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Images	  &	  Video	  

Rela,onal	  Data/	  	  
Social	  Network	  

Massive	  increase	  in	  both	  computa,onal	  power	  and	  the	  amount	  of	  
data	  available	  from	  web,	  video	  cameras,	  laboratory	  measurements.	  

Mining	  for	  Structure	  

Speech	  &	  Audio	  

Gene	  Expression	  

Text	  &	  Language	  	  

Geological	  Data	  
Product	  	  
Recommenda,on	  

Climate	  Change	  

• 	  Develop	  sta,s,cal	  models	  that	  can	  discover	  underlying	  structure,	  cause,	  or	  
sta,s,cal	  correla,on	  from	  data	  in	  unsupervised	  or	  semi-‐supervised	  way.	  	  
• 	  Mul,ple	  applica,on	  domains.	  
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• 	  Develop	  sta,s,cal	  models	  that	  can	  discover	  underlying	  structure,	  cause,	  or	  
sta,s,cal	  correla,on	  from	  data	  in	  unsupervised	  or	  semi-‐supervised	  way.	  	  
• 	  Mul,ple	  applica,on	  domains.	  

Deep	  Learning	  



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	  .	  
• 	  a	  group	  of	  people	  that	  are	  in	  the	  outside	  .	  	  

strangers,	  	  coworkers,	  	  conven,oneers,	  	  
aNendants,	  	  patrons	  

TAGS:	  

Nearest	  Neighbor	  Sentence:	  
people	  taking	  pictures	  of	  a	  crazy	  person	  



Cap,on	  Genera,on	  with	  	  
Visual	  ANen,on	  	  

Xu	  et.al.,	  ICML	  2015	  

A	  man	  riding	  	  a	  horse	  
in	  a	  field.	  	  
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Xu	  et.al.,	  ICML	  2015	  



Talk	  Roadmap	  

•  Learning	  Deep	  Models	  
– Restricted	  Boltzmann	  Machines	  	  
– Deep	  Boltzmann	  Machines	  

•  Mul,-‐Modal	  Learning	  



Restricted	  Boltzmann	  Machines	  

RBM	  is	  a	  Markov	  Random	  Field	  with:	  

• 	  Stochas,c	  binary	  hidden	  variables	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
• 	  Bipar,te	  connec,ons.	  

Pair-‐wise	   Unary	  

• 	  Stochas,c	  binary	  visible	  variables	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  

Markov	  random	  fields,	  Boltzmann	  machines,	  log-‐linear	  models.	  	  

Image	  	  	  	  	  	  visible	  variables	  

	  	  hidden	  variables	  



Learned	  W:	  	  “edges”	  
Subset	  of	  1000	  features	  

Learning	  Features	  

=	   ….	  

New	  Image:	  

Logis,c	  Func,on:	  Suitable	  for	  
modeling	  binary	  images	  

Sparse	  
representa4ons	  

Observed	  	  Data	  	  
Subset	  of	  25,000	  characters	  



Model	  Learning	  

Difficult	  to	  compute:	  exponen,ally	  many	  	  
configura,ons	  

Image	  	  	  	  	  	  visible	  units	  

	  	  Hidden	  units	  

Given	  a	  set	  of	  i.i.d.	  training	  examples	  	  
	   	   	   	  	  	  	  	  	  	  	  	  	  	  	  	  	  ,	  we	  want	  to	  learn	  	  

model	  parameters 	   	   	  	  	  	  	  	  .	  	  	  	  

Maximize	  log-‐likelihood	  objec,ve:	  

Deriva,ve	  of	  the	  log-‐likelihood:	  



Pair-‐wise	   Unary	  

Image	  	  	  	  	  	  visible	  variables	  

	  	  hidden	  variables	  

RBMs	  for	  Real-‐valued	  Data	  

Learned	  features	  (out	  of	  10,000)	  
4	  million	  unlabelled	  images	  



RBMs	  for	  Real-‐valued	  Data	  

=  0.9 *            +  0.8 *            + 0.6 *            … 
New	  Image	  

Learned	  features	  (out	  of	  10,000)	  
4	  million	  unlabelled	  images	  



RBMs	  for	  Word	  Counts	  

Replicated	  Soemax	  Model:	  undirected	  topic	  model:	  

• 	  Stochas,c	  1-‐of-‐K	  visible	  variables.	  
• 	  Stochas,c	  binary	  hidden	  variables	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
• 	  Bipar,te	  connec,ons.	  

