 -0.2

SHORT SEGMENTS
(max 5)

27.8 24.2

+0.6 +0.2

27.6 24.5

+0.4 +0.5

28.0 24.5

+0.8 +0.5

26.6 24.2

-0.6 +0.2

NMT SMT

2.5% 5% 10% 25% 50%



Misordered Words
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Misordered Words	(source)

Die Koalas sind süß
Die	Kängurus springen
Der	Koala ist weich
Das	Känguru ist schnell

The	koalas	are	cute
The kangaroos	jump
The	koala	is	soft
The	kangaroo is fast
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Misordered Words	(source)

Koalas	Die sind süß
Kängurus springen Die	
ist Der	 weich Koala
schnell Känguru ist Das	

The	koalas	are	cute
The kangaroos	jump
The	koala	is	soft
The	kangaroo is fast
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Misordered Words	(source)
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5% 10% 20% 50% 100%
MISALIGNED SENTENCES 26.5 24.0

-0.7 -0.0

26.5 24.0

-0.7 -0.0

26.3 23.9

-0.9 -0.1

26.1 23.9

-1.1
-0.1

25.3 23.4

-1.9
-0.6

5% 10% 20% 50% 100%
MISORDERED WORDS

(SOURCE)
26.9 24.0

-0.3 -0.0

26.6 23.6

-0.6 -0.4

26.4 23.9

-0.8 -0.1

26.6 23.6

-0.6 -0.4

25.5 23.7

-1.7
-0.3

5% 10% 20% 50% 100%
MISORDERED WORDS

(TARGET)
27.0 24.0

-0.2 -0.0

26.8 24.0

-0.4 -0.0

26.4 23.4

-0.8 -0.6

26.7 23.2

-0.5 -0.8

26.1 22.9

-1.1 -1.1

5% 10% 20% 50% 100%
WRONG LANGUAGE

(FRENCH SOURCE)
26.9 24.0

-0.3 -0.0

26.8 23.9

-0.4 -0.1

26.8 23.9

-0.4 -0.1

26.8 23.9

-0.4 -0.1

26.8 23.8

-0.4 -0.2

5% 10% 20% 50% 100%
WRONG LANGUAGE

(FRENCH TARGET)
26.7 24.0

-0.5 -0.0

26.6 23.9

-0.6 -0.1

26.7 23.8

-0.5 -0.2

26.2 23.5

-1.0 -0.5

25.0 23.4

-2.2
-0.6

5% 10% 20% 50% 100%
UNTRANSLATED
(ENGLISH SOURCE)

27.2 23.9

-0.0 -0.1

27.0 23.9

-0.2 -0.1

26.7 23.6

-0.5 -0.4

26.8 23.7

-0.4 -0.3

26.9 23.5

-0.3 -0.5

5% 10% 20% 50% 100%
UNTRANSLATED
(GERMAN TARGET)

17.6 23.8

-9.8

-0.2

11.2 23.9

-16.0

-0.1

5.6 23.8

-21.6

-0.2

3.2 23.4

-24.0

-0.6

3.2 21.1

-24.0

-2.9

5% 10% 20% 50% 100%
SHORT SEGMENTS

(max 2)
27.1 24.1

-0.1 +0.1

26.5 23.9

-0.7 -0.1

26.7 23.8

-0.5 -0.2

SHORT SEGMENTS
(max 5)

27.8 24.2

+0.6 +0.2

27.6 24.5

+0.4 +0.5

28.0 24.5

+0.8 +0.5

26.6 24.2

-0.6 +0.2

NMT SMT

2.5% 5% 10% 25% 50%



Misordered Words	(target)

Die Koalas sind süß
Die	Kängurus springen
Der	Koala ist weich
Das	Känguru ist schnell

The	koalas	are	cute
The kangaroos	jump
The	koala	is	soft
The	kangaroo is fast
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Misordered Words	(target)

Die Koalas sind süß
Die	Kängurus springen
Der	Koala ist weich
Das	Känguru ist schnell

koalas	cute are	The	
kangaroos The jump
is	The soft koala
fast The	is kangaroo
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Misordered Words	(target)
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5% 10% 20% 50% 100%
MISALIGNED SENTENCES 26.5 24.0

