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!!!!
Vision 
A Computational Investigation into the Human Representation and Processing of Visual Information 
David Marr 
Foreword by Shimon Ullman 
Afterword by Tomaso Poggio !
David Marr's posthumously published Vision (1982) influenced a generation of brain and cognitive scientists, inspiring many to 
enter the field. In Vision, Marr describes a general framework for understanding visual perception and touches on broader 
questions about how the brain and its functions can be studied and understood. Researchers from a range of brain and 
cognitive sciences have long valued Marr's creativity, intellectual power, and ability to integrate insights and data from 
neuroscience, psychology, and computation. This MIT Press edition makes Marr's influential work available to a new generation 
of students and scientists. !
In Marr's framework, the process of vision constructs a set of representations, starting from a description of the input image 
and culminating with a description of three-dimensional objects in the surrounding environment. A central theme, and one that 
has had far-reaching influence in both neuroscience and cognitive science, is the notion of different levels of analysis—in Marr's 
framework, the computational level, the algorithmic level, and the hardware implementation level.  !
Now, thirty years later, the main problems that occupied Marr remain fundamental open problems in the study of perception. 
Vision provides inspiration for the continui 

Vision	  	  
as	  	  

	  Intelligence

http://mitpress.mit.edu/catalog/author/default.asp?aid=18323
http://mitpress.mit.edu/catalog/author/default.asp?aid=202
http://mitpress.mit.edu/catalog/author/default.asp?aid=3643


The	  problem	  of	  intelligence	  is	  one	  of	  the	  great	  problems	  in	  science,	  
probably	  the	  greatest.	  

!
Research	  on	  intelligence	  by	  neuroscience	  and	  computer	  science	  (AI):	  	  
•	  a	  great	  intellectual	  mission	  
•	  will	  help	  medicine	  and	  develop	  more	  intelligent	  arPfacts	  	  
•	  will	  improve	  the	  mechanisms	  for	  collecPve	  decisions	  
!

These	  advances	  will	  be	  criPcal	  to	  of	  our	  society’s	  
•	  future	  prosperity	  
•	  educaPon,	  	  health,	  	  security	  

The	  problem	  of	  intelligence	  (in	  par9cular,	  vision):	  	  
how	  it	  arises	  in	  the	  brain	  and	  how	  to	  replicate	  it	  in	  machines





LEARNING THEORY 
+  

ALGORITHMS

COMPUTATIONAL 
 NEUROSCIENCE:  

models+experiments
How visual cortex works 

Theorems on foundations of learning !
Predictive algorithms

Vision	  @CBCL,	  ~20	  years	  ago	  
!

Sung & Poggio 1995, also Kanade& 
Baluja....
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Face detection is now available 
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LEARNING THEORY 
+  

ALGORITHMS

COMPUTATIONAL 
 NEUROSCIENCE:  

models+experiments
How visual cortex works 

Theorems on foundations of learning !
Predictive algorithms

Pedestrian and car detection 
are also “solved” (commercial 
systems, MobilEye, 
Jerusalem) 

Vision,	  ~	  now	  
!







http://www.volvocars.com/us/all-cars/volvo-s60/pages/5-things.aspx?p=5

http://www.volvocars.com/us/all-cars/volvo-s60/pages/5-things.aspx?p=5


Golden	  age	  for	  the	  technology	  of	  	  
narrowly	  intelligent	  machines	  	  

but...

It	  cannot	  deal	  with	  a	  Turing	  test	  of	  vision:	  
understanding	  a	  scene.

�15

T	  ...even	  the	  MobilEye	  vision	  system	  is	  	  
not	  intelligent



	  	  

My	  personal	  bet:	  	  we	  may	  need	  	  to	  understand	  
visual	  cortex	  (and	  the	  brain!)	  to	  achieve	  scene	  
understanding	   at	   human	   level,	   and	   thereby	  
develop	  systems	  that	  pass	  a	  full	  Turing	  test.	  
	  	  

Thus:	  science	  of	  (natural)	  vision.	  
!

A	  “Turing’’	  test	  for	  vision?	  