Pair-‐wise	   Unary	  
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(Salakhutdinov & Hinton, NIPS 2010, Srivastava & Salakhutdinov, NIPS 2012)!



RBMs	  for	  Word	  Counts	  
Pair-‐wise	   Unary	  
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Learned	  features:	  ``topics’’	  

russian	  
russia	  
moscow	  
yeltsin	  
soviet	  

clinton	  
house	  
president	  
bill	  
congress	  

computer	  
system	  
product	  
soeware	  
develop	  

trade	  
country	  
import	  
world	  
economy	  

stock	  
wall	  
street	  
point	  
dow	  

Reuters	  dataset:	  
804,414	  unlabeled	  
newswire	  stories	  
Bag-‐of-‐Words	  	  



Different	  Data	  Modali,es	  

• 	  It	  is	  easy	  to	  infer	  the	  states	  of	  the	  hidden	  variables:	  	  

• 	  Binary/Gaussian/Soemax	  RBMs:	  All	  have	  binary	  hidden	  
variables	  but	  use	  them	  to	  model	  different	  kinds	  of	  data.	  

Binary	  

Real-‐valued	   1-‐of-‐K	  

0	  
0	  
1	  
0	  

0	  



Product	  of	  Experts	  

Marginalizing	  over	  hidden	  variables:	   Product	  of	  Experts	  

The	  joint	  distribu,on	  is	  given	  by:	  

Pu,n	  

government	  
auhority	  
power	  
empire	  
pu,n	  

clinton	  
house	  
president	  
bill	  
congress	  

bribery	  
corrup,on	  
dishonesty	  
pu,n	  
fraud	  

oil	  
barrel	  
exxon	  
pu,n	  
drill	  

stock	  
wall	  
street	  
point	  
dow	  

…	  

Topics	  “government”,	  ”corrup,on”	  
and	  ”oil”	  can	  combine	  to	  give	  very	  high	  
probability	  to	  a	  word	  “Pu,n”.	  

(Srivastava & Salakhutdinov, NIPS 2012)!



Product	  of	  Experts	  

Marginalizing	  over	  hidden	  variables:	   Product	  of	  Experts	  

The	  joint	  distribu,on	  is	  given	  by:	  

government	  
auhority	  
power	  
empire	  
pu,n	  

clinton	  
house	  
president	  
bill	  
congress	  

bribery	  
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fraud	  

oil	  
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exxon	  
pu,n	  
drill	  
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dow	  
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Pu,n	  

Reuters	  dataset	  	  

Topics	  “government”,	  ”corrup,on”	  
and	  ”oil”	  can	  combine	  to	  give	  very	  high	  
probability	  to	  a	  word	  “Pu,n”.	  
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(Srivastava & Salakhutdinov, NIPS 2012)!



Image	  

Low-‐level	  features:	  
Edges	  

Input:	  Pixels	  

Built	  from	  unlabeled	  inputs.	  	  

Deep	  Boltzmann	  Machines	  

(Salakhutdinov & Hinton, Neural Computation 2012)!



Image	  

Higher-‐level	  features:	  
Combina,on	  of	  edges	  

Low-‐level	  features:	  
Edges	  

Input:	  Pixels	  

Built	  from	  unlabeled	  inputs.	  	  

Deep	  Boltzmann	  Machines	  

Learn	  simpler	  representa,ons,	  
then	  compose	  more	  complex	  ones	  

(Salakhutdinov 2008, Salakhutdinov & Hinton 2012)!