-0.7 -0.0

26.5 24.0

-0.7 -0.0

26.3 23.9

-0.9 -0.1

26.1 23.9

-1.1
-0.1

25.3 23.4

-1.9
-0.6

5% 10% 20% 50% 100%
MISORDERED WORDS

(SOURCE)
26.9 24.0

-0.3 -0.0

26.6 23.6

-0.6 -0.4

26.4 23.9

-0.8 -0.1

26.6 23.6

-0.6 -0.4

25.5 23.7

-1.7
-0.3

5% 10% 20% 50% 100%
MISORDERED WORDS

(TARGET)
27.0 24.0

-0.2 -0.0

26.8 24.0

-0.4 -0.0

26.4 23.4

-0.8 -0.6

26.7 23.2

-0.5 -0.8

26.1 22.9

-1.1 -1.1

5% 10% 20% 50% 100%
WRONG LANGUAGE

(FRENCH SOURCE)
26.9 24.0

-0.3 -0.0

26.8 23.9

-0.4 -0.1

26.8 23.9

-0.4 -0.1

26.8 23.9

-0.4 -0.1

26.8 23.8

-0.4 -0.2

5% 10% 20% 50% 100%
WRONG LANGUAGE

(FRENCH TARGET)
26.7 24.0

-0.5 -0.0

26.6 23.9

-0.6 -0.1

26.7 23.8

-0.5 -0.2

26.2 23.5

-1.0 -0.5

25.0 23.4

-2.2
-0.6

5% 10% 20% 50% 100%
UNTRANSLATED
(ENGLISH SOURCE)

27.2 23.9

-0.0 -0.1

27.0 23.9

-0.2 -0.1

26.7 23.6

-0.5 -0.4

26.8 23.7

-0.4 -0.3

26.9 23.5

-0.3 -0.5

5% 10% 20% 50% 100%
UNTRANSLATED
(GERMAN TARGET)

17.6 23.8

-9.8

-0.2

11.2 23.9

-16.0

-0.1

5.6 23.8

-21.6

-0.2

3.2 23.4

-24.0

-0.6

3.2 21.1

-24.0

-2.9

5% 10% 20% 50% 100%
SHORT SEGMENTS

(max 2)
27.1 24.1

-0.1 +0.1

26.5 23.9

-0.7 -0.1

26.7 23.8

-0.5 -0.2

SHORT SEGMENTS
(max 5)

27.8 24.2

+0.6 +0.2

27.6 24.5

+0.4 +0.5

28.0 24.5

+0.8 +0.5

26.6 24.2

-0.6 +0.2

NMT SMT

2.5% 5% 10% 25% 50%



Wrong	Language
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Wrong	Language	(French	source)

Die	Koalas	sind süß
Die	Kängurus springen
Der	Koala	ist weich
Das	Känguru ist schnell

The	koalas	are	cute
The	kangaroos	jump
The	koala	is	soft
The	kangaroo	is	fast
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Wrong	Language	(French	source)

Les	koalas	sont mignons	
Les	kangourous sautent
Le	koala	est doux
Le	kangourou est rapide

The	koalas	are	cute
The	kangaroos	jump
The	koala	is	soft
The	kangaroo	is	fast
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Wrong	Language	(French	source)
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5% 10% 20% 50% 100%
MISALIGNED SENTENCES 26.5 24.0

-0.7 -0.0

26.5 24.0

-0.7 -0.0

26.3 23.9

-0.9 -0.1

26.1 23.9

-1.1
-0.1

25.3 23.4

-1.9
-0.6

5% 10% 20% 50% 100%
MISORDERED WORDS

(SOURCE)
26.9 24.0

-0.3 -0.0

26.6 23.6

-0.6 -0.4

26.4 23.9

-0.8 -0.1

26.6 23.6

-0.6 -0.4

25.5 23.7

-1.7
-0.3

5% 10% 20% 50% 100%
MISORDERED WORDS

(TARGET)
27.0 24.0

-0.2 -0.0

26.8 24.0

-0.4 -0.0

26.4 23.4

-0.8 -0.6

26.7 23.2

-0.5 -0.8

26.1 22.9

-1.1 -1.1

5% 10% 20% 50% 100%
WRONG LANGUAGE

(FRENCH SOURCE)
26.9 24.0

-0.3 -0.0

26.8 23.9

-0.4 -0.1

26.8 23.9

-0.4 -0.1

26.8 23.9

-0.4 -0.1

26.8 23.8

-0.4 -0.2

5% 10% 20% 50% 100%
WRONG LANGUAGE

(FRENCH TARGET)
26.7 24.0

-0.5 -0.0

26.6 23.9

-0.6 -0.1

26.7 23.8

-0.5 -0.2

26.2 23.5

-1.0 -0.5

25.0 23.4

-2.2
-0.6

5% 10% 20% 50% 100%
UNTRANSLATED
(ENGLISH SOURCE)

