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Images	  &	  Video	  

Rela5onal	  Data/	  	  
Social	  Network	  

Massive	  increase	  in	  both	  computa5onal	  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	  	  
Recommenda5on	  

Climate	  Change	  

Mostly	  Unlabeled	  

Hierarchical	  Genera5ve	  Models	  	  
that	  support	  inferences	  and	  discover	  
structure	  at	  mul5ple	  levels.	  

• 	  Develop	  sta5s5cal	  models	  that	  can	  discover	  underlying	  structure,	  cause,	  or	  
sta5s5cal	  correla5on	  from	  data	  in	  unsupervised	  or	  semi-‐supervised	  way.	  	  
• 	  Mul5ple	  applica5on	  domains.	  



Genera5ng	  Text	  from	  Images	  

Samples	  drawn	  aNer	  
every	  50	  steps	  of	  
Gibbs	  updates	  



Convolu5nal	  Deep	  Models	  	  
for	  Image	  Recogni5on	  

(Krizhevsky	  et.	  al., NIPS 2012)!
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Computer	  Percep5on	  	  

Image	   Low-‐level	  
vision	  features	  

Recogni5on	  

Object	  
detec5on	  

Input Data Learning 
Algorithm 

Low-level 
features 

Slide	  Credit:	  Honglak	  Lee	  

Audio	  
classifica5on	  

Audio	   Low-‐level	  
audio	  features	  

Speaker	  
iden5fica5on	  



Computer	  Vision	  Features	  

SIFT	   Spin	  image	  

HoG	   RIFT	  

Textons	   GLOH	  
Slide	  Credit:	  Honglak	  Lee	  



Audio	  Features	  

ZCR	  

Spectrogram	   MFCC	  

Rolloff	  Flux	  



Audio	  Features	  

ZCR	  

Spectrogram	   MFCC	  

Rolloff	  Flux	  

Unsupervised	  Feature	  Learning:	  	  
Can	  we	  learn	  meaningful	  
features	  from	  unlabeled	  data?	  



Talk	  Roadmap	  

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

•  Learning	  Structured	  and	  Robust	  Models	  

•  Mul5-‐Modal	  Learning	  



Restricted	  Boltzmann	  Machines	  

RBM	  is	  a	  Markov	  Random	  Field	  with:	  

• 	  Stochas5c	  binary	  hidden	  variables	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
• 	  Bipar5te	  connec5ons.	  

Pair-‐wise	   Unary	  

• 	  Stochas5c	  binary	  visible	  variables	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  

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

Image	  	  	  	  	  	  visible	  variables	  

	  	  hidden	  variables	  Graphical	  Models:	  Powerful	  
framework	  for	  represen5ng	  
dependency	  structure	  between	  
random	  variables.	  

Feature	  Detectors	  



Learned	  W:	  	  “edges”	  
Subset	  of	  1000	  features	  

Learning	  Features	  

=	   ….	  

New	  Image:	  

Logis5c	  Func5on:	  Suitable	  for	  
modeling	  binary	  images	  

Sparse	  
representa;ons	  

Observed	  	  Data	  	  
Subset	  of	  25,000	  characters	  



Model	  Learning	  

Difficult	  to	  compute:	  exponen5ally	  many	  	  
configura5ons	  

Image	  	  	  	  	  	  visible	  units	  

	  	  Hidden	  units	  

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

model	  parameters 	   	   	  	  	  	  	  	  .	  	  	  	  

Maximize	  log-‐likelihood	  objec5ve:	  

Deriva5ve	  of	  the	  log-‐likelihood:	  



Gaussian-‐Bernoulli	  RBM:	  

• 	  Stochas5c	  real-‐valued	  visible	  variables	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
• 	  Stochas5c	  binary	  hidden	  variables	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
• 	  Bipar5te	  connec5ons.	  

Pair-‐wise	   Unary	  

Image	  	  	  	  	  	  visible	  variables	  

	  	  hidden	  variables	  

RBMs	  for	  Real-‐valued	  Data	  

(Salakhutdinov & Hinton, NIPS 2007; Salakhutdinov & Murray, ICML 2008)!



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	  
Pair-‐wise	   Unary	  

Image	  	  	  	  	  	  visible	  variables	  

	  	  hidden	  variables	  

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

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



RBMs	  for	  Word	  Counts	  

Replicated	  SoNmax	  Model:	  undirected	  topic	  model:	  

• 	  Stochas5c	  1-‐of-‐K	  visible	  variables.	  
• 	  Stochas5c	  binary	  hidden	  variables	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
• 	  Bipar5te	  connec5ons.	  

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	  
soNware	  
develop	  

trade	  
country	  
import	  
world	  
economy	  

stock	  
wall	  
street	  
point	  
dow	  

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



Different	  Data	  Modali5es	  

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

• 	  Binary/Gaussian/SoNmax	  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	  distribu5on	  is	  given	  by:	  

(Salakhutdinov & Hinton, NIPS 2010, Srivastava & Salakhutdinov, NIPS 2012)!

Pu5n	  

government	  
auhority	  
power	  
empire	  
pu5n	  

clinton	  
house	  
president	  
bill	  
congress	  

bribery	  
corrup5on	  
dishonesty	  
pu5n	  
fraud	  

oil	  
barrel	  
exxon	  
pu5n	  
drill	  

stock	  
wall	  
street	  
point	  
dow	  

…	  

Topics	  “government”,	  ”corrup5on”	  
and	  ”oil”	  can	  combine	  to	  give	  very	  high	  
probability	  to	  a	  word	  “Pu5n”.	  



