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  Theories	
  of	
  Visual	
  Percep3on	
  in	
  the	
  
20th	
  century	
  

•  Behaviorism	
  emphasized	
  s3mulus	
  generaliza3on	
  and	
  
associa3on.	
  Aligns	
  well	
  with	
  machine	
  learning	
  approaches	
  to	
  
recogni3on.	
  

•  Gestal3sts	
  emphasized	
  perceptual	
  organiza3on-­‐	
  grouping	
  and	
  
figure/ground	
  phenomena.	
  Natural	
  home	
  for	
  those	
  who	
  
regard	
  reorganiza3on	
  of	
  the	
  s3mulus	
  –	
  from	
  pixels	
  to	
  en33es-­‐
as	
  primary.	
  	
  

•  Gibson’s	
  ecological	
  op3cs	
  emphasized	
  “informa3on	
  pickup”	
  
by	
  a	
  moving	
  observer.	
  Introduced	
  op3c	
  flow	
  and	
  texture	
  
gradients	
  as	
  powerful	
  3d	
  cues.	
  Consistent	
  with	
  a	
  view	
  that	
  
there	
  is	
  enough	
  informa3on	
  for	
  3d	
  reconstruc3on	
  of	
  the	
  
world.	
  



Marr’s	
  paradigm	
  (1980)	
  	
  

Image 

Primal Sketch 

2.5D Sketch 

Part-based Models using Generalized Cylinders 

Ignored texture, grouping 
factors 

Shape-from-X didn’t work for 
monocular cues 
 

Generalized cylinders not rich  
enough as  primitives 

Overall approach violated the principle of least commitment, that 
Marr had himself advocated. Didn’t  use probabilistic inference or learning. 



Computer	
  vision	
  since	
  	
  1990…	
  

•  Significant	
  progress	
  without	
  an	
  overarching	
  
theory	
  

•  Has	
  made	
  considerable	
  use	
  of	
  models	
  drawn	
  
from	
  
– Geometry	
  
– Sta3s3cs/Machine	
  learning	
  
– Op3miza3on	
  



Can	
  neuroscience	
  guide	
  the	
  search	
  for	
  
an	
  architecture	
  for	
  computer	
  vision?	
  

	
  



Hubel and Wiesel (1962) discovered orientation sensitive 
neurons in V1	





These cells respond to edges and 
bars ..	







Orienta3on	
  based	
  features	
  were	
  inspired	
  by	
  V1	
  	
  
(SIFT,	
  GIST,	
  HOG,	
  GB	
  etc)	
  



Macaque	
  Visual	
  Areas	
  





Convolu3onal	
  Neural	
  Networks	
  (LeCun)	
  

•  Mul3layer	
  perceptrons	
  with	
  weight	
  sharing	
  
•  LeCun	
  showed	
  their	
  effec3veness	
  	
  for	
  problems	
  such	
  as	
  handwricen	
  digit	
  

recogni3on	
  back	
  in	
  the	
  1990s	
  
•  Recent	
  excitement	
  under	
  the	
  label	
  of	
  “Deep	
  Learning”.	
  Krizhevsky,	
  

Sutskever	
  &	
  Hinton	
  (2012)	
  showed	
  impressive	
  results	
  on	
  image	
  
classifica3on	
  at	
  the	
  ImageNet	
  Challenge	
  

The	
  next	
  few	
  slides	
  are	
  taken	
  from	
  Yann	
  LeCun’s	
  presenta3on	
  at	
  
CVML,	
  Paris,	
  2013	
  











My	
  opinion…	
  
•  The	
  availability	
  of	
  “big	
  data”	
  means	
  that	
  high	
  capacity	
  
learning	
  machines	
  have	
  greater	
  poten3al	
  than	
  before.	
  
We	
  can	
  choose	
  a	
  different	
  point	
  on	
  the	
  bias-­‐variance	
  
tradeoff	
  	
  from	
  machine	
  learning	
  theory.	
  