27.2 23.9

-0.0 -0.1

27.0 23.9

-0.2 -0.1

26.7 23.6

-0.5 -0.4

26.8 23.7

-0.4 -0.3

26.9 23.5

-0.3 -0.5

5% 10% 20% 50% 100%
UNTRANSLATED
(GERMAN TARGET)

17.6 23.8

-9.8

-0.2

11.2 23.9

-16.0

-0.1

5.6 23.8

-21.6

-0.2

3.2 23.4

-24.0

-0.6

3.2 21.1

-24.0

-2.9

5% 10% 20% 50% 100%
SHORT SEGMENTS

(max 2)
27.1 24.1

-0.1 +0.1

26.5 23.9

-0.7 -0.1

26.7 23.8

-0.5 -0.2

SHORT SEGMENTS
(max 5)

27.8 24.2

+0.6 +0.2

27.6 24.5

+0.4 +0.5

28.0 24.5

+0.8 +0.5

26.6 24.2

-0.6 +0.2

NMT SMT

2.5% 5% 10% 25% 50%



Wrong	Language	(French	target)

Die	Koalas	sind süß
Die	Kängurus springen
Der	Koala	ist weich
Das	Känguru ist schnell

The	koalas	are	cute
The	kangaroos	jump
The	koala	is	soft
The	kangaroo	is	fast
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Wrong	Language	(French	target)

Die	Koalas	sind süß
Die	Kängurus springen
Der	Koala	ist weich
Das	Känguru ist schnell

Les	koalas	sont mignons	
Les	kangourous sautent
Le	koala	est doux
Le	kangourou est rapide
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Wrong	Language	(French	target)
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5% 10% 20% 50% 100%
MISALIGNED SENTENCES 26.5 24.0

-0.7 -0.0

26.5 24.0

-0.7 -0.0

26.3 23.9

-0.9 -0.1

26.1 23.9

-1.1
-0.1

25.3 23.4

-1.9
-0.6

5% 10% 20% 50% 100%
MISORDERED WORDS

(SOURCE)
26.9 24.0

-0.3 -0.0

26.6 23.6

-0.6 -0.4

26.4 23.9

-0.8 -0.1

26.6 23.6

-0.6 -0.4

25.5 23.7

-1.7
-0.3

5% 10% 20% 50% 100%
MISORDERED WORDS

(TARGET)
27.0 24.0

-0.2 -0.0

26.8 24.0

-0.4 -0.0

26.4 23.4

-0.8 -0.6

26.7 23.2

-0.5 -0.8

26.1 22.9

-1.1 -1.1

5% 10% 20% 50% 100%
WRONG LANGUAGE

(FRENCH SOURCE)
26.9 24.0

-0.3 -0.0

26.8 23.9

-0.4 -0.1

26.8 23.9

-0.4 -0.1

26.8 23.9

-0.4 -0.1

26.8 23.8

-0.4 -0.2

5% 10% 20% 50% 100%
WRONG LANGUAGE

(FRENCH TARGET)
26.7 24.0

-0.5 -0.0

26.6 23.9

-0.6 -0.1

26.7 23.8

-0.5 -0.2

26.2 23.5

-1.0 -0.5

25.0 23.4

-2.2
-0.6

5% 10% 20% 50% 100%
UNTRANSLATED
(ENGLISH SOURCE)

27.2 23.9

-0.0 -0.1

27.0 23.9

-0.2 -0.1

26.7 23.6

-0.5 -0.4

26.8 23.7

-0.4 -0.3

26.9 23.5

-0.3 -0.5

5% 10% 20% 50% 100%
UNTRANSLATED
(GERMAN TARGET)

17.6 23.8

-9.8

-0.2

11.2 23.9

-16.0

-0.1

5.6 23.8

-21.6

-0.2

3.2 23.4

-24.0

-0.6

3.2 21.1

-24.0

-2.9

5% 10% 20% 50% 100%
SHORT SEGMENTS

(max 2)
27.1 24.1

-0.1 +0.1

26.5 23.9

-0.7 -0.1

26.7 23.8

-0.5 -0.2

SHORT SEGMENTS
(max 5)