Product	  of	  Experts	  

Marginalizing	  over	  hidden	  variables:	   Product	  of	  Experts	  

The	  joint	  distribu5on	  is	  given	  by:	  

(Salakhutdinov & Hinton, NIPS 2010, Srivastava & Salakhutdinov, NIPS 2012)!

government	  
auhority	  
power	  
empire	  
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clinton	  
house	  
president	  
bill	  
congress	  

bribery	  
corrup5on	  
dishonesty	  
pu5n	  
fraud	  

oil	  
barrel	  
exxon	  
pu5n	  
drill	  

stock	  
wall	  
street	  
point	  
dow	  

…	  

Pu5n	  

Distributed	  representa5ons	  allow	  the	  
topics	  “government”,	  ”corrup5on”	  and	  
”oil”	  to	  combine	  to	  give	  very	  high	  
probability	  to	  a	  word	  “Pu5n”.	  
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Image	  

Low-‐level	  features:	  
Edges	  

Input:	  Pixels	  

Built	  from	  unlabeled	  inputs.	  	  

Deep	  Boltzmann	  Machines	  

(Salakhutdinov & Hinton, Neural Computation 2012)!



Image	  

Higher-‐level	  features:	  
Combina5on	  of	  edges	  

Low-‐level	  features:	  
Edges	  

Input:	  Pixels	  

Built	  from	  unlabeled	  inputs.	  	  

Deep	  Boltzmann	  Machines	  

Learn	  simpler	  representa5ons,	  
then	  compose	  more	  complex	  ones	  

(Salakhutdinov & Hinton, Neural Computation 2012)!



Model	  Formula5on	  

model	  parameters	  

•  Dependencies	  between	  hidden	  variables.	  
•  All	  connec5ons	  are	  undirected.	  

h3

h2

h1

v

W3

W2

W1

•  Bokom-‐up	  and	  Top-‐down:	  

Top-‐down	   Bokom-‐up	  Input	  

•  Hidden	  variables	  are	  dependent	  even	  when	  condi;oned	  on	  
the	  input.	  

Same	  as	  RBMs	  



New	  Learning	  Algorithm	  

Condi5onal	   Uncondi5onal	  

Posterior	  Inference	   Simulate	  from	  the	  Model	  

Approximate	  
condi5onal	  

Approximate	  the	  
joint	  distribu5on	  



Condi5onal	   Uncondi5onal	  

Posterior	  Inference	   Simulate	  from	  the	  Model	  

Approximate	  the	  
joint	  distribu5on	  

Data-‐dependent	  

Approximate	  
condi5onal	  

New	  Learning	  Algorithm	  

Data-‐independent	  

density	   Match	  	  



Condi5onal	   Uncondi5onal	  

Posterior	  Inference	   Simulate	  from	  the	  Model	  

Approximate	  the	  
joint	  distribu5on	  

Data-‐dependent	  

Approximate	  
condi5onal	  

New	  Learning	  Algorithm	  

Data-‐independent	  

Match	  	  

Key	  Idea	  of	  Our	  Approach:	  

Markov	  Chain	  
Monte	  Carlo	  

Data-‐dependent:	  	  	  	  	  Varia;onal	  Inference,	  mean-‐field	  theory	  
Data-‐independent:	  	  Stochas;c	  Approxima;on,	  MCMC	  based	  

Mean-‐Field	  



Varia5onal	  Inference	  
Approximate	  intractable	  distribu5on	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  with	  simpler,	  tractable	  
distribu5on 	   	  	  	  	  	  :	  

(Salakhutdinov, 2008; Salakhutdinov & Larochelle, AI & Statistics 2010)!

Varia5onal	  Lower	  Bound	  

Easy	  to	  Compute	  Mean-‐Field:	  Choose	  a	  fully	  factorized	  distribu5on:	  

with	  

Nonlinear	  fixed-‐	  
point	  equa5ons:	  

Varia;onal	  Inference:	  Maximize	  the	  	  
lower	  bound	  w.r.t.	  varia5onal	  
parameters	  	  	  	  	  .	  	  

(Approximate)	  Maximum	  Likelihood:	  

Varia5onal	  
	  Inference	  



h2

h1

v

Time	  	  t=1	  

Stochas5c	  Approxima5on	  

h2
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v
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Update	  
h2
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v
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•  Generate 	   	   	   	   	  	  	  	  	  	  by	  simula5ng	  from	  a	  Markov	  chain	  
that	  leaves	  	  	  	  	  	  	  	  	  invariant	  (e.g.	  Gibbs	  or	  M-‐H	  sampler)	  

Update	  

•  Update 	  	  	  	  	  	  by	  replacing	  intractable	  	   	   	  	  	  	  	  	  	  	  with	  a	  point	  
es5mate	  	  

In	  prac5ce	  we	  simulate	  several	  Markov	  chains	  in	  parallel.	  
Robbins	  and	  Monro,	  Ann.	  Math.	  Stats,	  1957	  
	  L.	  Younes,	  	  Probability	  Theory	  1989	  

Update	  	  	  	  	  	  and	  	  	  	  	  	  sequen5ally,	  	  where	  



Learning	  Algorithm	  
Update	  rule	  decomposes:	  

True	  gradient	   Perturba5on	  term	  
Almost	  sure	  convergence	  guarantees	  as	  learning	  rate	  	  	  

Problem:	  High-‐dimensional	  data:	  
the	  probability	  landscape	  is	  highly	  mul5modal.	  