•  Mul3layer	
  neural	
  networks	
  are	
  not	
  the	
  only	
  way.	
  For	
  
example,	
  random	
  forests,	
  with	
  suitably	
  rich	
  set	
  of	
  
ques3ons,	
  could	
  do	
  so	
  as	
  well.	
  

•  The	
  experience	
  of	
  handwricen	
  digit	
  recogni3on	
  where	
  
5	
  or	
  6	
  different	
  approaches	
  achieve	
  below	
  1%	
  error	
  
rates	
  suggests	
  that	
  it	
  is	
  not	
  worth	
  having	
  a	
  religious	
  
bacle	
  over	
  classifiers.	
  

•  But,	
  there	
  is	
  more	
  to	
  vision	
  than	
  classifica3on!	
  



Different	
  aspects	
  	
  of	
  vision	
  
•  Percep3on:	
  study	
  the	
  “laws	
  of	
  seeing”	
  -­‐predict	
  what	
  a	
  human	
  

would	
  perceive	
  in	
  an	
  image.	
  
•  Neuroscience:	
  understand	
  the	
  mechanisms	
  in	
  the	
  re3na	
  and	
  

the	
  brain	
  	
  
•  Func3on:	
  	
  how	
  laws	
  of	
  op3cs,	
  and	
  the	
  sta3s3cs	
  of	
  the	
  world	
  

we	
  live	
  in,	
  make	
  certain	
  interpreta3ons	
  of	
  an	
  image	
  more	
  
likely	
  to	
  be	
  valid	
  

The match between human and  computer vision is strongest at the  
level of function, but since typically the results of computer vision are 
meant to be conveyed to humans makes it useful to be consistent 
with human perception. Neuroscience is a source of ideas but  being 
bio-mimetic is not a requirement. 



The	
  Three	
  R’s	
  of	
  Vision	
  

Each of the 6 directed arcs in this diagram is a useful direction 
of information flow 

Recognition 

Reconstruction Reorganization 



Why	
  templates	
  need	
  to	
  be	
  combined	
  with	
  regions	
  
Top-down Part/Object Detectors 

0.93 

Cat Segmenter 

0.57 0.32 

Bottom-up Region Segmentation 



Black	
  and	
  White	
  Tights	
  Dance	
  	
  

•  Demo	
  from	
  youtube	
  



Some	
  remarks..	
  
•  Child	
  development	
  studies	
  clearly	
  show	
  the	
  importance	
  of	
  grouping	
  

based	
  on	
  common	
  mo3on.	
  This	
  capability	
  is	
  present	
  very	
  early	
  and	
  
helps	
  train	
  other	
  grouping	
  cues.	
  

•  This	
  gives	
  a	
  natural	
  mechanism	
  for	
  “objectness”;	
  tracking	
  over	
  3me	
  
trains	
  visual	
  correspondence.	
  

•  In	
  computer	
  vision,	
  I	
  have	
  long	
  argued	
  for	
  using	
  bocom-­‐up	
  
segmenta3on	
  as	
  a	
  way	
  to	
  generate	
  candidates	
  for	
  recogni3on.	
  But	
  
it	
  is	
  s3ll	
  the	
  case	
  that	
  these	
  approaches	
  don’t	
  do	
  as	
  well	
  as	
  “naïve”	
  
sliding	
  window	
  approaches;	
  inevitably	
  some	
  recall	
  is	
  lost.	
  	
  

•  Video	
  analysis	
  should	
  work	
  much	
  becer	
  than	
  sta3c	
  image	
  analysis	
  
for	
  this	
  purpose;	
  it	
  is	
  a	
  pity	
  that	
  so	
  licle	
  work	
  has	
  been	
  done	
  on	
  this	
  
(	
  see	
  Brox	
  for	
  a	
  counter	
  example)	
  

•  Read	
  the	
  last	
  sec3on	
  of	
  Wertheimer	
  (1923)	
  for	
  an	
  incisive	
  
discussion	
  on	
  the	
  need	
  for	
  perceptual	
  organiza3on	
  





Thank	
  you!	
  


