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•  Query:	President-elect	Barack	Obama	said	Tuesday	he	was	not	
aware	of	alleged	corrup)on	by	X	who	was	arrested	on	charges	of	
trying	to	sell	Obama’s	senate	seat.	

Who-Did-What	Dataset	
•  Document:	“…arrested	Illinois	governor	Rod	Blagojevich	and	his	

chief	of	staff	John	Harris	on	corrup)on	charges	…	included	
Blogojevich	allegedly	conspiring	to	sell	or	trade	the	senate	seat	leZ	
vacant	by	President-elect	Barack	Obama…”	

•  Answer:	Rod	Blagojevich	

Onishi, Wang, Bansal, Gimpel, McAllester, EMNLP, 2016



Introduc)on	
• 	The	cloze-style	Q/A	task	involves	tuples	of	the	form		

Ø  				is	a	document	(paragraph	/	context)	
Ø  				is	a	ques)on	over	the	contents	of	that	document	
Ø  				is	the	answer	to	this	query	

• 	The	answer	comes	from	a	fixed	vocabulary				.	

• 	Task:	given	a	document	query	pair												find															which	
answers			.	



Prior	Work	
• 	LSTMs	with	AJen)on:	Hermann	et	al.,2015,	Hill	et	al,	2015,	Chen	et	al,	
2016,	Bahdanau	et	al.,	2014	

• 	Memory	Networks:	Weston	et	al.,	2014,	Sukhbaatar	et	al.,	2015,	
Bajgar	et	al.,	2016		

• 		AJen)on	Sum	Reader:	Kadlec	et	al.,	2016,	Cui	wt	al,	2016		

• 	Dynamic	En)ty	Representa)ons:	Kobayashi	et	al.,	2016	

• 	Neural	Seman)c	Encoders,	Munkhdalai	&	Yu,	2016	

• 	Itera)ve	AJen)ve	Reader,	Sordoni	et	al.,	2016		

• 	ReasoNet,	Shen	et	al.,	2016	



Recurrent	Neural	Network		

x1	 x2	 x3	

h1	 h2	 h3	

Nonlinearity		 Hidden	State		at	
previous	)me	step	

Input	at	)me	
step	t	



Mul)plica)ve	Integra)on	

• 	Replace	

• 	With		

• 	Or	more	generally	

Wu et al., NIPS 2016



Mul)plica)ve	Integra)on	

Wu et al., NIPS 2016

• 	Or	more	generally	



Represen)ng	Document/Query	
• 	Let																																											denote	denote	the	token	embeddings	
of	the	document.	

• 	Let																																											denote	embeddings	of	the	query.	

• 	|D|	and	|Q|	denote	the	document	and	query	lengths	respec)vely	



Represen)ng	Document/Query	
• 	Forward	RNN	reads	sentences			
from	leZ	to	right:	

• 	Backward	RNN	reads	sentences	
from	right	to	leZ:	

• 	The	hidden	states	are	then	concatenated:	



Represen)ng	Document/Query	
• 		Use	GRUs	to	encode	a	
document	and	a	query:	

• 	Note	that,	for	example,	Q	is	a	
matrix				

• 	We	can	then	use	Gated	AJen)on	mechanism:			



Ø  use	the	element-wise	mul)plica)on	
operator	to	model	the	interac)ons	
between								and	

Gated	AJen)on	Mechanism		
• 	For	each	token	d	in	D,	we	form	a	token-specific	representa)on	
of	the	query:	

 Dhingra, Liu, Yang, Cohen, Salakhutdinov, ACL 2017



Mul)-hop	Architecture	
• 	Many	QA	tasks	require	reasoning	over	mul)ple	sentences.		
• 	Need	to	performs	several	passes	over	the	context.	

 Dhingra, Liu, Yang, Cohen, Salakhutdinov, ACL 2017



Output	Model	
• 	Probability	that	a	par)cular	token	in	the	document	answers	
the	query:	

Ø  Take	an	inner	product	between	the	query	embedding	and	the	output	
of	the	last	layer:	

• 	The	probability	of	a	par)cular	candidate														is	then	
aggregated	over	all	document	tokens	which	appear	in	c:			

set	of	posi)ons	where	a	
token	in	c	appears	in	the	
document	d.	