Connec5ons	  to	  the	  theory	  of	  stochas5c	  approxima5on	  and	  adap5ve	  MCMC.	  

Key	  insight:	  The	  transi5on	  operator	  can	  be	  	  
any	  valid	  transi5on	  operator	  –	  Tempered	  	  
Transi5ons,	  Parallel/Simulated	  Tempering.	  

Varia5onal	  
	  Inference	  

MCMC	  

Fast	  Inference	  

Learning	  can	  scale	  to	  
millions	  of	  examples	  



Good	  Genera5ve	  Model?	  
Handwriken	  Characters	  



Good	  Genera5ve	  Model?	  
Handwriken	  Characters	  



Good	  Genera5ve	  Model?	  
Handwriken	  Characters	  

Real	  Data	  Simulated	  



Good	  Genera5ve	  Model?	  
Handwriken	  Characters	  

Real	  Data	   Simulated	  



Good	  Genera5ve	  Model?	  
Handwriken	  Characters	  



Handwri5ng	  Recogni5on	  

Learning	  Algorithm	   Error	  

Logis5c	  regression	   12.0%	  
K-‐NN	  	   3.09%	  
Neural	  Net	  (Plak	  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	  

Logis5c	  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	   Op5cal	  Character	  Recogni5on	  
60,000	  examples	  of	  10	  digits	   42,152	  examples	  of	  26	  English	  lekers	  	  

Permuta5on-‐invariant	  version.	  



Genera5ve	  Model	  of	  3-‐D	  Objects	  

24,000	  examples,	  5	  object	  categories,	  5	  different	  objects	  within	  each	  	  
category,	  6	  lightning	  condi5ons,	  9	  eleva5ons,	  18	  azimuths.	  	  	  



3-‐D	  object	  Recogni5on	  
Learning	  Algorithm	   Error	  
Logis5c	  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%	  

Pakern	  
Comple5on	  

NORB	  Dataset:	  24,000	  examples	  



Learning	  Hierarchical	  Representa5ons	  
Deep	  Boltzmann	  Machines:	  	  

Learning	  Hierarchical	  Structure	  	  
in	  Features:	  edges,	  combina5on	  	  
of	  edges.	  	  

• 	  Performs	  well	  in	  many	  applica5on	  domains	  
• 	  Fast	  Inference:	  frac5on	  of	  a	  second	  
• 	  Learning	  scales	  to	  millions	  of	  examples	  

Need	  more	  structured	  
and	  robust	  models	  



Talk	  Roadmap	  

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

•  Learning	  Structured	  and	  Robust	  Models	  

•  Mul5-‐Modal	  Learning	  



Face	  Recogni5on	  

Due	  to	  extreme	  illumina5on	  varia5ons,	  deep	  models	  
perform	  quite	  poorly	  on	  this	  dataset.	  	  

Yale	  B	  Extended	  Face	  Dataset	  
4	  subsets	  of	  increasing	  illumina5on	  varia5ons	  



Consider	  More	  Structured	  Models:	  undirected	  +	  directed	  models.	  

Deep	  Lamber5an	  Model	  

Deep	  
Undirected	  

Directed	  

Combines	  the	  elegant	  proper5es	  of	  the	  Lamber5an	  model	  with	  the	  
Gaussian	  DBM	  model.	  

Observed	  
Image	  

Inferred	  

(Tang et. Al., ICML 2012, Tang et. al. CVPR 2012)!
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Lamber5an	  Reflectance	  Model	  
• 	  A	  simple	  model	  of	  the	  image	  forma5on	  process.	  

• 	  Albedo	  -‐-‐	  diffuse	  reflec5vity	  of	  a	  surface,	  material	  
dependent,	  illumina5on	  independent.	  

Image	  
albedo	  

Surface	  	  
normal	  

Light	  	  
source	  

• 	  Images	  with	  different	  illumina5on	  can	  be	  generated	  by	  varying	  light	  
direc5ons	  

• 	  Surface	  normal	  -‐-‐	  perpendicular	  to	  the	  tangent	  
plane	  at	  a	  point	  on	  the	  surface.	  



Deep	  Lamber5an	  Model	  

Observed	  
Image	  

Image	  
albedo	  

Surface	  	  
normals	  

Light	  	  
source	  



Deep	  Lamber5an	  Model	  

Observed	  
Image	  

Image	  
albedo	  

Surface	  	  
normals	  

Light	  	  
source	  

Gaussian	  Deep	  	  
Boltzmann	  Machine	   Albedo	  DBM:	  

Pretrained	  using	  
Toronto	  Face	  Database	  

Transfer	  Learning	  

Inference:	  Varia5onal	  Inference.	  
Learning:	  Stochas5c	  Approxima5on	  

Inferred	  



Yale	  B	  Extended	  Face	  Dataset	  

• 	  38	  subjects,	  ∼	  45	  images	  of	  varying	  illumina5ons	  per	  subject,	  
divided	  into	  4	  subsets	  of	  increasing	  illumina5on	  varia5ons.	  	  	  

• 	  28	  subjects	  for	  training,	  and	  10	  for	  tes5ng.	  	  