Model	  Formula,on	  

model	  parameters	  

•  Dependencies	  between	  hidden	  variables.	  
•  All	  connec,ons	  are	  undirected.	  

h3

h2

h1

v

W3

W2

W1

•  BoNom-‐up	  and	  Top-‐down:	  

Top-‐down	   BoNom-‐up	  Input	  

•  Hidden	  variables	  are	  dependent	  even	  when	  condi4oned	  on	  
the	  input.	  

Same	  as	  RBMs	  



Approximate	  Learning	  

(Approximate)	  Maximum	  Likelihood:	  

Not	  factorial	  any	  more!	  

h3

h2

h1

v

W3

W2

W1

•  Both	  expecta,ons	  are	  intractable!	  	  



Data	  

Approximate	  Learning	  

(Approximate)	  Maximum	  Likelihood:	  h3

h2

h1

v

W3

W2

W1

Not	  factorial	  any	  more!	  



Approximate	  Learning	  

(Approximate)	  Maximum	  Likelihood:	  

Not	  factorial	  any	  more!	  

h3

h2

h1

v

W3

W2

W1 Varia,onal	  
	  Inference	  

Stochas,c	  
Approxima,on	  	  
(MCMC-‐based)	  



Good	  Genera,ve	  Model?	  
HandwriNen	  Characters	  
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Good	  Genera,ve	  Model?	  
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Real	  Data	  Simulated	  



Good	  Genera,ve	  Model?	  
HandwriNen	  Characters	  

Real	  Data	   Simulated	  



Good	  Genera,ve	  Model?	  
HandwriNen	  Characters	  



Handwri,ng	  Recogni,on	  

Learning	  Algorithm	   Error	  

Logis,c	  regression	   12.0%	  
K-‐NN	  	   3.09%	  
Neural	  Net	  (PlaN	  2005)	   1.53%	  
SVM	  (Decoste	  et.al.	  2002)	   1.40%	  
Deep	  Autoencoder	  
(Bengio	  et.	  al.	  2007)	  	  

1.40%	  

Deep	  Belief	  Net	  
(Hinton	  et.	  al.	  2006)	  	  

1.20%	  

DBM	  	   0.95%	  

Learning	  Algorithm	   Error	  

Logis,c	  regression	   22.14%	  
K-‐NN	  	   18.92%	  
Neural	  Net	   14.62%	  
SVM	  (Larochelle	  et.al.	  2009)	   9.70%	  
Deep	  Autoencoder	  
(Bengio	  et.	  al.	  2007)	  	  

10.05%	  

Deep	  Belief	  Net	  
(Larochelle	  et.	  al.	  2009)	  	  

9.68%	  

DBM	   8.40%	  

MNIST	  Dataset	   Op,cal	  Character	  Recogni,on	  
60,000	  examples	  of	  10	  digits	   42,152	  examples	  of	  26	  English	  leNers	  	  

Permuta,on-‐invariant	  version.	  



3-‐D	  object	  Recogni,on	  
Learning	  Algorithm	   Error	  
Logis,c	  regression	   22.5%	  
K-‐NN	  (LeCun	  2004)	   18.92%	  
SVM	  (Bengio	  &	  LeCun	  	  2007)	   11.6%	  
Deep	  Belief	  Net	  (Nair	  &	  Hinton	  	  
2009)	  	  

9.0%	  

DBM	   7.2%	  

PaNern	  
Comple,on	  

NORB	  Dataset:	  24,000	  examples	  



Learning	  Hierarchical	  Representa,ons	  
Deep	  Boltzmann	  Machines:	  	  

Learning	  Hierarchical	  Structure	  	  
in	  Features:	  edges,	  combina,on	  	  
of	  edges.	  	  