• Human	  Brain	  
– 1010-‐1011	  neurons	  	  (~1	  million	  flies)	  
– 1014-‐	  1015	  synapses	  
– ~	  30%	  cortex	  is	  vision	  (more	  than	  for	  	  
– language	  and	  any	  other	  modality)

Vision	  in	  the	  Brain	  

Van Essen & Anderson, 1990Marr Crick, circa 1979)



The ventral stream hierarchy: V1, V2, 
V4, IT 

A gradual increase in the 
receptive field size, in the “complexity” of 
the preferred stimulus, in “invariance” to 

position and scale changes
Kobatake & Tanaka, 1994

Visual	  Object	  RecogniPon:	  
the	  ventral	  stream	  (macaque)	  



*Modified from (Gross, 1998)

[software available online 
with CNS (for GPUs)]

Riesenhuber & Poggio 1999, 2000;  Serre Kouh Cadieu 
Knoblich Kreiman & Poggio 2005; Serre Oliva Poggio 2007

	  	  RecogniPon	  in	  the	  Ventral	  Stream:	  	  
“standard”	  feedforward	  model	  



[software available online] Riesenhuber & Poggio 1999, 2000;  Serre Kouh Cadieu 
Knoblich Kreiman & Poggio 2005; Serre Oliva Poggio 2007

• It is in the family of “Hubel-Wiesel” 
models (Hubel & Wiesel, 1959: qual. 
Fukushima, 1980: quant; Oram & 
Perrett, 1993: qual; Wallis & Rolls, 
1997; Riesenhuber & Poggio, 1999; 
Thorpe, 2002; Ullman et al., 2002; 
Mel, 1997; Wersing and Koerner, 
2003; LeCun et al 1998: not-bio; Amit 
& Mascaro, 2003: not-bio; Hinton, 
LeCun, Bengio not-bio; Deco & Rolls 
2006…) 

!
• As a biological model of 

object recognition in the 
ventral stream – from V1 to 
PFC -- it is perhaps the most 
quantitatively faithful to 
known neuroscience data

	  	  Recogni>on	  in	  Visual	  Cortex:	  ‘’classical	  model”,	  
selec>ve	  and	  invariant



V1: 
Simple and complex cells tuning (Schiller et al 1976; Hubel & Wiesel 1965; Devalois et al 1982) 
MAX-like operation in subset of complex cells (Lampl et al 2004) 

V2: 
Subunits and their tuning (Anzai, Peng, Van Essen 2007) 

V4: 
Tuning for two-bar stimuli (Reynolds Chelazzi & Desimone 1999) 
MAX-like operation (Gawne et al 2002) 
Two-spot interaction (Freiwald et al 2005) 
Tuning for boundary conformation (Pasupathy & Connor 2001, Cadieu, Kouh, Connor et al., 2007) 
Tuning for Cartesian and non-Cartesian gratings (Gallant et al 1996) 

IT: 
Tuning and invariance properties (Logothetis et al 1995, paperclip objects) 
Differential role of IT and PFC in categorization (Freedman et al 2001, 2002, 2003) 
Read out results (Hung Kreiman Poggio & DiCarlo 2005) 
Pseudo-average effect in IT (Zoccolan Cox & DiCarlo 2005; Zoccolan Kouh Poggio & DiCarlo 2007) 

Human: 
Rapid categorization (Serre Oliva Poggio 2007) 
Face processing (fMRI + psychophysics) (Riesenhuber et al 2004; Jiang et al 2006)

Hierarchical	  Feedforward	  Models: 
is	  consistent	  with	  or	  predict	  	  neural	  data

	  	  Model	  “works”:	  
it	  accounts	  for	  	  physiology	  



	  	  Model	  “works”:	  
it	  accounts	  for	  psychophysics



Feedforward Models:  
“predict” rapid categorization  
(82% model vs. 80% humans) 

Image-by-image correlation:  
around 73%  

for model vs.  humans) 