Face	  Religh5ng	  

One	  Test	  Image	  

Face	  Religh5ng	  Observed	  
Inferred	  
albedo	  



Recogni5on	  Results	  
Recogni5on	  as	  func5on	  of	  the	  number	  of	  training	  images	  for	  
10	  test	  subjects.	  	  

One-‐Shot	  
Recogni5on	  

What	  about	  dealing	  with	  
occlusions	  or	  structured	  

noise?	  



Robust	  Boltzmann	  Machines	  
• 	  Build	  more	  structured	  models	  that	  can	  deal	  with	  occlusions	  or	  
structured	  noise.	  	  

Observed	  
Image	  

Inferred	  
Truth	  

Inferred	  
Binary	  Mask	  

(Tang et. Al., ICML 2012, Tang et. al. CVPR 2012)!



Robust	  Boltzmann	  Machines	  
• 	  Build	  more	  structured	  models	  that	  can	  deal	  with	  occlusions	  or	  
structured	  noise.	  	  

Gaussian	  RBM,	  modeling	  
clean	  faces	  

Binary	  RBM	  	  
modeling	  occlusions	  

Binary	  pixel-‐wise	  
Mask	  

Gaussian	  noise	  model	  

Observed	  
Image	   (Tang et. Al., ICML 2012, Tang et. al. CVPR 2012)!



Robust	  Boltzmann	  Machines	  
• 	  Build	  more	  structured	  models	  that	  can	  deal	  with	  occlusions	  or	  
structured	  noise.	  	  

Gaussian	  RBM,	  modeling	  
clean	  faces	  

Binary	  RBM	  	  
modeling	  occlusions	  

Binary	  pixel-‐wise	  
Mask	  

Gaussian	  noise	  model	  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  is	  a	  heavy-‐tailed	  distribu5on	  

Inference:	  Varia5onal	  Inference.	  
Learning:	  Stochas5c	  Approxima5on	  
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#	  of	  itera5ons	  

Recogni5on	  Results	  on	  	  
AR	  Face	  Database	  

Internal	  states	  of	  
RoBM	  during	  
learning.	  	  
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#	  of	  itera5ons	  

Recogni5on	  Results	  on	  	  
AR	  Face	  Database	  

Internal	  states	  of	  
RoBM	  during	  
learning.	  	  
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Learning	  Algorithm	   Sunglasses	   Scarf	  

Robust	  BM	   84.5%	   80.7%	  
RBM	   61.7%	   32.9%	  
Eigenfaces	   66.9%	   38.6%	  
LDA	   56.1%	   27.0%	  
Pixel	   51.3%	   17.5%	  



Transfer	  Learning	  
“zarc” “segway” 

How	  can	  we	  learn	  a	  novel	  concept	  –	  a	  high	  dimensional	  
sta5s5cal	  object	  –	  from	  few	  examples.	  	  	  



Transfer	  Learning	  

Test:	  	  
What	  is	  this?	  

Millions	  of	  unlabeled	  images	  	  

Some	  labeled	  images	  

Bicycle	  

Elephant	  

Dolphin	  

Tractor	  

Background	  Knowledge	  

Learn	  novel	  concept	  
from	  one	  example	  

Learn	  to	  Transfer	  
Knowledge	  



Slide	  Credit:	  Ni5sh	  Srivastava	  	  



One shot learning of simple visual concepts
Brenden M. Lake, Ruslan Salakhutdinov, Jason Gross, and Joshua B. Tenenbaum

Department of Brain and Cognitive Sciences
Massachusetts Institute of Technology

Abstract
People can learn visual concepts from just one example, but
it remains a mystery how this is accomplished. Many authors
have proposed that transferred knowledge from more familiar
concepts is a route to one shot learning, but what is the form
of this abstract knowledge? One hypothesis is that the shar-
ing of parts is core to one shot learning, and we evaluate this
idea in the domain of handwritten characters, using a massive
new dataset. These simple visual concepts have a rich inter-
nal part structure, yet they are particularly tractable for com-
putational models. We introduce a generative model of how
characters are composed from strokes, where knowledge from
previous characters helps to infer the latent strokes in novel
characters. The stroke model outperforms a competing state-
of-the-art character model on a challenging one shot learning
task, and it provides a good fit to human perceptual data.
Keywords: category learning; transfer learning; Bayesian
modeling; neural networks

A hallmark of human cognition is learning from just a few
examples. For instance, a person only needs to see one Seg-
way to acquire the concept and be able to discriminate future
Segways from other vehicles like scooters and unicycles (Fig.
1 left). Similarly, children can acquire a new word from one
encounter (Carey & Bartlett, 1978). How is one shot learning
possible?

New concepts are almost never learned in a vacuum. Past
experience with other concepts in a domain can support the
rapid learning of novel concepts, by showing the learner what
matters for generalization. Many authors have suggested this
as a route to one shot learning: transfer of abstract knowledge
from old to new concepts, often called transfer learning, rep-
resentation learning, or learning to learn. But what is the
nature of the learned abstract knowledge that lets humans ac-
quire new object concepts so quickly?

The most straightforward proposals invoke attentional
learning (Smith, Jones, Landau, Gershkoff-Stowe, & Samuel-
son, 2002) or overhypotheses (Kemp, Perfors, & Tenenbaum,
2007; Dewar & Xu, in press), like the shape bias in word
learning. Prior experience with concepts that are clearly orga-
nized along one dimension (e.g., shape, as opposed to color or
material) draws a learner’s attention to that same dimension
(Smith et al., 2002) – or increases the prior probability of new
concepts concentrating on that same dimension (Kemp et al.,
2007). But this approach is limited since it requires that the
relevant dimensions of similarity be defined in advance.

