
CS371N:	Natural	Language	Processing	
Lecture	23:	Machine	Transla;on

Greg	Durre>

Star	Wars	The	Third	Gathers:	The	Backstroke	of	the	West	
(sub;tles	machine	translated	from	Chinese)

Administrivia

‣ A5	grading	underway

‣ FP	check-ins	due	in	9	days

‣ Course	evalua;ons:	submit	proof	for	extra	credit	on	final	project

Today’s	Lecture

‣ MT	basics

‣ Phrase-based	MT,	word	alignment

‣ Mul;lingual	and	cross-lingual	models

‣ MT	fron;ers

MT	Basics



MT	in	Prac;ce

Je	fais	un	bureau

Je	fais	une	soupe

Je	fais	un	bureau

I	make	a	desk

I’m	making	a	desk

I’m	making	soup

Qu’est-ce	que	tu	fais? What	are	you	doing?

‣ What	makes	this	hard? Not	word-to-word	transla;on	
Mul;ple	transla;ons	of	a	single	source	(ambiguous)

‣ Bitext:	this	is	what	we	learn	transla;on	systems	from.	What	can	you	learn?

Levels	of	Transfer:	Vauquois	Triangle

Slide	credit:	Dan	Klein‣ Classic	systems	were	mostly	phrase-based

Bernard	Vauquois	(1968)

Evalua;ng	MT
‣ What	should	our	evalua;on	goals	be?

Evalua;ng	MT
‣ Fluency:	does	it	sound	good	in	the	target	language?
‣ Fidelity/adequacy:	does	it	capture	the	meaning	of	the	original?

‣ Classic	autuoma;c	metric:	BLEU	score:	geometric	mean	of	1-,	2-,	3-,	and	
4-gram	precision	vs.	a	reference,	mul;plied	by	brevity	penalty	(penalizes	
short	transla;ons)

Typically	n	=	4,	wi	=	1/4

r	=	length	of	reference	
c	=	length	of	predic;on

‣ Which	of	these	criteria	does	it	capture?



Phrase-based	MT,	Word	Alignment

Phrase-Based	MT

‣ Key	idea:	transla;on	works	be>er	the	bigger	chunks	you	use
‣ Remember	phrases	from	training	data,	translate	piece-by-piece	and	
s;tch	those	pieces	together	to	translate

‣ How	to	iden;fy	phrases?	Word	alignment	over	source-target	bitext

‣ How	to	s;tch	together?	Language	model	over	target	language

‣ Decoder	takes	phrases	and	a	language	model	and	searches	over	possible	
transla;ons

‣ NOT	like	standard	discrimina;ve	models	(take	a	bunch	of	transla;on	
pairs,	learn	a	ton	of	parameters	in	an	end-to-end	way)

Phrase-Based	MT

Unlabeled English data 

cat ||| chat ||| 0.9  
the cat ||| le chat ||| 0.8 
dog ||| chien ||| 0.8  
house ||| maison ||| 0.6  
my house ||| ma maison ||| 0.9 
language ||| langue ||| 0.9  
… 
 
 

Language 
model P(e) 

Phrase table P(f|e) P (e|f) / P (f |e)P (e)

Noisy channel model: 
combine scores from 
translation model + 
language model to 
translate foreign to 

English 

“Translate faithfully but make fluent English” 

}
‣ Where	does	the	phrase	table	come	
from?	First	need	word	alignment

Word	Alignment
§  Input:	a	bitext:	pairs	of	translated	sentences	

§  Output:	alignments:	pairs	of	
	translated	words	
§  Not	always	one-to-one!	

 nous acceptons votre opinion . 
 we accept your view . 