Pointer Sum Attention of Kadlec et al., 2016



Output	Model	
• 	The	probability	of	a	par)cular	candidate														is	then	
aggregated	over	all	document	tokens	which	appear	in	c:			

• 	The	candidate	with	maximum	probability	is	selected	as	the	
predicted	answer:	

• 		Use	cross-entropy	loss	between	the	predicted	probabili)es	
and	the	true	answers.	



Datasets	
• 	We	have	looked	at	6	datasets:	

• 	The	word	lookup	was	ini)alized	with	GloVe	vectors	(Pennington	et	
al.,	2014)		



Affect	of	Mul)plica)ve	Ga)ng		
• 	Performance	of	different	ga)ng	func)ons	on	“Who	did	
What”	(WDW)	dataset.	





Analysis	of	AJen)on		
•  Context:	“…arrested	Illinois	governor	Rod	Blagojevich	and	his	chief	of	staff	John	

Harris	on	corrup)on	charges	…	included	Blogojevich	allegedly	conspiring	to	sell	
or	trade	the	senate	seat	leZ	vacant	by	President-elect	Barack	Obama…”	

•  Query:	“President-elect	Barack	Obama	said	Tuesday	he	was	not	aware	of	
alleged	corrup)on	by	X	who	was	arrested	on	charges	of	trying	to	sell	Obama’s	
senate	seat.”	

•  Answer:	Rod	Blagojevich	

Layer	1	 Layer	2	
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•  Query:	“President-elect	Barack	Obama	said	Tuesday	he	was	not	aware	of	
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Layer	1	 Layer	2	

Code	+	Data:	hJps://github.com/bdhingra/ga-reader	



Words	vs.	Characters		
• 	Word-level	representa)ons	are	good	at	learning	the	seman)cs	
of	the	tokens	

• 	Character-level	representa)ons	are	more	suitable	for	modeling	
sub-word	morphologies	(“cat”	vs.	“cats”)	

Ø  Word-level	representa)ons	are	obtained	from	a	learned	lookup	table	

Ø  Character-level	representa)ons	are	usually	obtained	by	applying	RNN	
or	CNN	

• 	Hybrid	word-character	models	have	been	shown	to	be	successful	
in	various	NLP	tasks	(Yang	et	al.,	2016a,	Miyamoto	&	Cho	(2016),	Ling	et	al.,	2015)	

• 	Commonly	used	method	is	to	concatenate	these	two	
representa)ons		



Fine-Grained	Ga)ng	
• 	Fine-grained	ga)ng	mechanism:		

Word-	level	
representa)on	

Character	-	level	
representa)on	

Ga)ng	

Addi)onal	features:	named	en)ty	tags,	part-	of-
speech	tags,	document	frequency	vectors,	word	
look-up	representa)ons	

Yang et al., ICLR 2017



Children’s	Book	Test	(CBC)	Dataset	

Yang et al., ICLR 2017



Words	vs.	Characters	
• 	High	gate	values:	character-level	representa)ons	
• 	Low	gate	values:	word-level	representa)ons.		

Yang et al., ICLR 2017



Talk	Roadmap	

•  Mul)plica)ve	and	Fine-grained	AJen)on		

•  Linguis)c	Knowledge	as	Explicit	Memory	
for	RNNs	

•  Genera)ve	Domain-Adap)ve	Nets	



Her plain face broke into a huge smile when she saw Terry. 
“Terry!” she called out. 
She rushed to meet him and they embraced. 
“Hon, I want you to meet an old friend, Owen McKenna. 
Owen, please meet Emily.'' 
She gave me a quick nod and turned back to X

Broad-Context	Language	Modeling 

 LAMBADA dataset, Paperno et al., 2016
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Her plain face broke into a huge smile when she saw Terry. 
“Terry!” she called out. 
She rushed to meet him and they embraced. 
“Hon, I want you to meet an old friend, Owen McKenna. 
Owen, please meet Emily.'' 
She gave me a quick nod and turned back to X