For many real-world concepts, the relevant dimensions of
similarity may be constructed in the course of learning to
learn. For instance, when we first see a Segway, we may
parse it into a structure of familiar parts arranged in a novel
configuration: it has two wheels, connected by a platform,
supporting a motor and a central post at the top of which are
two handlebars. These parts and their relations comprise a

Figure 1: Test yourself on one shot learning. From the example
boxed in red, can you find the others in the array? On the left is a
Segway and on the right is the first character of the Bengali alphabet.

AnswerfortheBengalicharacter:Row2,Column3;Row4,Column2.

Figure 2: Examples from a new 1600 character database.

useful representational basis for many different vehicle and
artifact concepts – a representation that is likely learned in
the course of learning the concepts that they support. Several
papers from the recent machine learning and computer vision
literature argue for such an approach: joint learning of many
concepts and a high-level part vocabulary that underlies those
concepts (e.g., Torralba, Murphy, & Freeman, 2007; Fei-Fei,
Fergus, & Perona, 2006). Another recently popular machine
learning approach is based on deep learning (Salakhutdinov
& Hinton, 2009): unsupervised learning of hierarchies of dis-
tributed feature representations in neural-network-style prob-
abilistic generative models. These models do not specify ex-
plicit parts and structural relations, but they can still construct
meaningful representations of what makes two objects deeply
similar that go substantially beyond low-level image features.

These approaches from machine learning may be com-
pelling ways to understand how humans learn so quickly,
but there is little experimental evidence that directly supports
them. Models that construct parts or features from sensory
data (pixels) while learning object concepts have been tested
in elegant behavioral experiments with very simple stimuli
and a very small number of concepts (Austerweil & Griffiths,
2009; Schyns, Goldstone, & Thibaut, 1998). But there have
been few systematic comparisons of multiple state-of-the-art
computational approaches to representation learning with hu-

Hierarchical-‐Deep	  Models	  

HD	  Models:	  Integrate	  
hierarchical	  Bayesian	  
models	  with	  deep	  models.	  

Hierarchical	  Bayes:	  
• 	  Learn	  hierarchies	  of	  categories	  for	  
sharing	  abstract	  knowledge.	  

Super-‐category	  

One-‐Shot	  Learning	  

Deep	  Models:	  
• 	  Learn	  hierarchies	  of	  features.	  
• 	  Unsupervised	  feature	  learning	  –	  no	  need	  
to	  rely	  on	  human-‐craNed	  input	  features.	  

Shared	  higher-‐level	  features	  

Shared	  low-‐level	  features	  

(Salakhutdinov,	  Tenenbaum,	  Torralba,	  NIPS	  2011,	  PAMI	  2013)!



“animal”	   “vehicle”	  

	  horse	   	  cow	   	  car	   	  van	   	  truck	  

	   	  (Nested	  Chinese	  Restaurant	  Process)	  
prior:	  a	  nonparametric	  prior	  over	  tree	  
structures	  

Deep	  Boltzmann	  Machine	  

	   	  (Hierarchical	  Dirichlet	  Process)	  prior:	  
a	  nonparametric	  prior	  allowing	  categories	  to	  
share	  higher-‐level	  features,	  or	  parts.	  

Enforce	  approximate	  global	  consistency	  	  
through	  many	  local	  constraints.	  

Images,	  Handwriken	  characters,	  
Mo5on	  capture	  datasets.	  

(Salakhutdinov,	  Tenenbaum,	  Torralba,	  NIPS	  2011,	  PAMI	  2013)!

Incorporate	  prior	  knowledge	  to	  	  
deal	  with	  occlusions,	  corrupted	  or	  missing	  data.	  	  

Tree	  hierarchy	  of	  	  
classes	  is	  learned	  

Hierarchical-‐Deep	  Models	  



CIFAR	  Object	  Recogni5on	  

	  horse	   	  cow	   	  car	   	  van	   	  truck	  

“animal”	   “vehicle”	  

Lower-‐level	  
generic	  	  features	  	  

Higher-‐level	  
features	  	  

Tree	  hierarchy	  of	  	  
classes	  is	  learned	  

Learned	  high-‐level	  
features	  

DBM	  generic	  
features	  	  

4	  million	  Images	  

(Salakhutdinov,	  Tenenbaum,	  Torralba,	  NIPS	  2011,	  PAMI	  2013)!



	  horse	   	  cow	   	  car	   	  van	   	  truck	  

“animal”	   “vehicle”	  

Lower-‐level	  
generic	  	  features	  	  

Higher-‐level	  
features	  	  

Tree	  hierarchy	  of	  	  
classes	  is	  learned	  

4	  million	  Images	  

Each	  image	  is	  made	  up	  of	  
learned	  high-‐level	  features	  features.	  

Each	  higher-‐level	  feature	  is	  made	  up	  
of	  lower-‐level	  features.	  

CIFAR	  Object	  Recogni5on	  
(Salakhutdinov,	  Tenenbaum,	  Torralba,	  NIPS	  2011,	  PAMI	  2013)!



Learning	  Category	  Hierarchy	  

woman	  

The	  model	  learns	  how	  to	  share	  the	  knowledge	  across	  many	  visual	  
categories.	  