	  	  Model	  “works”:	  
it	  accounts	  for	  psychophysics



Models of the ventral stream in cortex 
perform well compared to  

engineered computer vision systems (in 2006) 
on several databases 

Bileschi, Wolf, Serre, Poggio, 2007

	  	  Model	  “works”:	  
it	  performs	  well	  at	  computa>onal	  level



Models of cortex lead to better systems for action 
recognition in videos: automatic phenotyping of mice 

human 
agreement 72%

proposed 
system 77%

commercial 
system 61%

chance 12%

Performance

Jhuang	  ,	  Garrote,	  Yu,	  Khilnani,	  Poggio,	  Mutch	  Steele,	  Serre,	  	  Nature	  Communicatons,	  2010

	  	  Model	  “works”:	  
it	  performs	  well	  at	  computa>onal	  level



	  	  Visual	  Cortex:	  	  
models	  and	  theories

Forward, HMAX-type models work well 
(summarizing+predicting physiology AND 

in terms of performance in visual 
recgnition) but... 

!
For 10years+ 

 I did not manage to understand how 
model works.... 

!
!

So...we need theories -- not only models! 
!
!
!



A	  theory	  (unpublished)	  of	  the	  ventral	  stream:	  
too	  nice	  to	  be	  true?	  

Nature Precedings, doi:10.1038/npre.2011.6117.1 July 16, 2011: outdated version;  

new ones will be posted in the future.

http://precedings.nature.com/documents/6117/version/3


MoPvaPon:	  transformaPons	  may	  be	  a	  main	  difficulty 
for	  (biological)	  object	  recogniPon



MoPvaPon:	  transformaPons	  may	  be	  the	  main	  difficulty 
for	  (biological)	  object	  recogniPon



Some	  of	  the	  ques9ons	   
answered	  by	  the	  theory

•	  What	   is	   the	   main	   computaPonal	   task	   of	  
the	  ventral	  stream?	  	  	  
•	   Why	   do	   simple	   cells	   in	   V1	   have	   Gabor	  
tuning	  curves?	  	  
•	  What	  are	  V2,	  V4,	  IT	  compuPng?	  	  
•	  Why	   do	   cells	   in	   the	   AL	   face	   patch	   show	  
mirror	  symmetric	  tuning	  curves?	  
!
!



Gabor-‐like	  tuning	  with	  “universal	  constants”	  in	  simple	  cells	  	  
(Jones	  and	  Palmer,	  1987;	  Ringach,	  2002;	  Niell	  and	  Stryker,	  2008):	  

why?

Rust et al. 2005 Carandini

ny ==
σ y

λ

nx =
σ x
λ



1.	  development:	  learning	  of	  transforma9ons	  (and	  acquiring	  invariance)	  
via	  mo9on	  sequences 

!
2.	  mature	  stage:	  acquire	  an	  object	  (single	  image)	  and	  (later)	  recognize	  

it	  (from	  single	  image)

2	  Different	  stages	  in	  the	  theory



• Images	  can	  be	  represented	  by	  a	  set	  of	  funcPonals	  on	  the	  
image,	  eg	  a	  set	  of	  measurements	  	  

Image	  representaPon	  in	  the	  ventral	  stream 

• Neuroscience	  suggests	  that	  natural	  	  funcPonals	  for	  neurons	  to	  
compute	  are	  dot	  products	  between	  	  “image	  patches”	  and	  
another	  image	  patch	  (called	  template)	  which	  is	  stored	  in	  terms	  
of	  synapPc	  weights	  	  	  	  

 xit



Templates	  and	  signature



A	  moPvaPon	  for	  signatures:	  the	  Johnson-‐Lindenstrauss	  theorem	  
(features	  do	  not	  maKer	  much!)





