
Visual Object Recognition 
Computational Models and Neurophysiological Mechanisms 
Neurobiology 130/230. Harvard College/GSAS 78454  

Web site:  http://tinyurl.com/visionclass (Class notes, readings, etc) 
Location:  Biolabs 1075 
Time:   Mondays 03:30 – 05:30 
Dates:   Friday 09/04*, Mondays 09/14, 09/21, 09/28, 10/05, 10/19, 10/26, 

11/02, 11/09, 11/16, 11/23, 11/30, 12/07* 
 
Lectures: 
Faculty:  Gabriel Kreiman and invited guests 
 
Contact information: 
Gabriel Kreiman 
gabriel.kreiman@tch.harvard.edu 
617-919-2530 
Office Hours: After Class. Mon 05:30-06:30 
 



Visual Object Recognition 
Computational Models and Neurophysiological Mechanisms 
Neurobiology 230. Harvard College/GSAS 78454   

Class 1. Sep-04  Introduction to pattern recognition. Why is vision difficult?  
Class 2. Sep-14  Visual input. Natural image statistics. The retina.  
Class 3. Sep-21  Psychophysics of visual object recognition [Ken Nakayama] 
Class 4. Sep-28  Lesion studies in animal models. Neurological studies of cortical visual deficits in humans.  
Class 5. Oct-05  Introduction to the thalamus and primary visual cortex [Camille Gomez-Laberge] 
Oct-12   Columbus Day. No class. 
Class 6. Oct-19  Adventures into terra incognita. Neurophysiology beyond V1 [Hanlin Tang] 
Class 7. Oct-26  First steps into inferior temporal cortex [Carlos Ponce] 
Class 8. Nov-02  From the highest echelons of visual processing to cognition [Leyla Isik] 
Class 9. Nov-09  Correlation and causality. Electrical stimulation in visual cortex. 
Class 10. Nov-16 Theoretical neuroscience. Computational models of neurons and neural networks.  
Class 11. Nov-23  Computer vision. Towards artificial intelligence systems for cognition [Bill Lotter] 
Class 12. Dec-03  Computational models of visual object recognition 
 
 



An	  object	  can	  cast	  an	  infinite	  number	  of	  
projec3ons	  on	  the	  re3na	  



A flower, as seen by a computer 



Two simple and useless solutions 



Task: Recognize the handwritten “A” 
 
A “brute force” solution: 
- Use templates for each letter 
- Use multiple scales per template 
- Use multiple positions per template 
- Use multiple rotations per template 
- Etc. 
 
 
Problems with this approach: 
- Large amount of storage for each 

object 
- No extrapolation, no intelligent 

learning 
- Need to learn about each object 

under each condition 
 
 

A	  brute	  force	  approach	  to	  object	  recogni3on	  



Recognizing	  objects	  by	  part	  decomposi3on	  

Biederman (1987) Psychological Review  



A	  non-‐exhaus3ve	  list	  of	  computa3onal	  models	  

K. Fukushima, Neocognitron: a self organizing neural network model for a mechanism of pattern recognition 
unaffected by shift in position. Biological Cybernetics, 1980. 36: 193-202. 
Y. LeCun, L. Bottou, Y. Bengioand P. Haffner, Gradient-based learning applied to document recognition. 
Proc of the IEEE, 1998. 86: 2278-2324. 
G. Wallis and E.T. Rolls, Invariant face and object recognition in the visual system. Progress in 
Neurobiology, 1997. 51: 167-94. 
B. Mel, SEEMORE: Combining color, shape and texture histogramming in a neurally inspired approach to 
visual object recognition. Neural Computation, 1997. 9: 777. 
B.A. Olshausen, C.H. Anderson and D.C. Van Essen, A neurobiological model of visual attention and 
invariant pattern recognition based on dynamic routing of information. J Neurosci, 1993. 13: 4700-19. 
M. Riesenhuber and T. Poggio, Hierarchical models of object recognition in cortex. Nature Neuroscience, 
1999. 2: 1019-1025. 
G. Deco and E.T. Rolls, A neurodynamical cortical model of visual attention and invariant object recognition. 
Vision Res, 2004. 44: 621-42. 
P. Foldiak, Learning Invariance from Transformation Sequences. Neural Computation, 1991. 3: 194-200. 