“human”	  “fruit”	  
“aqua;c	  
animal”	  

Learned	  super-‐
class	  hierarchy	  

shark	   ray	  turtle	  dolphin	   baby	   man	  girl	  pear	  orange	  apple	   Basic	  level	  	  
class	  

“global”	  

Learned	  low-‐level	  
generic	  features	  

…	  

…	   Learned	  higher-‐level	  
class-‐sensi;ve	  features	  



Learning	  from	  3	  Examples	  

Given	  only	  3	  Examples	  

Generated	  Samples	  

Willow	  Tree	   Rocket	  



Learned	  
higher-‐level	  	  
features	  

Learned	  lower-‐
level	  features	  

	  char	  1	   	  char	  2	   	  char	  3	  	   	  char	  4	   	  char	  5	  

“alphabet	  1”	  

“alphabet	  2”	  

Edges	  

Strokes	  

Handwriken	  Character	  Recogni5on	  

25,000	  	  
characters	  



Simula5ng	  New	  Characters	  

Global	  

Super	  
class	  1	  

Super	  
class	  2	  

Real	  data	  within	  super	  class	  

Class	  1	   Class	  2	   New	  class	  

Simulated	  new	  characters	  



Simula5ng	  New	  Characters	  
Real	  data	  within	  super	  class	  

Class	  1	   Class	  2	  

Super	  
class	  1	  

Super	  
class	  2	  

Global	  

New	  class	  

Simulated	  new	  characters	  



Simula5ng	  New	  Characters	  
Real	  data	  within	  super	  class	  

Class	  1	   Class	  2	  

Super	  
class	  1	  

Super	  
class	  2	  

Global	  

New	  class	  

Simulated	  new	  characters	  



Simula5ng	  New	  Characters	  
Real	  data	  within	  super	  class	  

Class	  1	   Class	  2	  

Super	  
class	  1	  

Super	  
class	  2	  

Global	  

New	  class	  

Simulated	  new	  characters	  



Simula5ng	  New	  Characters	  
Real	  data	  within	  super	  class	  

Class	  1	   Class	  2	  

Super	  
class	  1	  

Super	  
class	  2	  

Global	  

New	  class	  

Simulated	  new	  characters	  



Simula5ng	  New	  Characters	  
Real	  data	  within	  super	  class	  

Class	  1	   Class	  2	  

Super	  
class	  1	  

Super	  
class	  2	  

Global	  

New	  class	  

Simulated	  new	  characters	  

The	  same	  model	  can	  be	  applied	  to	  	  
speech,	  text,	  video,	  or	  any	  other	  	  
high-‐dimensional	  data.	  



Talk	  Roadmap	  

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

•  Learning	  Structured	  and	  Robust	  Models	  

•  Mul5-‐Modal	  Learning	  



Data	  –	  Collec5on	  of	  Modali5es	  
• 	  Mul5media	  content	  on	  the	  web	  -‐	  
image	  +	  text	  +	  audio.	  

• 	  Product	  recommenda5on	  
systems.	  

• 	  Robo5cs	  applica5ons.	  

Audio	  
Vision	  

Touch	  sensors	  
Motor	  control	  

sunset,	  
pacificocean,	  
bakerbeach,	  
seashore,	  ocean	  

car,	  
automobile	  



Shared	  Concept	  
“Modality-‐free”	  representa5on	  	  

“Modality-‐full”	  representa5on	  	  

“Concept”	  

sunset,	  pacific	  ocean,	  
baker	  beach,	  seashore,	  

ocean	  



Building	  a	  Probabilis5c	  Model	  
• 	  Learn	  a	  joint	  density	  model:	  

• 	  h:	  “fused”	  representa5on	  for	  
classifica5on,	  retrieval.	   “Concept”	  

sunset,	  pacific	  ocean,	  
baker	  beach,	  

seashore,	  ocean	  



Building	  a	  Probabilis5c	  Model	  
• 	  Learn	  a	  joint	  density	  model:	  

• 	  h:	  “fused”	  representa5on	  for	  
classifica5on,	  retrieval.	  

• 	  Generate	  data	  from	  
condi5onal	  distribu5ons	  
for	  

“Concept”	  

Missing	  
Data	  

-‐	  Image	  Annota5on	  



Building	  a	  Probabilis5c	  Model	  
• 	  Learn	  a	  joint	  density	  model:	  

• 	  h:	  “fused”	  representa5on	  for	  
classifica5on,	  retrieval.	  

• 	  Generate	  data	  from	  
condi5onal	  distribu5ons	  
for	  

“Concept”	  

-‐	  Image	  Annota5on	  
-‐	  Image	  Retrieval	  

Missing	  
Data	  

sunset,	  pacific	  ocean,	  
baker	  beach,	  

seashore,	  ocean	  



Challenges	  -‐	  I	  	  

Very	  different	  input	  
representa5ons	  

Image	   Text	  

sunset,	  pacific	  ocean,	  
baker	  beach,	  seashore,	  

ocean	   • 	  Images	  –	  real-‐valued,	  dense	  

Difficult	  to	  learn	  
cross-‐modal	  features	  
from	  low-‐level	  
representa5ons.	  