X = Terry

Broad-Context	Language	Modeling 

 LAMBADA dataset, Paperno et al., 2016



Her	plain	face	broke	into	
a	huge	smile	when	she	
saw	Terry.		“Terry!”	she	
called	out.		She	rushed	
to	meet	him	and	they	
embraced.		“Hon,	I	want	
you	to	meet	an	old	
friend,	Owen	McKenna.	
Owen,	please	meet	
Emily.'’		She	gave	me	a	
quick	nod	and	turned	
back	to	X	

Coreference	
Dependency	Parses	

En)ty	rela)ons	

Word	rela)ons	

Core	NLP	

Freebase	

WordNet	

Recurrent	Neural	Network	

Text	Representa)on	

Incorpora)ng	Prior	Knowledge 



there ball the left She 

kitchen the to went She 

football the got Mary 

Coreference	
Hyper/Hyponymy	

RNN	

 Dhingra, Yang, Cohen, Salakhutdinov 2017

Incorpora)ng	Prior	Knowledge 



Memory	as	Acyclic	Graph	
Encoding	(MAGE)	-	RNN	
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 Dhingra, Yang, Cohen, Salakhutdinov 2017

Incorpora)ng	Prior	Knowledge 



there ball the left she 

kitchen the to went she 

football the got Mary 

Forward	Subgraph	

Forward/Backward	DAG 

there ball the left she 

kitchen the to went she 

football the got Mary 

Backward	Subgraph	



there ball the left she 

kitchen the to went she 

football the got Mary 

? football the is Where 

Mul)ple	Sequences 



Results	with	Coreference 

• 	Plan	to	incorporate	rela)ons	beyond	coreference	

Model	 bAbi	QA		
(1k	training)	

LAMBADA	 CNN	

Previous	Best	 90.1	 49.0	 77.9	
GA	 75.2	 50.0	 77.9	
GA	+	MAGE	 91.3	 51.6	 78.6	

• 	AJen)on	over	edge	types	



Learned	Representa)on 
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In	meteorology,	precipita)on	is	any	product	of	the	
condensa)on	of	atmospheric	water	vapor	that	falls	
under	gravity.	The	main	forms	of	precipita)on	include	
drizzle,	rain,	sleet,	snow,	and	hail…	Precipita)on	forms	
as	smaller	droplets	coalesce	via	collision	with	other	rain	
drops	or	ice		crystals	within	a	cloud.	Short,	intense	
periods	of	rain	in	scaJered	loca)ons	are	called	
“showers”		

		What	causes	precipita)on	to	fall?	
		gravity					

• 	Given	a	paragraph/ques)on,	extract	a	span	of	text	as	the	answer	
• 	Expensive	to	obtain	large	labeled	datasets	
• 	SOTA	approaches	rely	on	large	labeled	datasets	

Extrac)ve	Ques)on	Answering 

 SQuAD Dataset, Rajpurkar et al., 2016



Leverage	Unlabeled	Text 

• 	Almost	unlimited	unlabeled	text.	



Labeled	QA	pairs	 Unlabeled	text	

QA	Model	

Semi-Supervised	QA 



Extrac)ve	Ques)on	Answering 

• 	Use	POS/NER/parsing	to	extract	possible	answer	chunks	
• 	Anything	can	be	the	answers	
• 	We	will	assume	that	answers	are	available.	

In	meteorology,	precipita)on	is	any	product	of	the	
condensa)on	of	atmospheric	water	vapor	that	falls	
under	gravity.	The	main	forms	of	precipita)on	include	
drizzle,	rain,	sleet,	snow,	and	hail…	Precipita)on	forms	
as	smaller	droplets	coalesce	via	collision	with	other	rain	
drops	or	ice		crystals	within	a	cloud.	Short,	intense	
periods	of	rain	in	scaJered	loca)ons	are	called	
“showers”		

		What	causes	precipita)on	to	fall?	
		gravity					



Labeled	data	

p,q,a	

Unlabeled	data	

p,	a	

q	

Generator	G:	
From	(p,	a)										q	
Seq2seq	with	copy	
mechanism	

Discriminator	D:	Combine	to	
train	a	QA	model	

From	(p,	q)										a	
GA	reader	

Genera)ng	Ques)ons 



Baseline	1:	Context	Ques)ons 

Generate	a	context	ques)on	for	the	
answer	“gravity”	