‣ Input:	a	bitext,	pairs	of	translated	sentences

nous	acceptons	votre	opinion	.	|||	we	accept	your	view	

nous	allons	changer	d’avis	|||	we	are	going	to	change	our	minds

‣ Output:	alignments	between	words	in	each	
sentence

‣ We	will	see	how	to	turn	these	into	phrases

“accept	and	acceptons	are	aligned”



1-to-Many	Alignments Word	Alignment

‣ Models	P(t|s):	probability	of	“target”	sentence	being	generated	from	
“source”	sentence	according	to	a	model

‣ Correct	alignments	should	lead	to	higher-likelihood	genera;ons,	so	by	
op;mizing	this	objec;ve	we	will	learn	correct	alignments

‣ Latent	variable	model: P (t|s) =
X

a

P (t|a, s)P (a)
<latexit sha1_base64="Hgu6Mrfg6M0v6D2L1wwWYGYMgYk=">AAACR3icbVDLSgMxFM3UV62vqks3wSK0IGWmCroRim5cVrAPaGu5k2ba0MyDJCOUcf7OjVt3/oIbF4q4NNMH1rYHAodzzuXeHDvgTCrTfDNSK6tr6xvpzczW9s7uXnb/oCb9UBBaJT73RcMGSTnzaFUxxWkjEBRcm9O6PbhJ/PojFZL53r0aBrTtQs9jDiOgtNTJPlTyLRdU33YiFT9NqYwL+Aq3ZOh2oqkGcYyXhiE+nZ37y0Bc6GRzZtEcAS8Sa0JyaIJKJ/va6vokdKmnCAcpm5YZqHYEQjHCaZxphZIGQAbQo01NPXCpbEejHmJ8opUudnyhn6fwSJ2diMCVcujaOpmcKOe9RFzmNUPlXLYj5gWhoh4ZL3JCjpWPk1JxlwlKFB9qAkQwfSsmfRBAlK4+o0uw5r+8SGqlonVWLN2d58rXkzrS6Agdozyy0AUqo1tUQVVE0DN6R5/oy3gxPoxv42ccTRmTmUP0DynjF6MVs4M=</latexit>

IBM	Model	1

Brown	et	al.	(1993)

Thank	you			,					I				shall			do				so					gladly			.s

‣ Each	target	word	is	aligned	to	at	most	one	source	word

0 2 6

Gracias		,						lo		hare		de			muy	buen	grado		.t

5 7 7 7 7 8a

‣ Set	P(a)	uniformly	(no	prior	over	good	alignments)

‣ 																	:	word	transla;on	probability	table.	Learn	with	EMP (t,a | e) =
nY

i=1

P (ti | sai)P (ai)
<latexit sha1_base64="L9PY6ojU3mzRUOz69mULESDPqUw="></latexit>

P (t,a | s) =
nY

i=1

P (ti | sai)P (ai)
<latexit sha1_base64="EyoS79tYffIl3oOzjKH8mrLxWXQ="></latexit>

IBM	Model	1:	Example

Brown	et	al.	(1993)

Je							0.8			0.1				0.1

J’								0.8			0.1				0.1
mange				0						0						1.0

aime						0					1.0					0

NULL				0.4			0.3				0.3

I						like					eat s	=	Je												NULL

t	=	I

What	is	P(t,	a	|	s)?

P (t,a | s) =
nY

i=1

P (ti | sai)P (ai)
<latexit sha1_base64="EyoS79tYffIl3oOzjKH8mrLxWXQ="></latexit>

What	is	P(a	|	t,	s)?



IBM	Model	1:	Example	2

Brown	et	al.	(1993)

Je							0.8			0.1				0.1

J’								0.8			0.1				0.1
mange				0						0						1.0

aime						0					1.0					0

NULL				0.4			0.3				0.3

I						like					eat s	=	J’							aime												NULL

t	=	I								like

P (t,a | s) =
nY

i=1

P (ti | sai)P (ai)
<latexit sha1_base64="EyoS79tYffIl3oOzjKH8mrLxWXQ="></latexit>

What	is	P(a1	|	t,	s)?

