
Mul$modal		
Deep	Learning	

Russ	Salakhutdinov	

Machine Learning Department 
Carnegie Mellon University

Canadian Institute for Advanced Research



Talk	Roadmap	

•  Cap$on	Genera$on	with	Mul$plica$ve	
Neural	Language	Model	

•  Image	Genera$on	from	Cap$ons	with	
ABen$on	

•  Open	Problems	and	Research	Direc$ons	



Example:	Understanding	Images	

Model	Samples	

• 	a	group	of	people	in	a	crowded	area		
• 	a	group	of	people	are	walking	and	talking	.	
• 	a	group	of	people,	standing	around	and	talking	.	

strangers,		coworkers,		conven$oneers,		
aBendants,		patrons	

TAGS:	

Nearest	Neighbor	Sentence:	
people	taking	pictures	of	a	crazy	person	



Genera$ng	Sentences	

Input	

A	man	skiing	down	the	snow		
covered	mountain	with	a	dark		
sky	in	the	background.			

Output	

• 	More	challenging	problem.	
• 	How	can	we	generate	complete	descrip$ons	of	images?	



Encode-Decode	Framework	

• 	Decoder:	A	neural	language	model	for	genera$ng	a	sequence	
of	words.		

• 	Encoder:	CNN	and	Recurrent	Neural	Net	for	a	joint	image-
sentence	embedding.		



An	Image-Text	Encoder	
Joint	Feature	space	

Encoder:	
ConvNet		

ship	 water	

Socher	2013,	Frome	2013,	Kiros	2014	

•  Learn	a	joint	embedding	space	of	images	and	text:	
-  Can	condi$on	on	anything	(images,	words,	phrases,	etc)	
-  Natural	defini$on	of	a	scoring	func$on	(inner	products	in	the	

joint	space).	



An	Image-Text	Encoder	

Recurrent	Neural	Network	
(LSTM)	

1-of-V	encoding	of	words	

w1	 w2	 w3	

Convolu$onal	Neural	Network		

Sentence	
Representa$on		 Image	

Representa$on		

See Skip-Thought Vectors, 
(Kiros et.al. arXiv 2015)	



An	Image-Text	Encoder	
Joint	Feature	space	

A	castle	and		
reflec$ng	water	

A	ship	sailing		
in	the	ocean	

Images:	

Text:	

A	plane	flying	
in	the	sky	

Minimize	the	following	objec$ve:	

(Kiros, Salakhutdinov, Zemel, TACL 2015)	



Retrieving	Sentences	for	Images	

(Kiros, Salakhutdinov, Zemel, TACL 2015)	



Tagging	and	Retrieval	
mosque,	tower,	
building,	cathedral,	
dome,	castle	

kitchen,	stove,	oven,	
refrigerator,	
microwave	

ski,	skiing,	
skiers,	skiiers,	
snowmobile	

bowl,	cup,	
soup,	cups,	
coffee	

beach	

snow	



Retrieval	with	Adjec$ves	

fluffy	

delicious	

(Kiros, Salakhutdinov, Zemel, TACL 2015)	



How	About	Genera$ng	Sentences!	

Input	

A	man	skiing	down	the	snow		
covered	mountain	with	a	dark		
sky	in	the	background.			

Output	



Log-bilinear	Neural	Language	Model	

•  Each	word	w	is	represented	as	a	K-dim	real-
valued	vector	rw	2	RK.	

•  Feedforward	neural	network	with	a	single	
linear	hidden	layer.	

•  R	denote	the	V	£	K	matrix	of	word	
representa$on	vectors,	where	V	is	the	
vocabulary	size.	

•  (w1,	…,	wn-1)	is	tuple	of	n-1	words,	
where	n-1	is	the	context	size.	The	next	
word	representa$on	becomes:		

K	£	K	context	parameter	matrices				

1-of-V	encoding	
of	words	

rw1	 rw2	 rw3	

r	

w4	

w1	 w2	 w3	



Log-bilinear	Neural	Language	Model	

•  The	condi$onal	probability	of	the	next	
word	given	by:	

Predicted	representa$on	of	rwn.		