Dense	  

• 	  Text	  –	  discrete,	  sparse	  	  

Sparse	  



Challenges	  -‐	  II	  	  

Noisy	  and	  missing	  data	  

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

mickikrimmel,	  
mickipedia,	  
headshot	  

unseulpixel,	  
naturey,	  crap	  

<	  no	  text>	  



Challenges	  -‐	  II	  	  
Image	   Text	   Text	  generated	  by	  the	  model	  

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

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

night,	  noke,	  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,	  crap	  

<	  no	  text>	  



A	  Simple	  Mul5modal	  Model	  
• 	  Use	  a	  joint	  binary	  hidden	  layer.	  
• 	  Problem:	  	  Inputs	  have	  very	  different	  sta5s5cal	  
proper5es.	  

• 	  Difficult	  to	  learn	  cross-‐modal	  features.	  

0	  
0	  
1	  
0	  

0	  
Real-‐valued	  

1-‐of-‐K	  



0	  
0	  
1	  
0	  

0	  
Dense,	  real-‐valued	  
image	  features	  

Gaussian	  model	  
Replicated	  SoNmax	  

Mul5modal	  DBM	  

Word	  
counts	  

(Srivastava & Salakhutdinov, NIPS 2012)	  



Mul5modal	  DBM	  

0	  
0	  
1	  
0	  

0	  
Dense,	  real-‐valued	  
image	  features	  

Gaussian	  model	  
Replicated	  SoNmax	  

Word	  
counts	  

(Srivastava & Salakhutdinov, NIPS 2012)	  



Gaussian	  model	  
Replicated	  SoNmax	  

0	  
0	  
1	  
0	  

0	  

Mul5modal	  DBM	  

Word	  
counts	  

(Srivastava & Salakhutdinov, NIPS 2012)	  

Dense,	  real-‐valued	  
image	  features	  



0	  
0	  
1	  
0	  

0	  
Dense,	  real-‐valued	  
image	  features	  

Word	  
counts	  

Gaussian	  model	  
Replicated	  SoNmax	  

Mul5modal	  DBM	  

Bokom-‐up	  
+	  

Top-‐down	  

(Srivastava & Salakhutdinov, NIPS 2012)	  
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Word	  
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Replicated	  SoNmax	  

Mul5modal	  DBM	  

Bokom-‐up	  
+	  

Top-‐down	  

(Srivastava & Salakhutdinov, NIPS 2012)	  



Text	  Generated	  from	  Images	  

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

insect,	  bukerfly,	  insects,	  
bug,	  bukerflies,	  
lepidoptera	  

graffi5,	  streetart,	  stencil,	  
s5cker,	  urbanart,	  graff,	  
sanfrancisco	  

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

dog,	  cat,	  pet,	  kiken,	  
puppy,	  ginger,	  tongue,	  
kiky,	  dogs,	  furry	  

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

Given Generated 	   	  	   Given Generated 	   	  	  



Text	  Generated	  from	  Images	  
Given Generated 	   	  	  

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

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

obama,	  barackobama,	  elec5on,	  
poli5cs,	  president,	  hope,	  change,	  
sanfrancisco,	  conven5on,	  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,	  
reflec5on,	  cielo,	  
bilbao,	  reflejo	  

food,	  cupcake,	  
vegan	  

d80	  

anawesomeshot,	  
theperfectphotographer,	  
flash,	  damniwishidtakenthat,	  
spiritofphotography	  

nikon,	  abigfave,	  
goldstaraward,	  d80,	  
nikond80	  



Data	  and	  Architecture	  
12	  Million	  parameters	  

2048	  

1024	  

1024	  

2000	  

1024	  

1024	  

3857	  

• 	  200	  most	  frequent	  tags.	  	  

• 	  25K	  labeled	  subset	  (15K	  
training,	  10K	  tes5ng)	  

• 	  38	  classes	  -‐	  sky,	  tree,	  
baby,	  car,	  cloud	  …	  

• 	  Addi5onal	  1	  million	  
unlabeled	  data	  



Results	  
• 	  Logis5c	  regression	  on	  top-‐level	  representa5on.	  
• 	  Mul5modal	  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	  

Mean	  Average	  Precision	  

Similar	  
Features,	  
25K	  



Results	  
• 	  Logis5c	  regression	  on	  top-‐level	  representa5on.	  
• 	  Mul5modal	  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	  
DBM	   0.609	   0.863	  
Deep	  Belief	  Net	   0.599	   0.867	  
Autoencoder	   0.600	   0.875	  

Mean	  Average	  Precision	  

Similar	  
Features,	  
25K	  

+	  1	  Million	  
Unlabelled	  



Video	  and	  Audio	  
Cuave	  Dataset	  



Mul5-‐Modal	  Models	  

Laser	  scans	  

Images	  

Video	  

Text	  &	  Language	  	  

Time	  series	  	  
data	  

Speech	  &	  	  
Audio	  

One	  of	  Key	  Challenges:	  	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  Inference	  

Develop	  learning	  systems	  that	  come	  	  
closer	  to	  displaying	  human	  like	  intelligence	  



Midterm	  Review	  
• 	  Polynomial	  curve	  fi|ng	  –	  generaliza5on,	  overfi|ng	  

• 	  Decision	  theory:	  	  

• 	  Minimizing	  misclassifica5on	  rate	  /	  Minimizing	  the	  expected	  loss	  

• 	  Loss	  func5ons	  for	  regression	  	  



Midterm	  Review	  
• 	  Bernoulli,	  Mul5nomial	  random	  variables	  (mean,	  variances)	  	  

• 	  Mul5variate	  Gaussian	  distribu5on	  (form,	  mean,	  covariance)	  

• 	  Maximum	  likelihood	  es5ma5on	  for	  these	  distribu5ons.	  	  	  	  