• 	  Performs	  well	  in	  many	  applica,on	  domains	  
• 	  Fast	  Inference:	  frac,on	  of	  a	  second	  
• 	  Learning	  scales	  to	  millions	  of	  examples	  



Talk	  Roadmap	  

•  Learning	  Deep	  Models	  
– Restricted	  Boltzmann	  Machines	  	  
– Deep	  Boltzmann	  Machines	  

•  Mul,-‐Modal	  Learning	  



Data	  –	  Collec,on	  of	  Modali,es	  
• 	  Mul,media	  content	  on	  the	  web	  -‐	  
image	  +	  text	  +	  audio.	  

• 	  Product	  recommenda,on	  
systems.	  

• 	  Robo,cs	  applica,ons.	  

Audio	  
Vision	  

Touch	  sensors	  
Motor	  control	  

sunset,	  
pacificocean,	  
bakerbeach,	  
seashore,	  ocean	  

car,	  
automobile	  



Shared	  Concept	  
“Modality-‐free”	  representa,on	  	  

“Modality-‐full”	  representa,on	  	  

“Concept”	  

sunset,	  pacific	  ocean,	  
baker	  beach,	  seashore,	  

ocean	  



Challenges	  -‐	  I	  	  

Very	  different	  input	  
representa,ons	  

Image	   Text	  

sunset,	  pacific	  ocean,	  
baker	  beach,	  seashore,	  

ocean	   • 	  Images	  –	  real-‐valued,	  dense	  

Difficult	  to	  learn	  
cross-‐modal	  features	  
from	  low-‐level	  
representa,ons.	  

Dense	  

• 	  Text	  –	  discrete,	  sparse	  	  

Sparse	  



Challenges	  -‐	  II	  	  

Noisy	  and	  missing	  data	  

Image	   Tags	  
pentax,	  k10d,	  
pentaxda50200,	  
kangarooisland,	  sa,	  
australiansealion	  

mickikrimmel,	  
mickipedia,	  
headshot	  

unseulpixel,	  
naturey	  

<	  no	  text>	  



Challenges	  -‐	  II	  	  
Image	   Tags	   Tags	  generated	  by	  the	  model	  

beach,	  sea,	  surf,	  strand,	  
shore,	  wave,	  seascape,	  
sand,	  ocean,	  waves	  

portrait,	  girl,	  woman,	  lady,	  
blonde,	  preNy,	  gorgeous,	  
expression,	  model	  

night,	  noNe,	  traffic,	  light,	  
lights,	  parking,	  darkness,	  
lowlight,	  nacht,	  glow	  

fall,	  autumn,	  trees,	  leaves,	  
foliage,	  forest,	  woods,	  
branches,	  path	  

pentax,	  k10d,	  
pentaxda50200,	  
kangarooisland,	  sa,	  
australiansealion	  

mickikrimmel,	  
mickipedia,	  
headshot	  

unseulpixel,	  
naturey	  

<	  no	  text>	  



0	  
0	  
1	  
0	  

0	  
Dense,	  real-‐valued	  
image	  features	  

Gaussian	  model	  
Replicated	  Soemax	  

Mul,modal	  DBM	  

Word	  
counts	  

(Srivastava & Salakhutdinov, NIPS 2012, JMLR 2014)	  



Mul,modal	  DBM	  

0	  
0	  
1	  
0	  

0	  
Dense,	  real-‐valued	  
image	  features	  

Gaussian	  model	  
Replicated	  Soemax	  

Word	  
counts	  

(Srivastava & Salakhutdinov, NIPS 2012, JMLR 2014)	  



Gaussian	  model	  
Replicated	  Soemax	  

0	  
0	  
1	  
0	  

0	  

Mul,modal	  DBM	  

Word	  
counts	  

Dense,	  real-‐valued	  
image	  features	  

(Srivastava & Salakhutdinov, NIPS 2012, JMLR 2014)	  



