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A"en%on

‣ Decoder	hidden	states	are	now	
mostly	responsible	for	selec%ng	
what	to	a"end	to

‣ Doesn’t	take	a	complex	hidden	
state	to	walk	monotonically	
through	a	sentence	and	spit	
out	word-by-word	transla%ons

‣ Encoder	hidden	states	capture	
contextual	source	word	iden%ty



Neural	MT



Results:	WMT	English-French

Classic	PBMT	system:	~33	BLEU,	uses	addi%onal	target-language	data

PBMT	+	rerank	w/LSTMs:	36.5	BLEU	(long	line	of	work	here;	Devlin+	2014)

Sutskever+	(2014)	seq2seq	single:	30.6	BLEU	(input	reversed)

Sutskever+	(2014)	seq2seq	ensemble:	34.8	BLEU

‣ But	English-French	is	a	really	easy	language	pair	and	there’s	tons	of	data	
for	it!	Does	this	approach	work	for	anything	harder?

Luong+	(2015)	seq2seq	ensemble	with	a"en%on	and	rare	word	handling:	
37.5	BLEU

‣ 12M	sentence	pairs



Results:	WMT	English-German

‣ Not	nearly	as	good	in	absolute	BLEU,	but	BLEU	scores	aren’t	really	
comparable	across	languages

Classic	phrase-based	system:	20.7	BLEU

Luong+	(2014)	seq2seq:	14	BLEU

‣ French,	Spanish	=	easiest	
German,	Czech	=	harder	
Japanese,	Russian	=	hard	(gramma%cally	different,	lots	of	morphology…)

Luong+	(2015)	seq2seq	ensemble	with	rare	word	handling:	23.0	BLEU

‣ 4.5M	sentence	pairs



MT	Examples

Luong	et	al.	(2015)

‣ NMT	systems	can	hallucinate	words,	especially	when	not	using	a"en%on	
—	phrase-based	doesn’t	do	this

‣ best	=	with	a"en%on,	base	=	no	a"en%on



MT	Examples

Luong	et	al.	(2015)

‣ best	=	with	a"en%on,	base	=	no	a"en%on



Handling	Rare	Words

‣Words	are	a	difficult	unit	to	work	with:	copying	can	be	cumbersome,	
word	vocabularies	get	very	large

Sennrich	et	al.	(2016)

‣ Character-level	models	don’t	work	well

Input:	_the	_eco	tax	_port	i	co	_in			_Po	nt	-	de	-	Bu	is	…

Output:	_le	_port	ique	_éco	taxe	_de	_Pont	-	de	-	Bui	s

‣ Compromise	solu%on:	use	thousands	of	“word	pieces”	(which	may	be	
full	words	but	may	also	be	parts	of	words)

‣ Can	achieve	translitera%on	with	this,	subword	structure	makes	some	
transla%ons	easier	to	achieve



Byte	Pair	Encoding	(BPE)

‣ Start	with	every	individual	byte	(basically	character)	as	its	own	symbol

Sennrich	et	al.	(2016)

‣ Count	bigram	character	
cooccurrences

‣Merge	the	most	frequent	pair	of	
adjacent	characters

‣ Doing	8k	merges	=>	vocabulary	of	around	8000	word	pieces.	Includes	
many	whole	words

‣Most	SOTA	NMT	systems	use	this	on	both	source	+	target



Byte	Pair	Encoding	(BPE)

Bostrom	and	Durre"	(2020)

‣ BPE	produces	less	linguis%cally	plausible	units	than	another	
technique	based	on	a	unigram	language	model



Google’s	NMT	System

Wu	et	al.	(2016)

‣ 8-layer	LSTM	encoder-decoder	with	a"en%on,	word	piece	vocabulary	of	
8k-32k	



Google’s	NMT	System

Wu	et	al.	(2016)

Luong+	(2015)	seq2seq	ensemble	with	rare	word	handling:	37.5	BLEU
Google’s	32k	word	pieces:	38.95	BLEU

Google’s	phrase-based	system:	37.0	BLEU

English-French:

Luong+	(2015)	seq2seq	ensemble	with	rare	word	handling:	23.0	BLEU
Google’s	32k	word	pieces:	24.2	BLEU

Google’s	phrase-based	system:	20.7	BLEU

English-German:



Human	Evalua%on	(En-Es)

Wu	et	al.	(2016)

‣ Similar	to	human-level	
performance	on	
English-Spanish



Google’s	NMT	System

Wu	et	al.	(2016)

Gender	is	correct	in	GNMT	
but	not	in	PBMT

“sled”
“walker”