1-of-V	encoding	
of	words	

rw1	 rw2	 rw3	

r	

w4	

w1	 w2	 w3	

Can	be	expensive	to	
compute	Bengio et.al. 2003	



Mul$plica$ve	Model	
•  We	represent	words	as	a	tensor:		

where	G	is	the	number	of	tensor	slices.		

•  Re-represent	Tensor	in	terms	of	3	lower-rank	matrices	(where	F	is	
the	number	of	pre-chosen	factors):		

•  Given	an	aBribute	vector	u	2	RG	(e.g.	image	features),	we	can	
compute	aBribute-gated	word	representa$ons	as:	

(Kiros, Zemel, Salakhutdinov, NIPS 2014)	



•  Let																																												denote	a	
folded	K	£	V	matrix	of	word	embeddings.	

Mul$plica$ve	Log-bilinear	Model	

•  Then	the	predicted	next	word	
representa$on	is:		

•  Given	next	word	representa$on	r,	the	
factor	outputs	are:	

Component-wise	product	

1-of-V	encoding	of	words	

Ew1	 Ew2	 Ew3	

Low	rank	

r	

w4	

f	
u	

Ga$ng	
aBributes	

Low	
rank	

w1	 w2	 w3	

(Kiros, Zemel, Salakhutdinov, NIPS 2014)	



•  The	condi$onal	probability	of	the	next	
word	is	given	by:	

1-of-V	encoding	of	words	

Ew1	 Ew2	 Ew3	

Low	rank	

r	

w4	

f	
u	

Ga$ng	
aBributes	

Mul$plica$ve	Log-bilinear	Model	

Low	rank	

w1	 w2	 w3	



Decoding:	Neural	Language	Model	

•  Image	features	are	ga$ng	the	hidden-to-output	connec$ons	
when	predic$ng	the	next	word!			

•  We	can	also	condi$on	on	POS	tags	when	genera$ng	a	
sentence.			

(Kiros, Salakhutdinov, Zemel, ICML 2014)	



Decoding:	Structured	NLM	



Decoding:	Structured	NLM	



Decoding:	Structured	NLM	



Decoding:	Structured	NLM	



Decoding:	Structured	NLM	



Cap$on	Genera$on	

(Kiros, Salakhutdinov, Zemel, TACL 2015)	



Cap$on	Genera$on	



Cap$on	Genera$on	



Cap$on	Genera$on	

Two	men	are	playing	
frisbee	in	a	park	area	

A	man	holding	a	red	apple	
in	his	mouth	



Cap$on	Genera$on	with		
Visual	ABen$on		

A	man	riding		a	horse	
in	a	field.		

Xu	et.al.,	ICML	2015	



Neural	Story	Telling	
Sample	from	the	Genera0ve	Model	
(recurrent	neural	network):	

The	sun	had	risen	from	the	ocean,	making	her	feel	more	alive	than	
normal.	She	is	beau$ful,	but	the	truth	is	that	I	do	not	know	what	to	
do.	The	sun	was	just	star$ng	to	fade	away,	leaving	people	scaBered	
around	the	Atlan$c	Ocean.		

She	was	in	love	with	him	for	the	first	
$me	in	months,	so	she	had	no	
inten$on	of	escaping.		

(Kiros et al., NIPS 2015)



Genera$ng	Images	from	Cap$ons	
• 	Can	we	generate	images	from	natural	language	descrip$ons?	

A	stop	sign	is	flying	in	
blue	skies		

A	pale	yellow	school	bus	
is	flying	in	blue	skies		

A	herd	of	elephants	is	
flying	in	blue	skies		

A	large	commercial	airplane	
is	flying	in	blue	skies		

(Mansimov, Parisotto, Ba, Salakhutdinov, ICLR 2016) 



Talk	Roadmap	

•  Cap$on	Genera$on	with	Mul$plica$ve	
Neural	Language	Model	

•  Image	Genera$on	from	Cap$ons	with	
ABen$on	

•  Open	Problems	and	Research	Direc$ons	



Helmholtz	Machines	
• 	Hinton,	G.	E.,	Dayan,	P.,	Frey,	B.	J.	and	Neal,	R.,	Science	1995	