0	  
0	  
1	  
0	  

0	  
Dense,	  real-‐valued	  
image	  features	  

Word	  
counts	  

Gaussian	  RBM	  
Replicated	  Soemax	  

Mul,modal	  DBM	  

BoNom-‐up	  
+	  

Top-‐down	  



Text	  Generated	  from	  Images	  

canada,	  nature,	  
sunrise,	  ontario,	  fog,	  
mist,	  bc,	  morning	  

insect,	  buNerfly,	  insects,	  
bug,	  buNerflies,	  
lepidoptera	  

graffi,,	  streetart,	  stencil,	  
s,cker,	  urbanart,	  graff,	  
sanfrancisco	  

portrait,	  child,	  kid,	  
ritraNo,	  kids,	  children,	  
boy,	  cute,	  boys,	  italy	  

dog,	  cat,	  pet,	  kiNen,	  
puppy,	  ginger,	  tongue,	  
kiNy,	  dogs,	  furry	  

sea,	  france,	  boat,	  mer,	  
beach,	  river,	  bretagne,	  
plage,	  briNany	  

Given Generated 	   	  	   Given Generated 	   	  	  



Text	  Generated	  from	  Images	  
Given Generated 	   	  	  

water,	  glass,	  beer,	  boNle,	  
drink,	  wine,	  bubbles,	  splash,	  
drops,	  drop	  

portrait,	  women,	  army,	  soldier,	  
mother,	  postcard,	  soldiers	  

obama,	  barackobama,	  elec,on,	  
poli,cs,	  president,	  hope,	  change,	  
sanfrancisco,	  conven,on,	  rally	  



Images	  from	  Text	  

water,	  red,	  
sunset	  

nature,	  flower,	  
red,	  green	  

blue,	  green,	  
yellow,	  colors	  

chocolate,	  cake	  

Given Retrieved	  



MIR-‐Flickr	  Dataset	  

Huiskes	  et.	  al.	  

• 	  1	  million	  images	  along	  with	  user-‐assigned	  tags.	  

sculpture,	  beauty,	  
stone	  

nikon,	  green,	  light,	  
photoshop,	  apple,	  d70	  

white,	  yellow,	  
abstract,	  lines,	  bus,	  
graphic	  

sky,	  geotagged,	  
reflec,on,	  cielo,	  
bilbao,	  reflejo	  

food,	  cupcake,	  
vegan	  

d80	  

anawesomeshot,	  
theperfectphotographer,	  
flash,	  damniwishidtakenthat,	  
spiritofphotography	  

nikon,	  abigfave,	  
goldstaraward,	  d80,	  
nikond80	  



Results	  
• 	  Logis,c	  regression	  on	  top-‐level	  representa,on.	  
• 	  Mul,modal	  Inputs	  

Learning	  Algorithm	   MAP	   Precision@50	  

Random	   0.124	   0.124	  
LDA	  [Huiskes	  et.	  al.]	   0.492	   0.754	  
SVM	  [Huiskes	  et.	  al.]	   0.475	   0.758	  
DBM-‐Labelled	   0.526	   0.791	  
Deep	  Belief	  Net	   0.638	   0.867	  
Autoencoder	   0.638	   0.875	  
DBM	   0.641	   0.873	  

Mean	  Average	  Precision	  

Labeled	  
25K	  
examples	  

+	  1	  Million	  
unlabelled	  



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	  that	  combines	  structure	  
and	  content	  vectors	  for	  genera,ng	  a	  sequence	  of	  words	  	  

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



Representa,on	  of	  Words	  
•  Key	  Idea:	  Each	  word	  w	  is	  represented	  as	  a	  D-‐dimensional	  

real-‐valued	  vector	  rw	  2	  RK.	  

Dimension	  2	  

Di
m
en

sio
n	  
2	  

Seman,c	  Space	  

table	  

chair	  

dolphin	  
whale	  

November	  

Bengio et.al., 2003, Mnih et. al., 2008, Mikolov et. al., 2009, Kiros et.al.  2014!



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:	  



Retrieving	  Sentences	  for	  Images	  



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	  



Mul,modal	  Linguis,c	  Regulari,es	  
Nearest Images!

(Kiros, Salakhutdinov, Zemel, TACL 2015)	  



Mul,modal	  Linguis,c	  Regulari,es	  
Nearest Images!

