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IntroducBon	
  

•  Can	
  we	
  learn	
  a	
  classifier	
  that	
  returns	
  a	
  class	
  
with	
  very	
  liFle	
  evidence	
  in	
  the	
  training	
  
dataset?	
  

•  One-­‐shot	
  learning:	
  OpBmizing	
  classificaBon	
  
with	
  as	
  liFle	
  as	
  one	
  example	
  for	
  the	
  class.	
  

•  Zero-­‐shot	
  learning:	
  OpBmizing	
  classificaBon	
  
with	
  examples	
  for	
  a	
  class	
  omiFed	
  from	
  the	
  
training	
  data.	
  



ONE-­‐SHOT	
  LEARNING	
  OF	
  OBJECT	
  
CATEGORIES	
  

Fei-­‐Fei	
  et	
  al.,	
  2006	
  



Image	
  RecogniBon	
  

•  Recognize	
  tens	
  of	
  thousands	
  objects	
  and	
  
categories	
  into	
  useful	
  and	
  informaBve	
  
taxonomies.	
  

•  It	
  is	
  oSen	
  difficult	
  and	
  expensive	
  to	
  acquire	
  
large	
  sets	
  of	
  training	
  examples.	
  

•  Hypothesis:	
  Once	
  a	
  few	
  categories	
  have	
  been	
  
learned	
  the	
  hard	
  way,	
  some	
  informaBon	
  can	
  
be	
  abstracted	
  from	
  the	
  process	
  to	
  make	
  
learning	
  further	
  categories	
  more	
  efficient.	
  



Challenges	
  

•  RepresentaBon:	
  How	
  do	
  we	
  model	
  objects	
  
and	
  categories?	
  

•  Learning:	
  How	
  do	
  we	
  acquire	
  such	
  models?	
  
•  RecogniBon:	
  Given	
  a	
  new	
  image,	
  how	
  do	
  we	
  
detect	
  the	
  presence	
  of	
  an	
  object	
  amongst	
  
cluFer,	
  occlusion,	
  viewpoint,	
  and	
  lighBng?	
  



Requirements	
  

•  Models	
  should	
  be	
  rich.	
  
•  Models	
  should	
  be	
  flexible.	
  
•  Due	
  to	
  occlusion,	
  not	
  all	
  features	
  need	
  to	
  be	
  
detected.	
  

•  Learn	
  model	
  class	
  variability	
  from	
  training	
  
examples.	
  

•  Must	
  be	
  computaBonally	
  efficient.	
  
•  Learn	
  with	
  minimal	
  supervision.	
  



Decision:	
  Is	
  I	
  an	
  image	
  of	
  foreground?	
  

O—	
  Object	
  category;	
  
I—	
  Image;	
  
R—	
  RaBo	
  of	
  the	
  class	
  posteriors;	
  
T—	
  Threshold	
  for	
  decision.	
  

Likelihood	
  raBo	
   Prior	
  odds	
  



Introducing	
  parametric	
  models	
  	
  

Learn	
  this!	
  



Salient	
  feature	
  detecBon	
  (Kadir	
  and	
  
Brady)	
  



Object	
  category	
  model	
  	
  
(ConstellaBon	
  model)	
  



FactorizaBon	
  of	
  the	
  likelihood	
  for	
  
foreground	
  

Appearance	
   Shape	
  

Flexible	
  



FactorizaBon	
  of	
  the	
  likelihood	
  of	
  the	
  
background	
  



Appearance	
  





Shape	
  





Discussion	
  of	
  the	
  model	
  

•  X(h)	
  is	
  in	
  2P-­‐2	
  dimension	
  and	
  A(h)	
  is	
  in	
  kP	
  
dimension.	
  If	
  k=10,	
  P=4;	
  shape	
  has	
  27	
  (6	
  mean,	
  
21	
  full	
  covariance	
  matrix)	
  parameters	
  and	
  
appearance	
  has	
  80	
  parameters	
  (40	
  mean,	
  40	
  
diagonal	
  covariance	
  matrix).	
  A	
  total	
  of	
  107	
  
parameters.	
  