Learning	with	EM

Brown	et	al.	(1993)

‣ E-step:	es;mate	P(a	|	t,	s)

‣ M-step:	treat	P(a	|	t,	s)	as	“pseudo-labels”	for	the	data.	Read	off	counts	+	
normalize

‣ Common	unsupervised	learning	method	for	latent	variable	models

HMM	for	Alignment

Vogel	et	al.	(1996)

Thank	you			,					I				shall			do				so					gladly			.e

‣ Sequen;al	dependence	between	a’s	to	capture	monotonicity

0 2 6

Gracias		,						lo		hare		de			muy	buen	grado		.f

5 7 7 7 7 8a

‣ Alignment	dist	parameterized	by	jump	size:

§  Want	local	monotonicity:	most	jumps	are	small	
§  HMM	model	(Vogel	96)	

§  Re-es>mate	using	the	forward-backward	algorithm	
 -2 -1  0  1  2  3 

P (t,a | s) =
nY

i=1

P (ti | sai)P (ai | ai�1)
<latexit sha1_base64="Syw5YpcRHzp90q+wcRgApfZ5TqM="></latexit>

HMM	Model

à
‣ Some	mistakes,	especially	when	you	have	
rare	words	(garbage	collec?on)

‣ Alignments	are	generally	monotonic	
(along	diagonal)



Phrase	Extrac;on

‣ Find	con;guous	sets	of	aligned	words	
in	the	two	languages	that	don’t	have	
alignments	to	other	words

d’assister	à	la	reunion	et	|||	to	a>end	the	mee;ng	and	 à

‣ Lots	of	phrases	possible,	count	across	
all	sentences	and	score	by	frequency

assister	à	la	reunion	|||	a>end	the	mee;ng

la	reunion	and	|||	the	mee;ng	and

nous	|||	we
…

Phrase-Based	Decoding

‣ Phrase	table:	set	of	phrase	pairs	(e,	f)	with	probabili;es	P(f|e)

‣ Inputs:

‣ What	we	want	to	find:	e	produced	by	a	series	of	phrase-by-phrase	
transla;ons	from	an	input	f,	possibly	with	reordering:

‣ n-gram	language	model:	P (ei|e1, . . . , ei�1) ⇡ P (ei|ei�n�1, . . . , ei�1)

‣ Uses	a	beam	search	algorithm.	We	will	not	discuss

Cross-Lingual,	Mul;lingual	
Word	Representa;ons

Mul;lingual	Embeddings
‣ MT	involves	directly	mapping	between	strings	in	different	languages

‣ Poten;ally	easier	task:	learn	model	that	can	do	the	same	task	in	
mul;ple	languages?	E.g.,	do	POs	tagging	in	both	English	and	French,	do	
a	QA	in	10	languages,	etc.

‣ We’ll	see	some	neural	techniques	that	can	do	this,	then	come	back	to	
transla;on



Mul;lingual	Embeddings

Ammar	et	al.	(2016)

‣ mul;Cluster:	use	bilingual	dic;onaries	to	form	clusters	of	words	
that	are	transla;ons	of	one	another,	replace	corpora	with	cluster	
IDs,	train	“monolingual”	embeddings	over	all	these	corpora

‣ Works	okay	but	not	all	that	well

I	have	an	apple

J’	ai	des	oranges I			Je	J’

ID:	47ai				have

ID:	24

47	24	89			1981

47	24			18		427

‣ Input:	corpora	in	many	languages.	Output:	embeddings	where	
similar	words	in	different	languages	have	similar	embeddings

Mul;lingual	BERT

Devlin	et	al.	(2019)

‣ Take	top	104	Wikipedias,	train	BERT	on	all	of	them	simultaneously

‣ What	does	this	look	like?

Beethoven	may	have	proposed	unsuccessfully	to	Therese	Malfaq,	the	
supposed	dedicatee	of	"Für	Elise";	his	status	as	a	commoner	may	again	
have	interfered	with	those	plans.