(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	  

Need	  to	  model:	  



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	  aNribute	  vector	  u	  2	  RG	  (e.g.	  image	  features),	  we	  can	  
compute	  aNribute-‐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	  
aNributes	  

Low	  
rank	  

w1	   w2	   w3	  

(Kiros, Zemel, Salakhutdinov, NIPS 2014)	  



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

1-‐of-‐V	  encoding	  of	  words	  

Ew1	   Ew2	   Ew3	  

Low	  rank	  

r	  

w4	  

f	  
u	  

Ga,ng	  
aNributes	  

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)	  



Cap,on	  Genera,on	  



Cap,on	  Genera,on	  



Cap,on	  Genera,on	  



Cap,on	  Genera,on	  	  

Model	  Samples	  

• 	  Two	  men	  in	  a	  room	  talking	  on	  a	  table	  .	  
• 	  Two	  men	  are	  si|ng	  next	  to	  each	  other	  .	  
• 	  Two	  men	  are	  having	  a	  conversa,on	  at	  a	  table	  .	  
• 	  Two	  men	  si|ng	  at	  a	  desk	  next	  to	  each	  other	  .	  

colleagues	  	  waiters	  	  waiter	  	  
entrepreneurs	  	  busboy	  

TAGS:	  



Cap,on	  Genera,on	  with	  	  
Visual	  ANen,on	  	  

A	  woman	  is	  throwing	  a	  frisbee	  in	  a	  park.	  	  

Xu	  et.al.,	  ICML	  2015	  



Cap,on	  Genera,on	  with	  	  
Visual	  ANen,on	  	  

A	  woman	  is	  throwing	  a	  frisbee	  in	  a	  park.	  	  

Xu	  et.al.,	  ICML	  2015	  



Cap,on	  Genera,on	  with	  	  
Visual	  ANen,on	  	  

Xu	  et.al.,	  ICML	  2015	  



Results	  

• 	  R@K	  is	  Recall@K	  (high	  is	  good).	  	  
• 	  Med	  r	  is	  the	  median	  rank	  (low	  is	  good).	  



Cap,on	  Genera,on	  with	  	  
Visual	  ANen,on	  	  

Xu	  et.al.,	  ICML	  2015	  

• 	  Montreal/Toronto	  team	  takes	  3rd	  place	  on	  Microsoe	  COCO	  
cap,on	  genera,on	  compe,,on,	  finishing	  slightly	  behind	  Google	  
and	  Microsoe.	  This	  is	  based	  on	  the	  human	  evalua,on	  results.	  	  	  



Mul,-‐Modal	  Models	  

Lidar	  

Images	  

Video	  

Text	  &	  Language	  	  

Speech	  &	  	  
Audio	  

Develop	  learning	  systems	  that	  come	  	  
closer	  to	  displaying	  human	  like	  intelligence	  



Summary	  
•  Efficient	  learning	  algorithms	  for	  Deep	  Learning	  Models.	  Learning	  

more	  adap,ve,	  robust,	  and	  structured	  representa,ons.	  	  

•  Deep	  models	  improve	  the	  current	  state-‐of-‐the	  art	  in	  many	  
applica,on	  domains:	  
Ø  Object	  recogni,on	  and	  detec,on,	  text	  and	  image	  retrieval,	  handwriNen	  

character	  and	  speech	  recogni,on,	  and	  others.	  

HMM	  decoder	  

Speech	  Recogni4on	  

sunset,	  pacific	  ocean,	  
beach,	  seashore	  

Mul4modal	  Data	  
Cap4on	  Genera4on	  

Text	  &	  image	  retrieval	  /	  	  
Object	  recogni4on	  

Learning	  a	  Category	  
Hierarchy	  

mosque,	  tower,	  
building,	  cathedral,	  
dome,	  castle	  

Image	  Tagging	  



Thank	  you	  

Code	  is	  available	  at:	  
hNp://deeplearning.cs.toronto.edu/	  