Common	  themes	  across	  mul3ple	  object	  
recogni3on	  models	  

 
• Hierarchical structure 
“Divide and conquer” strategy 

• Increased receptive field size along the hierarchy 

• Increased complexity in shape preferences along the hierarchy 

• Increased tolerance to (affine) feature transformations along the hierarchy 



Neocognitron	  

Fukushima K. (1980) Neocognitron: a self organizing neural network model for a mechanism 
fo pattern recognition unaffected by shift in position. Biological Cybernetics 36, 193-202  

Retinotopically arranged connections between layers 
Feature extracting “S” cells 
C-cells performing a local “OR” operation 
Increasing buildup of position tolerance 
Unsupervised learning in S layers 



A	  hierarchical	  feed-‐forward	  model	  of	  visual	  recogni3on	  

Serre et al. Progress in Brain Research 165C:33-56 (2007) 



The	  CBCL	  model:	  A	  biologically-‐inspired,	  boFom-‐up,	  
hierarchical	  model	  of	  object	  recogni3on	  

Cadieu, Knoblich, Kouh, Mutch, Riesenhuber, Serre, Poggio  



A	  biologically-‐inspired,	  boFom-‐up,	  hierarchical	  
model	  of	  object	  recogni3on	  



Biophysical implementation of cortical nonlinear operations 
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Example:	  responses	  of	  the	  top-‐level	  units	  



We	  can	  decode	  object	  informa3on	  from	  the	  model	  units	  

Progress in Brain Research 2007 



Object	  recogni3on	  by	  alignment	  to	  prototypes	  

Ullman (1996) High-level vision 

Prototype 

Alignment of 3 points to the prototype (black arrows) 
Note: some points may not align (red ellipses) 



Some	  ideas	  about	  viewpoint	  invariance:	  
learning	  from	  examples	  

Poggio and Edelman, Nature 1990 



Learning	  about	  object	  transforma3ons	  by	  
exploi3ng	  slowness	  

Foldiak et al 1991. 
Wiskott & Sejnowski 2002 



BoFom-‐up	  versus	  Top-‐down	  approaches	  

Bottom-up, horizontal and top-down connections intermixed throughout neocortex 
 
The speed of visual recognition places a strong constraint on computational models: 

 - Scalp EEG: complex categorization by ~150 ms (Thorpe et al 1996) 
 - ITC responses show latencies of ~100 ms (e.g. Richmond et al 1983) 
 - Visual recognition in RSVP sequences (e.g. Potter et al 1969) 

 
“Long” versus “short” loops in neuronal circuits underlying recognition 

 - “Short” loops: Horizontal connections; V1 à V2 à V1 
 - “Long” loops: ITC à V1 à ITC 

 
There is more to life than vision… Memory, attention, emotions, planning, 
consciousness, etc. Top-down connections are likely to play key roles in this and 
other aspects of visual recognition.  



BoFom-‐up	  saliency	  models	  

Itti and Koch 2001 



Spa3al	  and	  feature	  aFen3on	  through	  feedback	  

Chikkerur and Poggio 2010 



Top-down signals in visual search 



Feedback 
signals in 
visual 
search 

Miconi et al, Cerebral 
Cortex 2015 



The model can search for objects in cluttered 
images 



The model’s performance is comparable to human 
performance in the same visual search task 



Further	  reading	  
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immediate	  visual	  recogni3on.	  Progress	  In	  Brain	  Research,	  165C,	  33-‐56.	  
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visual	  object	  recogni3on.	  Neural	  Computa3on,	  9,	  777.	  
Olshausen,	  B.	  A.,	  Anderson,	  C.	  H.,	  &	  Van	  Essen,	  D.	  C.	  (1993).	  A	  neurobiological	  model	  of	  visual	  aFen3on	  and	  
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WiskoF,	  L.,	  &	  Sejnowski,	  T.	  J.	  (2002).	  Slow	  feature	  analysis:	  unsupervised	  learning	  of	  invariances.	  Neural	  

Comput,	  14(4),	  715-‐770.	  
Miconi	  and	  Kreiman	  (2016).	  There’s	  Waldo!	  A	  normaliza3on	  model	  of	  visual	  search	  predicts	  single-‐trial	  human	  

fixa3ons	  in	  an	  object	  search	  task.	  Cerebral	  Cortex.	  
	  
	  
	  
	  
	  
	  
	  
	  
	  