27.8 24.2

+0.6 +0.2

27.6 24.5

+0.4 +0.5

28.0 24.5

+0.8 +0.5

26.6 24.2

-0.6 +0.2

NMT SMT

2.5% 5% 10% 25% 50%



Untranslated
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Untranslated	(English	Source)

Die	Koalas	sind süß
Die	Kängurus springen
Der	Koala	ist weich
Das	Känguru ist schnell

The	koalas	are	cute
The	kangaroos	jump
The	koala	is	soft
The	kangaroo	is	fast

Huda	Khayrallah 86



Untranslated	(English	source)

The	koalas	are	cute
The	kangaroos	jump
The	koala	is	soft
The	kangaroo	is	fast

The	koalas	are	cute
The	kangaroos	jump
The	koala	is	soft
The	kangaroo	is	fast
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Untranslated	(English	source)
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5% 10% 20% 50% 100%
MISALIGNED SENTENCES 26.5 24.0

-0.7 -0.0

26.5 24.0

-0.7 -0.0

26.3 23.9

-0.9 -0.1

26.1 23.9

-1.1
-0.1

25.3 23.4

-1.9
-0.6

5% 10% 20% 50% 100%
MISORDERED WORDS

(SOURCE)
26.9 24.0

-0.3 -0.0

26.6 23.6

-0.6 -0.4

26.4 23.9

-0.8 -0.1

26.6 23.6

-0.6 -0.4

25.5 23.7

-1.7
-0.3

5% 10% 20% 50% 100%
MISORDERED WORDS

(TARGET)
27.0 24.0

-0.2 -0.0

26.8 24.0

-0.4 -0.0

26.4 23.4

-0.8 -0.6

26.7 23.2

-0.5 -0.8

26.1 22.9

-1.1 -1.1

5% 10% 20% 50% 100%
WRONG LANGUAGE

(FRENCH SOURCE)
26.9 24.0

-0.3 -0.0

26.8 23.9

-0.4 -0.1

26.8 23.9

-0.4 -0.1

26.8 23.9

-0.4 -0.1

26.8 23.8

-0.4 -0.2

5% 10% 20% 50% 100%
WRONG LANGUAGE

(FRENCH TARGET)
26.7 24.0

-0.5 -0.0

26.6 23.9

-0.6 -0.1

26.7 23.8

-0.5 -0.2

26.2 23.5

-1.0 -0.5

25.0 23.4

-2.2
-0.6

5% 10% 20% 50% 100%
UNTRANSLATED
(ENGLISH SOURCE)

27.2 23.9

-0.0 -0.1

27.0 23.9

-0.2 -0.1

26.7 23.6

-0.5 -0.4

26.8 23.7

-0.4 -0.3

26.9 23.5

-0.3 -0.5

5% 10% 20% 50% 100%
UNTRANSLATED
(GERMAN TARGET)

17.6 23.8

-9.8

-0.2

11.2 23.9

-16.0

-0.1

5.6 23.8

-21.6

-0.2

3.2 23.4

-24.0

-0.6

3.2 21.1

-24.0

-2.9

5% 10% 20% 50% 100%
SHORT SEGMENTS

(max 2)
27.1 24.1

-0.1 +0.1

26.5 23.9

-0.7 -0.1

26.7 23.8

-0.5 -0.2

SHORT SEGMENTS
(max 5)

27.8 24.2

+0.6 +0.2

27.6 24.5

+0.4 +0.5

28.0 24.5

+0.8 +0.5

26.6 24.2

-0.6 +0.2

NMT SMT

2.5% 5% 10% 25% 50%



Untranslated	(German	target)

Die	Koalas	sind süß
Die	Kängurus springen
Der	Koala	ist weich
Das	Känguru ist schnell

The	koalas	are	cute
The	kangaroos	jump
The	koala	is	soft
The	kangaroo	is	fast
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Untranslated	(German	target)

Die	Koalas	sind süß
Die	Kängurus springen
Der	Koala	ist weich
Das	Känguru ist schnell

Die	Koalas	sind süß
Die	Kängurus springen
Der	Koala	ist weich
Das	Känguru ist schnell
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Untranslated	(German	target)
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5% 10% 20% 50% 100%
MISALIGNED SENTENCES 26.5 24.0