• 	  Exponen5al	  family	  /	  Maximum	  likelihood	  es5ma5on	  /	  sufficient	  
sta5s5cs	  for	  exponen5al	  family.	  	  

• 	  Linear	  basis	  func5on	  models	  /	  maximum	  likelihood	  and	  least	  squares:	  	  



Midterm	  Review	  
• 	  Regularized	  least	  squares:	  

Ridge	  
regression	  

• 	  Bias-‐variance	  decomposi5on.	  	  

Low	  bias	  

High	  variance	  



Midterm	  Review	  
• 	  Bayesian	  Inference:	  likelihood,	  prior,	  posterior:	  	  	  

• 	  Marginal	  likelihood	  /	  predic5ve	  distribu5on.	  	  

• 	  Bayesian	  linear	  regression	  /	  parameter	  es5ma5on	  /	  posterior	  
distribu5on	  /	  predic5ve	  distribu5on	  	  

• 	  Bayesian	  model	  comparison	  /	  Evidence	  approxima5on	  	  

Matching	  data	  and	  	  
model	  complexity	  

Marginal	  likelihood	  
(normalizing	  constant):	  



Midterm	  Review	  
• 	  Classifica5on	  models:	  	  

• 	  Discriminant	  func5ons	  
• 	  Fisher’s	  linear	  discriminant	  
• 	  Perceptron	  algorithm	  

• 	  Probabilis5c	  Genera5ve	  Models	  /	  Gaussian	  class	  condi5onals	  /	  
Maximum	  likelihood	  es5ma5on:	  



Midterm	  Review	  
• 	  Discrimina5ve	  Models	  /	  Logis5c	  regression	  /	  maximum	  likelihood	  
es5ma5on	  	  

• 	  Laplace	  approxima5on	  	  

• 	  BIC	  	  

• 	  Bayesian	  logis5c	  regression	  /	  predic5ve	  distribu5on	  	  	  



Midterm	  Review	  
• 	  Gaussian	  processes,	  defini5on:	  	  

• 	  GPs	  for	  regression.	  

• 	  Marginal/predic5ve	  distribu5ons.	  Making	  predic5ons	  using	  GPs.	  	  	  

• 	  Covariance	  func5ons,	  automa5c	  relevance	  determina5on,	  role	  of	  
hyperparameters	  	  	  

Nonlinear regression

Consider the problem of nonlinear regression:

You want to learn a function f with error bars from data D = {X,y}

x

y

A Gaussian process defines a distribution over functions p(f) which can be used for
Bayesian regression:

p(f |D) =

p(f)p(D|f)

p(D)

Nonlinear regression

Consider the problem of nonlinear regression:

You want to learn a function f with error bars from data D = {X,y}

x

y

A Gaussian process defines a distribution over functions p(f) which can be used for
Bayesian regression:

p(f |D) =

p(f)p(D|f)

p(D)



Midterm	  Review	  
• 	  Mixture	  Models,	  k-‐means,	  Mixture	  of	  Gaussians	  

• 	  EM	  algorithm:	  	  defini5on	  of	  E-‐step,	  defini5on	  
of	  M-‐step,	  rela5onship	  to	  k-‐means.	  	  

• 	  Mixture	  of	  Gaussians:	  Maximum	  likelihood	  
es5ma5on.	  

• 	  Alterna5ve	  view	  of	  EM:	  expected	  complete	  
data	  log-‐likelihood:	  	  

• 	  E-‐step:	  Compute	  posterior	  over	  latent	  variables:	  p(Z|X,µold).	  	  	  
• 	  M-‐step:	  Find	  the	  new	  es5mate	  of	  parameters	  µnew:	  	  	  

	  	  	  where	  



Midterm	  Review	  
• 	  Con5nuous	  latent	  variable	  models:	  Probabilis5c	  PCA,	  Factor	  Analysis	  	  
• 	  PCA,	  PCA	  for	  high-‐dimensional	  data	  	  
• 	  Probabilis5c	  PCA:	  defini5on	  of	  probabilis5c	  model,	  Joint/Marginal	  
density,	  posterior	  over	  latent	  variables,	  rela5onship	  to	  standard	  PCA	  

• 	  Probabilis5c	  PCA:	  Maximum	  likelihood	  es5ma5on,	  zero	  noise	  limit.	  	  	  

• 	  Factor	  analysis,	  defini5on,	  marginal/joint/posterior.	  Rela5onship	  to	  
PPCA.	  	  
• 	  Autoencoders:	  defini5on	  	  



Midterm	  Review	  
• 	  Sequen5al	  data:	  Markov	  models,	  maximum	  likelihood	  es5ma5on	  	  
• 	  State	  Space	  models:	  defini5on,	  transi5on	  model,	  observa5on	  model.	  	  	  

• 	  Hidden	  Markov	  models:	  defini5on,	  transi5on	  model,	  observa5on	  model.	  	  	  
• 	  Maximum	  likelihood	  es5ma5on	  for	  HMMs,	  basics	  of	  EM	  algorithm.	  	  	  

• 	  Dynamic	  programming	  (understanding	  of	  alpha-‐beta	  recursions)	  

• 	  Basics	  of	  EM	  algorithm	  for	  HMMs:	  interring	  posterior	  over	  latent	  paths	  and	  
parameter	  es5ma5on	  for	  the	  transi5on	  and	  observa5on	  model.	  	  

• 	  Viterbi	  decoding.	  	  