•  Total	
  number	
  of	
  hyper-­‐parameters	
  is	
  109.	
  Both	
  m	
  
and	
  B	
  have	
  the	
  same	
  dimensionality	
  as	
  mean	
  and	
  
covariance.	
  In	
  addiBon,	
  there	
  are	
  a	
  and	
  b.	
  



Discussion	
  of	
  the	
  model	
  (cntd.)	
  
•  The	
  performance	
  of	
  the	
  model	
  depends	
  upon	
  the	
  
performance	
  of	
  the	
  interest	
  region	
  detector.	
  

•  Patches	
  may	
  overlap	
  leading	
  to	
  over-­‐counBng	
  of	
  
evidence.	
  

•  The	
  shape	
  model	
  has	
  a	
  data	
  associaBon	
  complexity	
  of	
  
O(NP).	
  

•  Different	
  graph	
  structures	
  and	
  co-­‐ordinate	
  frames	
  may	
  
be	
  more	
  suited	
  for	
  compact	
  objects	
  (eg.	
  human	
  
bodies).	
  

•  If	
  the	
  outline	
  of	
  the	
  object	
  is	
  more	
  important	
  than	
  
texture	
  (eg.	
  boFle)	
  alternaBve	
  representaBons	
  (eg.	
  
Curve	
  contour)	
  may	
  be	
  more	
  suited.	
  



Discussion	
  of	
  the	
  model	
  (cntd.)	
  

•  The	
  background	
  model	
  is	
  very	
  simple:	
  a	
  uniform	
  
distribuBon	
  and	
  a	
  single	
  Gaussian	
  distribuBon	
  for	
  
appearance.	
  Empirically	
  this	
  assumpBon	
  was	
  
found	
  to	
  be	
  reasonable.	
  

•  The	
  model	
  can	
  be	
  extended	
  to	
  perform	
  object	
  
localizaBon	
  by	
  bounding	
  the	
  best	
  hypothesis.	
  

•  The	
  paper	
  assumes	
  a	
  single	
  mixture	
  component.	
  
Increasing	
  the	
  number	
  of	
  components	
  can	
  model	
  
different	
  aspects	
  of	
  the	
  object	
  (eg.	
  Pose	
  
variaBons).	
  



Form	
  of	
  the	
  parameter	
  posterior	
  



Other	
  Inference	
  methods	
  

•  Sampling	
  methods:	
  Gibbs	
  sampling	
  or	
  Markov	
  chain-­‐	
  
Monte	
  Carlo	
  can	
  give	
  accurate	
  esBmate	
  of	
  the	
  integral.	
  
But	
  this	
  approach	
  is	
  computaBonally	
  expensive.	
  

•  Recursive	
  approximaBons:	
  VariaBonal	
  approximaBons	
  
by	
  sequenBally	
  processing	
  the	
  data	
  points	
  to	
  
approximate	
  the	
  parameter	
  posterior.	
  

•  Conjugate	
  densiBes:	
  Use	
  Normal-­‐Wishart	
  distribuBon	
  
which	
  is	
  conjugate	
  prior	
  to	
  the	
  MulBvariate	
  Gaussian	
  
distribuBon.	
  The	
  integral	
  becomes	
  a	
  mulBvariate	
  
Student’s	
  T	
  distribuBon.	
  



Conjugate	
  density:	
  Parameter	
  distribuBon	
  



Conjugate	
  density:	
  Closed-­‐form	
  calculaBon	
  for	
  R	
  



ImplementaBon:	
  Feature	
  selecBon/
representaBon	
  

•  Learning	
  is	
  done	
  by	
  VariaBonal	
  Bayesian	
  
ExpectaBon	
  MaximizaBon	
  (VBEM).	
  

•  Features	
  are	
  found	
  using	
  the	
  Kadir	
  and	
  Brady	
  
approach.	
  

•  The	
  co-­‐ordinates	
  of	
  the	
  center	
  of	
  the	
  feature	
  
gives	
  X.	
  