当⼈们在⻢尔法蒂身后发现这部⼩曲的⼿稿时，便误认为上⾯写的是
“Für	Elise”（即《给爱丽丝》）[51]。

Китай́	(официально	—	Китай́ская	Наро́дная	Респуб́лика,	
сокращённо	—	КНР;	кит.	трад.	中華⼈⺠共和國,	упр.	中华⼈⺠共和
国,	пиньинь:	Zhōnghuá	Rénmín	Gònghéguó,	палл.:	Чжунхуа	Жэньминь	

Гунхэго)	—	государство	в	Восточной	Аз

Mul;lingual	BERT:	Results

Pires	et	al.	(2019)

‣ Can	transfer	BERT	directly	across	languages	with	some	success

‣ …but	this	evalua;on	is	on	languages	that	all	share	an	alphabet

Mul;lingual	BERT:	Results

Pires	et	al.	(2019)

‣ Urdu	(Arabic/Nastaliq	script)	=>	Hindi	(Devanagari).	Transfers	well	despite	
different	alphabets!

‣ Japanese	=>	English:	different	script	and	very	different	syntax



Scaling	Up:	XLM-R

Conneau	et	al.	(2019)

‣ Larger	“Common	Crawl”	dataset,	be>er	performance	than	mBERT

‣ Low-resource	languages	benefit	from	training	on	other	languages

‣ High-resource	languages	see	a	small	performance	hit,	but	not	much

Scaling	Up:	Benchmarks

Hu	et	al.	(2021)

‣ Many	of	these	datasets	are	transla;ons	of	base	datasets,	not	originally	
annotated	in	those	languages

‣ Excep;ons:	POS,	NER,	TyDiQA

TyDiQA

Clark	et	al.	(2021)

‣ Annotators	write	
ques;ons	based	on	very	
short	snippets	of	
ar;cles;	answers	may	or	
may	not	exist,	fetched	
from	elsewhere	in	
Wikipedia

‣ Typologically-	
diverse	QA	dataset

Transformer	MT	+	Fron;ers



Transformers

Vaswani	et	al.	(2017)

‣ Big	=	6	layers,	1000	dim	for	each	token,	16	heads,	
base	=	6	layers	+	other	params	halved

Fron;ers	in	MT:	Small	Data

Sennrich	and	Zhang	(2019)‣ Synthe;c	small	data	seqng:	German	->	English

Fron;ers	in	MT:	Low-Resource

Aji	et	al.	(2020)

‣ Par;cular	interest	in	deploying	MT	systems	for	languages	with	li>le	or	no	
parallel	data

Burmese,	Indonesian,	Turkish

‣ BPE	allows	us	to	transfer	
models	even	without	
training	on	a	specific	
language

‣ Pre-trained	models	can	
help	further

Fron;ers	in	MT:	Low-Resource

Aji	et	al.	(2020)

‣ Very	important	to	transfer	the	basic	Transformer	“skills”,	but	re-learning	
the	embeddings	seems	fine	in	many	cases



Fron;ers	in	MT:	Mul;lingual	Models

Yinhan	Liu	et	al.	(2020)

Fron;ers	in	MT:	Mul;lingual	Models

Yinhan	Liu	et	al.	(2020)
‣ Random	=	random	ini;aliza;on

Fron;ers	in	MT:	Mul;lingual	Models

Yinhan	Liu	et	al.	(2020)

Fron;ers	in	MT:	ChatGPT

“Is	ChatGPT	A	Good	Translator?	Yes	With	GPT-4	As	The	Engine”	Jia	et	al.	(2023)

‣ Works	okay	for	Chinese-English,	but	less	good	at	genera;ng	into	low-
resource	languages	(English	->	Romanian	doesn’t	work	well)



Fron;ers:	Evalua;on	with	LLMs

Kocmi	et	al.	(2023)

‣ Outperforms	many	learned	MT	metrics	(Transformers	trained	over	
(source,	target,	reference)	triples	to	reproduce	human	judgments	of	
quality)

Takeaways

‣ Transformers	are	state-of-the-art	for	machine	transla;on

‣ They	work	really	well	on	languages	where	we	have	a	ton	of	data.	When	
they	don’t:	pre-training	can	help

‣ Word	alignment	is	a	way	to	learn	unsupervised	correspondences	
between	words	and	build	phrase	tables

‣ Phrase-based	MT	was	SOTA	for	a	long	;me	(and	un;l	the	past	couple	of	
years	was	s;ll	best	for	low-resource	seqngs)