-0.7 -0.0

26.5 24.0

-0.7 -0.0

26.3 23.9

-0.9 -0.1

26.1 23.9

-1.1
-0.1

25.3 23.4

-1.9
-0.6

5% 10% 20% 50% 100%
MISORDERED WORDS

(SOURCE)
26.9 24.0

-0.3 -0.0

26.6 23.6

-0.6 -0.4

26.4 23.9

-0.8 -0.1

26.6 23.6

-0.6 -0.4

25.5 23.7

-1.7
-0.3

5% 10% 20% 50% 100%
MISORDERED WORDS

(TARGET)
27.0 24.0

-0.2 -0.0

26.8 24.0

-0.4 -0.0

26.4 23.4

-0.8 -0.6

26.7 23.2

-0.5 -0.8

26.1 22.9

-1.1 -1.1

5% 10% 20% 50% 100%
WRONG LANGUAGE

(FRENCH SOURCE)
26.9 24.0

-0.3 -0.0

26.8 23.9

-0.4 -0.1

26.8 23.9

-0.4 -0.1

26.8 23.9

-0.4 -0.1

26.8 23.8

-0.4 -0.2

5% 10% 20% 50% 100%
WRONG LANGUAGE

(FRENCH TARGET)
26.7 24.0

-0.5 -0.0

26.6 23.9

-0.6 -0.1

26.7 23.8

-0.5 -0.2

26.2 23.5

-1.0 -0.5

25.0 23.4

-2.2
-0.6

5% 10% 20% 50% 100%
UNTRANSLATED
(ENGLISH SOURCE)

27.2 23.9

-0.0 -0.1

27.0 23.9

-0.2 -0.1

26.7 23.6

-0.5 -0.4

26.8 23.7

-0.4 -0.3

26.9 23.5

-0.3 -0.5

5% 10% 20% 50% 100%
UNTRANSLATED
(GERMAN TARGET)

17.6 23.8

-9.8

-0.2

11.2 23.9

-16.0

-0.1

5.6 23.8

-21.6

-0.2

3.2 23.4

-24.0

-0.6

3.2 21.1

-24.0

-2.9

5% 10% 20% 50% 100%
SHORT SEGMENTS

(max 2)
27.1 24.1

-0.1 +0.1

26.5 23.9

-0.7 -0.1

26.7 23.8

-0.5 -0.2

SHORT SEGMENTS
(max 5)

27.8 24.2

+0.6 +0.2

27.6 24.5

+0.4 +0.5

28.0 24.5

+0.8 +0.5

26.6 24.2

-0.6 +0.2

NMT SMT

2.5% 5% 10% 25% 50%



Short	Segments
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Short	Segments

Die
süß
Känguru
schnell

The
cute
Kangaroo
fast
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Short	Segments
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5% 10% 20% 50% 100%
MISALIGNED SENTENCES 26.5 24.0

-0.7 -0.0

26.5 24.0

-0.7 -0.0

26.3 23.9

-0.9 -0.1

26.1 23.9

-1.1
-0.1

25.3 23.4

-1.9
-0.6

5% 10% 20% 50% 100%
MISORDERED WORDS

(SOURCE)
26.9 24.0

-0.3 -0.0

26.6 23.6

-0.6 -0.4

26.4 23.9

-0.8 -0.1

26.6 23.6

-0.6 -0.4

25.5 23.7

-1.7
-0.3

5% 10% 20% 50% 100%
MISORDERED WORDS

(TARGET)
27.0 24.0

-0.2 -0.0

26.8 24.0

-0.4 -0.0

26.4 23.4

-0.8 -0.6

26.7 23.2

-0.5 -0.8

26.1 22.9

-1.1 -1.1

5% 10% 20% 50% 100%
WRONG LANGUAGE

(FRENCH SOURCE)
26.9 24.0

-0.3 -0.0

26.8 23.9

-0.4 -0.1

26.8 23.9

-0.4 -0.1

26.8 23.9

-0.4 -0.1

26.8 23.8

-0.4 -0.2

5% 10% 20% 50% 100%
WRONG LANGUAGE

(FRENCH TARGET)
26.7 24.0

-0.5 -0.0

26.6 23.9

-0.6 -0.1

26.7 23.8

-0.5 -0.2

26.2 23.5

-1.0 -0.5

25.0 23.4

-2.2
-0.6

5% 10% 20% 50% 100%
UNTRANSLATED
(ENGLISH SOURCE)