•  The	
  region	
  is	
  then	
  cropped	
  from	
  the	
  image,	
  re-­‐
scaled	
  to	
  11x11	
  pixels	
  (121	
  dimensional	
  space),	
  
and	
  reduced	
  by	
  PCA.	
  The	
  co-­‐efficients	
  from	
  the	
  
principal	
  components	
  give	
  A.	
  	
  



ImplementaBon:	
  Learning	
  

•  Learn	
  a	
  single	
  mixture	
  component	
  (Ω	
  =	
  1).	
  So,	
  
πω	
  =	
  1,	
  and	
  therefore	
  λ	
  =	
  1.	
  

•  Parameters	
  for	
  shape/appearance	
  mean	
  and	
  
variance	
  is	
  esBmated	
  by	
  object	
  models	
  
learned	
  from	
  three	
  object	
  categories	
  (spoFed	
  
cats,	
  faces,	
  airplanes)	
  using	
  ML	
  to	
  learn	
  priors.	
  	
  

•  The	
  parameters	
  from	
  this	
  exisBng	
  category	
  is	
  
used	
  to	
  esBmate	
  the	
  hyper-­‐parameters	
  of	
  the	
  
new	
  category.	
  



Details	
  of	
  the	
  Bayesian	
  One-­‐Shot	
  
algorithm	
  

•  Shape/Appearance	
  means	
  are	
  iniBalized	
  by	
  the	
  means	
  
of	
  the	
  training	
  data.	
  Covariance	
  is	
  randomly	
  chosen	
  
within	
  reasonable	
  range.	
  

•  Stopping	
  criterion:	
  
–  Largest	
  parameter	
  change	
  is	
  less	
  than	
  a	
  threshold	
  (eg.	
  
10-­‐4).	
  

–  Exceed	
  maximum	
  number	
  of	
  iteraBons	
  (eg.	
  500).	
  
•  Background	
  images	
  are	
  not	
  used	
  during	
  learning.	
  
•  Learning	
  a	
  category	
  takes	
  less	
  than	
  a	
  minute	
  when	
  the	
  
number	
  of	
  images	
  is	
  less	
  than	
  10.	
  The	
  model	
  has	
  4	
  
parts.	
  Increasing	
  the	
  parts	
  improves	
  recogniBon.	
  



Experimental	
  results	
  

•  Caltech	
  4	
  dataset:	
  human	
  faces,	
  motorbikes,	
  
airplanes,	
  and	
  spoFed	
  cats.	
  

•  Naïve	
  97	
  dataset:	
  97	
  new	
  dicBonary	
  term	
  
categories	
  from	
  Google	
  Image	
  Search.	
  

•  Preprocessing:	
  Remove	
  irrelevant	
  images,	
  all	
  
instances	
  face	
  the	
  same	
  direcBon,	
  verBcal	
  
structures	
  are	
  rotated.	
  



Experimental	
  setup	
  
•  Dataset	
  is	
  split	
  into	
  two	
  disjoint	
  sets.	
  N	
  (1-­‐6	
  per	
  category)	
  

samples	
  are	
  randomly	
  drawn	
  from	
  the	
  first	
  set	
  and	
  assigned	
  
as	
  training	
  data.	
  50	
  samples	
  are	
  randomly	
  drawn	
  form	
  the	
  
second	
  set	
  and	
  assigned	
  as	
  test	
  data.	
  AddiBonal	
  50	
  images	
  as	
  
background.	
  

•  Number	
  of	
  runs	
  =	
  10.	
  
•  Learning	
  approaches:	
  ML,	
  MAP,	
  and	
  VariaBonal	
  Bayesian	
  

approach	
  (Prior	
  is	
  obtained	
  from	
  three	
  object	
  categories).	
  
•  One	
  mixture	
  component.	
  
•  Parts	
  in	
  the	
  model,	
  P	
  =	
  4.	
  
•  PCA	
  dimensions	
  =	
  10.	
  
•  Average	
  number	
  of	
  interest	
  point	
  detecBons	
  per	
  image	
  =	
  20.	
  