Input	data	

h3

h2

h1

v

W3

W2

W1

Genera$ve	
Process	Approximate	

Inference	

• 	Kingma	&	Welling,	2014	

• 	Rezende,	Mohamed,	Daan,	2014	

• 	Mnih	&	Gregor,	2014		

• 	Bornschein	&	Bengio,	2015	

• 	Gregor	et.	al.,	2015	

• 	Tang	&	Salakhutdinov,	2013			



Mo$va$ng	Example	
• 	Can	we	generate	images	from	natural	language	descrip$ons?	

A	stop	sign	is	flying	in	
blue	skies		

A	pale	yellow	school	bus	
is	flying	in	blue	skies		

A	herd	of	elephants	is	
flying	in	blue	skies		

A	large	commercial	airplane	
is	flying	in	blue	skies		

(Mansimov,	ParisoBo,	Ba,	Salakhutdinov,	2015)		



Sequence-to-Sequence	
• 	Sequence-to-sequence	framework.	(Sutskever	et	al.	2014;	Cho	
et	al.	2014;	Srivastava	et	al.	2015)	

• 	Cap$on	(y)	is	represented	as	a	sequence	of	consecu$ve	words.	

• 	Image	(x)	is	represented	as	a	sequence	of	patches	drawn	on	canvas.	

• 	ABen$on	mechanism	over:	
- 	Words:	Which	words	to	focus	on	when	genera$ng	a	patch	
- 	Image	Loca$on	Where	to	place	the	generated	patches	on	the	canvas	



Represen$ng	Cap$ons	
Bidirec$onal	RNN	

• 	Forward	RNN	reads	the		
			sentence	y	from	lej	to	right:	

• 	Backward	RNN	reads	the		
			sentence	y	from	right	to	lej:	

• 	The	hidden	states	are	then	concatenated:	



Overall	Model	

• 	Genera$ve	Model:	Stochas$c	Recurrent	Network,	chained	
sequence	of	Varia$onal	Autoencoders,	with	a	single	stochas$c	layer.	

Stochas$c	
Layer	

Gregor	et.	al.	2015		

(Mansimov,	ParisoBo,	Ba,	Salakhutdinov,	2015)		

Bidirectional LSTM	



Overall	Model	

• 	Genera$ve	Model:	Stochas$c	Recurrent	Network,	chained	
sequence	of	Varia$onal	Autoencoders,	with	a	single	stochas$c	layer.	

• 	Recogni$on	Model:	Determinis$c	Recurrent	Network.	
Gregor	et.	al.	2015		

(Mansimov,	ParisoBo,	Ba,	Salakhutdinov,	2015)		

Bidirectional LSTM	

Stochas$c	
Layer	



• 	ABen$on	(alignment):	Focus	on	different	words	at	different	$me	
steps	when	genera$ng	patches	and	placing	them	on	the	canvas.	

Sentence	representa$on:			
dynamically	weighted	average	of	the	
hidden	states	represen$ng	words.		

Bahdanau	et.	al.	2015		

Overall	Model	

Stochas$c	
Layer	



Genera$ng	Images	

• 	Image	is	represented	as	a	sequence	of	
patches	(t=1,…T)	drawn	on	canvas:	



Genera$ng	Images	

• 	Image	is	represented	as	a	sequence	of	
patches	(t=1,…T)	drawn	on	canvas:	



Genera$ng	Images	

• 	Image	is	represented	as	a	sequence	of	
patches	(t=1,…T)	drawn	on	canvas:	

• 	In	prac$ce,	we	use	the	condi$onal	mean:																						.	



Alignment	Model	

• 	Dynamic	sentence	representa$on	at	$me	t:	weighted	average	
of	the	bi-direc$onal	hidden	states:	

	where	the	alignment	probabili$es	are	computed	as:	



Learning	

• 	Maximize	the	varia$onal	lower	bound	on	the	marginal	log-
likelihood	of	the	correct	image	x	given	the	cap$on	y:	



MS	COCO	Dataset	
• 	Contains	83K	images.	