27.2 23.9

-0.0 -0.1

27.0 23.9

-0.2 -0.1

26.7 23.6

-0.5 -0.4

26.8 23.7

-0.4 -0.3

26.9 23.5

-0.3 -0.5

5% 10% 20% 50% 100%
UNTRANSLATED
(GERMAN TARGET)

17.6 23.8

-9.8

-0.2

11.2 23.9

-16.0

-0.1

5.6 23.8

-21.6

-0.2

3.2 23.4

-24.0

-0.6

3.2 21.1

-24.0

-2.9

5% 10% 20% 50% 100%
SHORT SEGMENTS

(max 2)
27.1 24.1

-0.1 +0.1

26.5 23.9

-0.7 -0.1

26.7 23.8

-0.5 -0.2

5% 10% 20% 50% 100%
SHORT SEGMENTS

(max 5)
27.8 24.2

+0.6 +0.2

27.6 24.5

+0.4 +0.5

28.0 24.5

+0.8 +0.5

26.6 24.2

-0.6 +0.2

5% 10% 20% 50% 100%
MISALIGNED SENTENCES 26.5 24.0

-0.7 -0.0

26.5 24.0

-0.7 -0.0

26.3 23.9

-0.9 -0.1

26.1 23.9

-1.1
-0.1

25.3 23.4

-1.9
-0.6

5% 10% 20% 50% 100%
MISORDERED WORDS

(SOURCE)
26.9 24.0

-0.3 -0.0

26.6 23.6

-0.6 -0.4

26.4 23.9

-0.8 -0.1

26.6 23.6

-0.6 -0.4

25.5 23.7

-1.7
-0.3

5% 10% 20% 50% 100%
MISORDERED WORDS

(TARGET)
27.0 24.0

-0.2 -0.0

26.8 24.0

-0.4 -0.0

26.4 23.4

-0.8 -0.6

26.7 23.2

-0.5 -0.8

26.1 22.9

-1.1 -1.1

5% 10% 20% 50% 100%
WRONG LANGUAGE

(FRENCH SOURCE)
26.9 24.0

-0.3 -0.0

26.8 23.9

-0.4 -0.1

26.8 23.9

-0.4 -0.1

26.8 23.9

-0.4 -0.1

26.8 23.8

-0.4 -0.2

5% 10% 20% 50% 100%
WRONG LANGUAGE

(FRENCH TARGET)
26.7 24.0

-0.5 -0.0

26.6 23.9

-0.6 -0.1

26.7 23.8

-0.5 -0.2

26.2 23.5

-1.0 -0.5

25.0 23.4

-2.2
-0.6

5% 10% 20% 50% 100%
UNTRANSLATED
(ENGLISH SOURCE)

27.2 23.9

-0.0 -0.1

27.0 23.9

-0.2 -0.1

26.7 23.6

-0.5 -0.4

26.8 23.7

-0.4 -0.3

26.9 23.5

-0.3 -0.5

5% 10% 20% 50% 100%
UNTRANSLATED
(GERMAN TARGET)

17.6 23.8

-9.8

-0.2

11.2 23.9

-16.0

-0.1

5.6 23.8

-21.6

-0.2

3.2 23.4

-24.0

-0.6

3.2 21.1

-24.0

-2.9

5% 10% 20% 50% 100%
SHORT SEGMENTS

(max 2)
27.1 24.1

-0.1 +0.1

26.5 23.9

-0.7 -0.1

26.7 23.8

-0.5 -0.2

5% 10% 20% 50% 100%
SHORT SEGMENTS

(max 5)
27.8 24.2

+0.6 +0.2

27.6 24.5

+0.4 +0.5

28.0 24.5

+0.8 +0.5

26.6 24.2

-0.6 +0.2

≤	2	words

3-5	words
2.5% 5% 10% 25%

2.5% 5% 10%



5% 10% 20% 50% 100%
MISALIGNED SENTENCES 26.5 24.0

-0.7 -0.0

26.5 24.0

-0.7 -0.0

26.3 23.9

-0.9 -0.1

26.1 23.9

-1.1
-0.1

25.3 23.4

-1.9
-0.6

MISORDERED WORDS
(SOURCE)

26.9 24.0

-0.3 -0.0

26.6 23.6

-0.6 -0.4

26.4 23.9

-0.8 -0.1

26.6 23.6

-0.6 -0.4

25.5 23.7

-1.7
-0.3

MISORDERED WORDS
(TARGET)