Motorbike	
  detecBon	
  

Error	
  rate	
  =	
  0.18	
  

Gaussian	
  densiBes	
   3	
  principal	
  components	
  



Face	
  detecBon	
  



Performance	
  on	
  motorbike,	
  spoFed	
  cat,	
  and	
  airplane	
  

Motorbike	
  

SpoFed	
  cats	
  

Airplane	
  



Impact	
  of	
  priors:	
  	
  
ML,	
  MAP,	
  Bayes	
  in	
  101	
  categories	
  



Effect	
  of	
  the	
  number	
  of	
  categories	
  
used	
  to	
  learn	
  the	
  prior	
  model	
  



A	
  few	
  experimental	
  observaBons	
  

•  With	
  larger	
  number	
  of	
  training	
  examples	
  per	
  
category,	
  the	
  shape	
  was	
  more	
  well	
  defined.	
  

•  The	
  performance	
  of	
  the	
  recogniBon	
  algorithm	
  
is	
  sensiBve	
  to	
  the	
  feature	
  detecBon	
  algorithm.	
  

•  Shape-­‐only,	
  Appearance-­‐only	
  approaches	
  
work	
  for	
  certain	
  category	
  models.	
  Overall	
  
performance	
  is	
  best	
  when	
  Shape	
  and	
  
Appearance	
  is	
  combined.	
  



Impact	
  of	
  different	
  priors	
  



LimitaBons	
  

•  Model	
  does	
  not	
  account	
  for	
  occlusion.	
  
•  Number	
  of	
  parts	
  in	
  the	
  object	
  is	
  limited	
  to	
  4.	
  
•  Priors	
  are	
  learned	
  from	
  only	
  three	
  categories.	
  
•  Only	
  one	
  component	
  constellaBon	
  model	
  was	
  
evaluated.	
  



ZERO-­‐SHOT	
  LEARNING	
  WITH	
  
SEMANTIC	
  OUTPUT	
  CODES	
  

Palatucci	
  et	
  al.,	
  2011	
  



Zero-­‐shot	
  learning	
  

•  Goal:	
  Learn	
  a	
  classifier	
  f:	
  X	
  	
  —>	
  Y,	
  which	
  can	
  
predict	
  novel	
  values	
  of	
  Y	
  omiFed	
  from	
  the	
  
training	
  set.	
  

•  ApplicaBon:	
  	
  
– Y	
  takes	
  very	
  large	
  number	
  of	
  values.	
  
– Labeling	
  all	
  of	
  Y	
  is	
  expensive.	
  



Problem	
  domain	
  

•  Object	
  recogniBon:	
  Several	
  tens	
  of	
  thousands	
  
of	
  objects	
  to	
  recognize.	
  

•  AutomaBc	
  speech	
  recogniBon:	
  Recognize	
  
words	
  without	
  training	
  for	
  all	
  words.	
  
Vocabulary	
  independence	
  can	
  be	
  achieved	
  by	
  
a	
  phoneme-­‐based	
  recogniBon	
  strategy.	
  

•  Neural	
  acBvity	
  decoder:	
  Determine	
  the	
  word	
  
or	
  object	
  based	
  on	
  neural	
  acBvity.	
  



fMRI	
  response	
  to	
  words/images	
  



SemanBc	
  encoding/decoding	
  

Word/Image	
  

SemanBc	
  	
  
encoding	
  

SemanBc	
  	
  
decoding	
  

F	
  



SemanBc	
  feature	
  space	
  

•  Metric	
  space,	
  Fp,	
  of	
  p	
  dimensions	
  that	
  encodes	
  
the	
  values	
  of	
  the	
  semanBc	
  properBes.	
  

X2:	
  Size	
  

X1:	
  Breathe	
  under-­‐water	
  

True	
  (1)	
  False	
  (0)	
  
Small	
  (0)	
  

Large	
  (1)	
   Whale	
  =	
  {1,	
  1}	
  

Krill	
  =	
  {1,	
  0}	
  Mouse	
  =	
  {0,	
  0}	
  

Elephant	
  =	
  {0,	
  1}	
  

P	
  =	
  2	
  



SemanBc	
  knowledge	
  base	
  

•  Knowledge	
  base	
  K:	
  M	
  examples	
  of	
  pairs	
  {f,y}
1:M.	
  