Lin	et.	al.	2014		

• 	Each	image	contains	5	
cap$ons.	

• 	Standard	benchmark	
dataset	for	many	of	the	
recent	image	cap$oning	
systems.	



Flipping	Colors	
A	yellow	school	bus	parked	
in	the	parking	lot	

A	red	school	bus	parked	in	
the	parking	lot	

A	green	school	bus	parked	in	
the	parking	lot	

A	blue	school	bus	parked	in	
the	parking	lot	



Flipping	Backgrounds	
A	very	large	commercial	
plane	flying	in	clear	skies.	

A	very	large	commercial	
plane	flying	in	rainy	skies.	

A	herd	of	elephants	walking	
across	a	dry	grass	field.	

A	herd	of	elephants	walking	
across	a	green	grass	field.	



Flipping	Objects	
The	decadent	chocolate	
desert	is	on	the	table.	

A	bowl	of	bananas	is	on	
the	table..	

A	vintage	photo	of	a	cat.	 A	vintage	photo	of	a	dog.	



Qualita$ve	Comparison	
A	group	of	people	walk	on	a	beach	with	surf	boards	

Our	Model	 LAPGAN	(Denton	et.	al.	2015)	

Fully	Connected	VAE	Conv-Deconv	VAE	



Varia$onal	Lower-Bound	
• 	We	can	es$mate	the	varia$onal	lower-bound	on	the	average	
test	log-probabili$es:		

• 	At	least	we	can	see	that	we	do	not	overfit	to	the	training	data,	
unlike	many	other	approaches.	

Model	 Training	 Test	

Our	Model	 -1792,15	 -1791,53	
Skipthought-Draw	 -1794,29	 -1791,37	
noAlignDraw	 -1792,14	 -1791,15	



Novel	Scene	Composi$ons	
A	toilet	seat	sits	open	in	the	
bathroom	

Ask	Google?	

A	toilet	seat	sits	open	in	the	
grass	field	



(Some)	Open	Problems	

•  Unsupervised	Learning	/	Transfer	Learning	/	
One-Shot	Learning	

•  Reasoning,	ABen$on,	and	Memory	

•  Natural	Language	Understanding	

•  Deep	Reinforcement	Learning		



(Some)	Open	Problems	

•  Unsupervised	Learning	/	Transfer	Learning	/	
One-Shot	Learning	

•  Reasoning,	ABen$on,	and	Memory	

•  Natural	Language	Understanding	

•  Deep	Reinforcement	Learning		



Decoder	

Sequence	to	Sequence	Learning	

•  RNN Encoder-Decoders 
for Machine Translation 
(Sutskever et al. 2014; 
Cho et al. 2014; 
Kalchbrenner et al. 2013, 
Srivastava et al., 2015)Input	Sequence	

Encoder	

Learned	
Representa0on	

Output	Sequence	



Encoder	

Sentence	 Generate	Forward	Sentence	

Generate	Previous	Sentence	

Skip-Thought	Model		

(Kiros et al., NIPS 2015)



Learning	Objec$ve	
• 	Objec$ve:	The	sum	of	the	log-probabili$es	for	the	next	and	
previous	sentences	condi$oned	on	the	encoder	representa$on:	

representa$on	of	
encoder	

Forward	sentence		 Previous	sentence		

• 	Data:	Book-11K	corpus:	



Seman$c	Relatedness		

• 	Outperform	all	previous	systems	from	the	SemEval	2014	
compe$$on.		

SemEval	
2014	sub-
missions	

Results	
reported	
by	Tai	et.al.	

Ours	



Seman$c	Relatedness		
Recurrent	Neural	Network	

• 	How	similar	the	two	sentences	are	on	the	scale	1	to	5?	

A	man	is	driving	a	car.	 A	car	is	being	driven	by	a	man.	

Ground	Truth	5.0			 	 		Predic$on	4.9		

A	girl	is	looking	at	a	
woman	in	costume.	