27.0 24.0

-0.2 -0.0

26.8 24.0

-0.4 -0.0

26.4 23.4

-0.8 -0.6

26.7 23.2

-0.5 -0.8

26.1 22.9

-1.1 -1.1

WRONG LANGUAGE
(FRENCH SOURCE)

26.9 24.0

-0.3 -0.0

26.8 23.9

-0.4 -0.1

26.8 23.9

-0.4 -0.1

26.8 23.9

-0.4 -0.1

26.8 23.8

-0.4 -0.2

WRONG LANGUAGE
(FRENCH TARGET)

26.7 24.0

-0.5 -0.0

26.6 23.9

-0.6 -0.1

26.7 23.8

-0.5 -0.2

26.2 23.5

-1.0 -0.5

25.0 23.4

-2.2
-0.6

UNTRANSLATED
(ENGLISH SOURCE)

27.2 23.9

-0.0 -0.1

27.0 23.9

-0.2 -0.1

26.7 23.6

-0.5 -0.4

26.8 23.7

-0.4 -0.3

26.9 23.5

-0.3 -0.5

UNTRANSLATED
(GERMAN TARGET)

17.6 23.8

-9.8

-0.2

11.2 23.9

-16.0

-0.1

5.6 23.8

-21.6

-0.2

3.2 23.4

-24.0

-0.6

3.2 21.1

-24.0

-2.9

SHORT SEGMENTS
(max 2)

27.1 24.1

-0.1 +0.1

26.5 23.9

-0.7 -0.1

26.7 23.8

-0.5 -0.2

SHORT SEGMENTS
(max 5)

27.8 24.2

+0.6 +0.2

27.6 24.5

+0.4 +0.5

28.0 24.5

+0.8 +0.5

26.6 24.2

-0.6 +0.2

RAW CRAWL DATA 27.4 24.2

+0.2 +0.2

26.6 24.2

-0.6 +0.2

24.7 24.4

-2.5

+0.4

20.9 24.8

-6.3

+0.8

17.3 25.2

-9.9

+1.2

Table 1: Results from adding different amounts of noise (ratio of original clean corpus) for various types

of noise in German-English Translation. Generally neural machine translation (left green bars) is harmed

more than statistical machine translation (right blue bars). The worst type of noise are segments in the

source language copied untranslated into the target.
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Filtering	methods

• BiCleaner [Espla-Gomis &	Forcada 2009]
• Zipporah	[Xu	&	Koehn	2017]
• WMT	shared	task	[Koehn,	Khayrallah, Heafield &	Forcada 2018]
• Dual	Conditional	Cross-Entropy	Filtering	[Junczys-Dowmunt 2018]
• Zipporah	[Khayrallah,	Xu	&		Koehn	2018]
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NMT SMT
WMT17 27.2 24.0
+ raw paracrawl 17.3 (-9.9) 25.2 (+1.2)

+ filtered paracrawl 32.4 (+5.2) 25.8 (+1.8)
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DeàEn translation



Huda	Khayrallah

NMT SMT
WMT17 27.2 24.0
+ raw paracrawl 17.3 (-9.9) 25.2 (+1.2)

WMT19 + 
filtered paracrawl

32.4 (+5.2) 25.8 (+1.8)
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DeàEn translation



Overview

• Overview	of	Neural	Machine	Translation	(NMT)
• Overview	of	Domain	Adaptation
• Improving	Domain	Adaptation	
• Regularized	Training	Objective	for	Continued	Training	for	
Domain	Adaptation	in	Neural	Machine	
Translation [Khayrallah,	Thompson, Duh	&	Koehn	2018]

• Analysis	of	Noisy	Corpora	
• On	the	Impact	of	Various	Types	of	Noise	on	Neural	
Machine	Translation	[Khayrallah	&	Koehn	2018]
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Takeaways

• new	methodsà improved	performance
• models	consist	of	methods	+	data	
• methods	pick	up	patterns	in	the	data
• noise	[Khayrallah	&	Koehn	2018]
• annotation	artifacts	[Poliak	et	al.,	2018]
• Bias	[Ethics	in	NLP	2017,	2018;	Gender	Bias	in	NLP	2019]
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Questions?
huda@jhu.edu
cs.jhu.edu/~huda
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