•  Point	
  f	
  is	
  in	
  semanBc	
  feature	
  space	
  Fp.	
  

•  Class	
  label	
  y	
  is	
  from	
  set	
  Y.	
  



SemanBc	
  output	
  code	
  classifier,	
  H	
  

Input:	
  Xd	
   Feature	
  space:	
  
	
  Fp	
  
	
  

Is	
  it	
  furry?	
  
Does	
  it	
  have	
  a	
  tail?	
  
Can	
  it	
  breathe	
  under-­‐
water?	
  
Is	
  it	
  a	
  carnivore?	
  
Is	
  it	
  slow	
  moving?	
  

Label:	
  y	
  
	
  

•  Dog	
  
•  Whale	
  
•  Elephant	
  

SemanBc	
  
encoding	
  

S	
   L	
  

SemanBc	
  
decoding	
  



Zero-­‐shot:	
  SemanBc	
  Output	
  Code	
  
ClassificaBon	
  

•  Input:	
  Training	
  data	
  D	
  a	
  d-­‐dimensional	
  matrix	
  
with	
  N	
  instances	
  of	
  form	
  {x,y}1:N.	
  SemanBc	
  
encoding	
  of	
  a	
  large	
  set	
  of	
  concept	
  classes,	
  K	
  
with	
  M	
  examples	
  of	
  form	
  {f,y}1:M.	
  Typically,	
  M	
  
>>	
  N.	
  

•  Output:	
  Classifier	
  to	
  recognize	
  classes	
  
including	
  those	
  omiFed	
  from	
  the	
  training	
  
dataset.	
  



Model	
  

Training	
  data,	
  D	
  =	
  {X,Y}	
  
XNxd	
  with	
  N	
  words	
  and	
  d	
  dimensions.	
  
Dimensions	
  are	
  reduced	
  by	
  voxel	
  stability	
  criterion.	
  
Ynxp	
  with	
  N	
  words	
  and	
  p	
  semanBc	
  features.	
  

Learning:	
  
	
  
Predict:	
  
	
   Stage	
  1:	
  

	
  
Stage	
  2:	
   1-­‐Nearest	
  Neighbor	
  	
  

with	
  Euclidean	
  distance	
  



Under	
  what	
  condiBons	
  does	
  the	
  SOC	
  
classifier	
  predict	
  labels	
  omiFed	
  in	
  the	
  

training	
  data?	
  









Experiments	
  
•  Dataset:	
  fMRI	
  dataset	
  with	
  9	
  human	
  parBcipants.	
  
Words	
  represenBng	
  12	
  categories	
  (5	
  examples	
  
each)	
  to	
  a	
  total	
  of	
  60	
  words.	
  

•  Neural	
  acBvity	
  is	
  measured	
  in	
  20,000	
  locaBons	
  
(voxels)	
  in	
  the	
  brain.	
  Six	
  MRIs	
  are	
  taken	
  for	
  each	
  
word.	
  These	
  are	
  Bme-­‐averaged.	
  

•  There	
  are	
  two	
  Knowledge	
  base—	
  	
  
–  corpus5000	
  (Google	
  Trillion-­‐Word-­‐Corpus)	
  containing	
  
co-­‐occurrence	
  vector	
  for	
  words.	
  

– Human218	
  Mturk	
  annotated	
  218	
  features	
  for	
  the	
  60	
  
words,	
  scaled	
  from	
  1-­‐5.	
  



Can	
  the	
  classifier	
  discriminate	
  
between	
  two	
  classes,	
  neither	
  of	
  which	
  

is	
  in	
  the	
  training	
  data?	
  



How	
  does	
  the	
  classifier	
  discriminate	
  
closely	
  related	
  novel	
  classes?	
  



Can	
  we	
  decode	
  the	
  word	
  from	
  a	
  large	
  
set	
  of	
  words?	
  





END	
  