In	meteorology,	precipita)on	is	any	product	of	the	
condensa)on	of	atmospheric	water	vapor	that	falls	
under	gravity.	The	main	forms	of	precipita)on	include	
drizzle,	rain,	sleet,	snow,	and	hail…	Precipita)on	forms	
as	smaller	droplets	coalesce	via	collision	with	other	rain	
drops	or	ice		crystals	within	a	cloud.	Short,	intense	
periods	of	rain	in	scaJered	loca)ons	are	called	
“showers”		

		What	causes	precipita)on	to	fall?	
		gravity					

Water	vapor	that	falls	under		
The	main	forms	of	



Baseline	2:	GANs 

paragraph,	answer	

paragraph,	ques)on	

Answer	
(reconstruc)on)	

True	or	Fake	
ques)on?	

G	

D	D’	

 Goodfellow et al., 2014, Ganin et al. 2014 , Xia et al., 2016



	Johnson et al., 2016; Chu et al., 2017

Genera)ve	Domain-Adap)ve	Nets	(GDANs) 

Labeled	Data	

Train	D	 Train	G	

	Yang, Hu, Salakhutdinov, Cohen, ACL 2017

Unlabeled	Data	

Train	D	



	Johnson et al., 2016; Chu et al., 2017

Genera)ve	Domain-Adap)ve	Nets	(GDANs) 

Labeled	Data	

Unlabeled	Data	

Train	D	 Train	D	 Train	G	

Generator	as	a	Data	Domain	

Condi)on	Discriminator	D	on	Domains	
Adversarial	training	for	G	

	Yang, Hu, Salakhutdinov, Cohen, ACL 2017



Examples	
Context:	“…an	addi)onal	warming	of	the	Earth’s	surface.	They	calculate	with	

confidence	that	C02	has	been	responsible	for	over	half	the	enhanced	greenhouse	
effect.	They	predict	that	under	a	“business	as	usual”	scenario,…”	

Answer:	over	half	
QuesJon:	what	the	enhanced	greenhouse	effect	that	CO2	been	responsible	for?	
Ground	True	Q:	How	much	of	the	greenhouse	effect	is	due	to	carbon	dioxide?	

Context:	“…	in	0000	,	bankamericard	was	renamed	and	spun	off	into	a	separate	
company	known	today	as	visa	inc.”	

Answer:	visa	inc	.	
QuesJon:	what	was	the	separate	company	bankamericard?	
Ground	True	Q:	what	present-day	company	did	bankamericard	turn	into?	

	Yang, Hu, Salakhutdinov, Cohen, ACL 2017



SQuAD	dataset 

Labeling	rate	 Method	 Test	F1	 Exact	Matching		

0.1		 Supervised	 0.3815	 0.2492	
0.1	 Context		 0.4515	 0.2966	
0.1	 Gen	+	GAN	 0.4373		 0.2885	
0.1	 GDAN	 0.4802	 0.3218	
0.5	 Supervised	 0.5722	 0.4187	
0.5	 Context		 0.5740		 0.4195	
0.5	 Gen	+	GAN	 0.5590	 0.4044	
0.5	 GDAN	 	0.5831	 0.4267	

• 	SQuAD	dataset:	87,636	training,	10,600	development	instances	
• 	Use	50K	unlabelled	examples.		



Varia)onal	Autoencoder	(VAE)	
• 	Transform	samples	from	some	simple	distribu)on	(e.g.	normal)	
to	the	data	manifold:	

Determinis)c	
neural	network	

Genera)ve	
Process	

Knigma and Welling, 2014

The	movie	was	
awful	and	boring		



VAE	for	Text	Genera)on	

Hu, Yang, Liang, Salakhutdinov, Xing, 2017

• 	Sample	c,	fix	z.		



VAE	for	Text	Genera)on	

Hu, Yang, Liang, Salakhutdinov, Xing, 2017

• 	Sample	z,	fix	c.		



Thank	you	