Geometric	  transforma9ons



Ini9al	  observa9on:	   
learning	  to	  be	  invariant	  for	  any	  new	  object

Suppose	   that	   (during	   development)	   one	   template	   and	   all	   its	  
transformaPons	  are	  stored	  
!
!
!
Then	  if	  the	  group	  is	  compact	  
!
!
!
that	  is	  the	  two	  sets	  of	  dot	  products	  are	  the	  same	  apart	  from	  ordering.	  
Thus	   any	  group	   average	   (or	  pooling	   operaPon)	  will	   provide	   a	   number	  
which	  is	  invariant	  to	  transformaPons	  of	  the	  image	  even	  if	  the	  image	  has	  
been	  seen	  only	  once.	  
!
!

g0t,g1t...gnt

 I ⋅ g0t, I ⋅ g1t..., I ⋅ gnt ∼ g0
−1I ⋅ t,g1

−1I ⋅ t,...,gn
−1I ⋅ t



Projections of  Probabilities



   Analog of JohnsonLindenstrauss 
for probabilities



   Group Invariance



   Group Invariance



   Group Invariance



   Neurons ways to compute invariance 



   Neural signature:  
invariance and uniqueness



   Neural signature: energy model











Part	  II 
Linking	  Conjecture



Hebb synapses imply that the tuning of the 
neuron converges to the top eigenvector of 
the covariance matrix of the “frames” of 
the movie of objects transforming. The 
convergence follows the Oja  flow 
!
!
Different cells are exposed (during 
development) to translations in different 
directions.

 tk+1 − tk = xiy + n(t, y)  y = xit

Unsupervised	  tuning	  (during	  development)	  
and	  eigenvectors	  of	  covariance	  matrix



Gaussian	  aperture:	  the	  corPcal	  equaPon



In 1D the eigenvectors are Gabor like 
functions. In 2D the solutions are also 
Gabor with an orientation orthogonal to the 
direction of motion. Motion, together with 
high-pass filtering in the retina induces 
symmetry breaking that allows non-
symmetric solution to emerge. Note that 
for motion at constant speed

d
dt

= v
d
dx

2D	  eigenvectors





CorPcal	  equaPon	  in	  2D:	  	  
natural	  images,	  Gabor-‐like	  recepPve	  fields

Rust et al. 2005

Carandini



CorPcal	  equaPon	  in	  2D:	  	  
natural	  images,	  Gabor-‐like	  recepPve	  fields



ny ==
σ y

λ

nx =
σ x
λ

PredicPon	  agrees	  with	  data!



Beyond	  V1,	  towards	  V2	  and	  V4: 
wavelets	  of	  wavelets



We	  are	  working	  on	  implemenPng	  
the	  full	  theory 

(the	  corresponding	  model	  is	  an	  
extension	  of	  Hmax	  and	  
convoluPonal	  networks) 



Class-‐specific	  modules	  



Class-‐specific	  modules



	  	  Recognizing	  a	  face	  from	  a	  different	  viewpoint

View-‐tuned	  units,	  tuned	  to	  full-‐face	  
templates	  for	  different	  view	  angles

Viewpoint	  tolerant	  units	  
(complex	  units)

Tolerance	  to	  a	  transforma5on	  
may	  be	  learned	  from	  examples	  
of	  a	  class

Joel+Jim+tp, 2010



	  	  Learning	  class	  specific	  transforma>ons:	  	  
quasi-‐invariance	  to	  pose	  for	  faces

Joel+Jim+tp, NIPS 2012



!
!

PCA of face views are tuning of AL neurons: what are they? 
Lemma: PCAs here are odd or even functions, and so the 

complex cells always even (because of square)! 



Response of simple  AL “model” cells to  
different views of a face  



A theory of biological vision:  
will it tell us what cortex computes and 

properties of its neurons?

• The	  basic	  equaPon	  of	  physics	  can	  be	  derived	  from	  a	  small	  number	  of	  
symmetry	   properPes:	   invariance	   wrt	   space+Pme,	   conservaPon	   of	  
energy,	  invariance	  to	  measurement	  units....	  
!

• Is	   the	  architecture	  and	   tuning	  properPes	  of	   visual	   cortex	  predicted	  
from	  basic	  symmetries	  of	  geometric	  transformaPons	  of	  images?	  	  
!

• The	  brain	  would	  be	  a	  mirror	  of	  the	  physical	  world	  and	  the	  tuning	  of	  
its	  neurons	  would	  reflect	  symmetry	  properPes	  of	  basic	  physics	  and	  
geometry.	  

!
!
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