A	girl	in	costume	looks	like	
a	woman.	

A	person	is	performing	
tricks	on	a	motorcycle	

The	performer	is	tricking	a	
person	on	a	motorcycle		

Ground	Truth	2.9			 	 		Predic$on	3.5		

Ground	Truth	2.6			 	 		Predic$on	4.4		



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)



•  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	lej	
vacant	by	President-elect	Barack	Obama…”	

•  Answer:	Rod	Blagojevich	

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



Represen$ng	Document/Query	
• 	Forward	RNN	reads	sentences			
from	lej	to	right:	

• 	Backward	RNN	reads	sentences	
from	right	to	lej:	

• 	The	hidden	states	are	then	concatenated:	

• 		Use	GRUs	to	encode	a	document	and	a	query:	



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

Gated	ABen$on	(GA)	Mechanism		
• 	For	each	word	in	document	D,	we	form	a	token-specific	
representa$on	of	the	query	Q:	

(Dhingra, Liu, Yang, Cohen, Salakhutdinov, 2016)



Mul$-hop	Architecture	
• 	Reasoning	over	mul$ple	sentences	requires	several	passes	
over	the	context	



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



Analysis	of	ABen$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	lej	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	



Analysis	of	ABen$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	lej	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	

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



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



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



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	

there ball the left She 

kitchen the to went She 

football the got Mary 

Coreference	
Hyper/Hyponymy	

RNN	

RN
N
	

xt

Mt

h0
h1
...

ht�1

e1 e|E|. . .

ht

Mt+1gt

 Dhingra, Yang, Cohen, Salakhutdinov 2017

Incorpora$ng	Prior	Knowledge 



(Some)	Open	Problems	

•  Unsupervised	Learning	/	Transfer	Learning	/	
One-Shot	Learning	

•  Reasoning,	ABen$on,	and	Memory	

•  Natural	Language	Understanding	

•  Deep	Reinforcement	Learning		



Learning	to	map	sequences	of	observa$ons	to	ac$ons,	
for	a	par$cular	goal	

Ac$on	Observa$on	

Learning	Behaviors	



Differentiable Neural Computer, Graves et al., Nature, 2016; 
Neural Turing Machine, Graves et al., 2014

Observa$on	/	State	

Ac$on	

Reward	

Learned	
External	
Memory	

Reinforcement	Learning	with	
Memory	



Differentiable Neural Computer, Graves et al., Nature, 2016; 
Neural Turing Machine, Graves et al., 2014

Observa$on	/	State	

Ac$on	

Reward	

Learned	
External	
Memory	

Reinforcement	Learning	with	
Memory	

Learning	3-D	game	
without	memory	
 Chaplot, Lample, AAAI 2017





Parisotto, Salakhutdinov, 2017

Observa$on	/	State	

Ac$on	

Reward	

Learned	
Structured	
Memory	

Deep	RL	with	Memory	



• 	Indicator:	Either	blue	or	pink	

Ø 	If	blue,	find	the	green	block	
Ø 	If	pink,	find	the	red	block	

• 	Nega$ve	reward	if	agent	does	not	find	correct	
block	in	N	steps	or	goes	to	wrong	block.	

Parisotto, Salakhutdinov, 2017

Random	Maze	with	Indicator	



Write	

Mt

Write	

Mt+1

Read	with	
ABen$on	

Parisotto, Salakhutdinov, 2017

Random	Maze	with	Indicator	



Random	Maze	with	Indicator	



Building	Intelligent	Agents	

Observa$on	/	State	

Ac$on	

Reward	

Learned	
External	
Memory	

Knowledge	
Base	



Building	Intelligent	Agents	

Observa$on	/	State	

Ac$on	

Reward	

Learned	
External	
Memory	

Knowledge	
Base	

Learning	from	Fewer	
Examples,	Fewer	
Experiences	



Deep	Mul$modal	Learning	

Laser	scans	

Images	

Video	

Text	&	Language		

Time	series		
data	

Speech	&		
Audio	

Develop	learning	systems	that	come		
closer	to	displaying	human	like	intelligence	



Thank	you	


