
CS-503
Visual Intelligence: 
Machines and Minds

Amir Zamir

Lecture 2
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▪ Data-driven/learning: 
▪ e.g., Neural networks, AlexNet, etc. 

▪ Non-data-driven 
▪ e.g., Image formation model, Image transformation, etc.  

▪ “Method” recap, as opposed to historical credit assignment. 

Recaps relevant to 
vision today

2
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Fast 
Historical 
Recap

3
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Historical review 4
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Bigger picture 5

Moravec 1998
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▪ Emission Theory  (ca. 400 BC)

Historical review 6
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▪ Perceptron model, 
Rosenblatt, 1958.

Historical review 
(neural networks)
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▪ Perceptron model, 
Rosenblatt, 1958.

Historical review 
(neural networks)
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https://www.youtube.com/watch?v=cNxadbrN_aI
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▪ Hubel and Wiesel, ~1962.

Historical review 
(neural networks)
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▪ Neocognitron, Fukushima, 
1980. 
▪ Modeled after Hubel and 

Wiesel.  
▪ Convolutional. 
▪ Multi-layer.  
▪ Hebbian Learning (no 

backpropagation).

Historical review 
(neural networks)

10
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▪ Backpropagation based 
learning. LeCun, Hinton, and 
co ~1989. 
▪ Backpropagation, as a 

method, already existed. 
▪ Most successful for 

handwritten digit 
recognition. Didn’t work 
for standard vision tasks.

Historical review 
(neural networks)
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▪ AlexNet, Krizhevsky, 
Sutskever & Hinton. 2012 
▪ Success at a standard 

vision task (ImageNet) 
▪ Deep Learning wave. 
▪ GPUs

Historical review 
(neural networks)
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Historical review 13

▪ “AI”

B. Olshausen
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Historical review 14

▪ “Cybernetics”

B. Olshausen
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Historical review 
(computer vision)
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▪ Larry Roberts Thesis 1963.  
▪ “Machine Perception of Three-Dimensional Solids”
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Historical review 
(computer vision)

16

▪ Larry Roberts Thesis 1963.  
▪ The Summer Vision Project 1966
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Historical review 
(computer vision)
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▪ 1960s: Birth 
▪ Larry Roberts Thesis 1963.  
▪ The Summer Vision Project 1966 

▪ 1970s: Foundational work on image formation  
▪ 1980s: Applied mathematics: geometry, multi-scale analyses  
▪ 1990s: Geometric analysis. Vision+graphics. Resurfacing of statistical 

learning. 
▪ 2000s: Progress in visual recognition. Pre-deep learning. DPM. 

PASCAL. 
▪ 2010s: Deep Learning. 

J. Malik
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Historical review
AI
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A good recap: 
https://youtu.be/
R3YFxF0n8n8

https://youtu.be/R3YFxF0n8n8
https://youtu.be/R3YFxF0n8n8
https://www.youtube.com/watch?v=R3YFxF0n8n8
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Fast 
Computer 
Vision Recap
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▪ defined as the process of acquiring 
knowledge about environmental 
objects and events by extracting 
information from the light they emit or 
reflect. [S. Palmer] 
▪ optical process: image formation 
▪ cognitive process: phenomena of 

visual perception 
▪ physiology of the visual nervous 

system: biological implementation

Vision 20

S. Palmer
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▪ Three Rs of Computer 
Vision. 

▪ Interaction between the 
Rs.

One useful 
organization

21

The three R’s of computer vision: Recognition, reconstruction 
and reorganization. J. Malik et al. 2016.
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Rudimentary Image 
Formation

22
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Rudimentary Image 
Formation

23
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Rudimentary Image 
Formation

24

(a) The large pinhole eye of the cephalopod mollusc Nautilus. 
(b) Corneal eyes of a jumping spider Platycryptus. (c) Concave 
mirror eyes of the scallop Pecten. (d) Primitive compound eye 
of the ark clam Barbatia. (e) Compound eye of a male robberfly 
Holocephala. (f) Mirror compound eye of the shrimp 
Palaemonetes.
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Image 
Transformation

25

Image registration.
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Image 
Transformation

26
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Image 
Transformation

27
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Correspondences 28
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Correspondences 29

SIFT, Lowe et al. 2003  
DAISY, Tola et al. 2008
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Correspondences 30

e.g. Zagoruyko, S., Komodakis, N.: Learning to compare image 
patches via convolutional neural networks (2015).

▪ Now gone deep.
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Dynamic 
Perspective

31

▪ Motion. Video.
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Perspective

32

▪ Motion. Video.

Eadweard Muybridge
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▪ Motion. Video.

Eadweard Muybridge
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Perspective

34

▪ Optical Flow. 
▪ J J Gibson’s examples:



Za
m

ir

C
S

-5
03

: V
is

ua
l I

nt
el

lig
en

ce
: M

ac
hi

ne
s 

an
d 

M
in

ds
Dynamic 
Perspective

35

▪ Optical Flow
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▪ Recognition in Videos 
▪ E.g. actions 
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▪ Moving (or multi) Camera
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3D 38

▪ Moving (or multi) Camera
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3D 39
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3D 40

▪ Moving (or multi) Camera

Building Rome in a Day. Snavely et al.
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Other 3D 
estimation cues 
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▪ e.g. Pictorial cues
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List of 3D cues  
(Vision Science, Palmer)

J. Malik 
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Binocular Stereopsis

J. Malik 
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Accommodation

J. Malik 
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Convergence 

J. Malik 
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Shading

J. Malik 
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Recognition 47
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Vision
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Vision

50
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“Foundation” models
Vision-Language Models
Multimodal Models

51

Flamingo,, Alayrac et al, 2022. 
LLaVA, Liu et al, 2023 
4M, Mizrahi & Bachmann et al. 2023.
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“Foundation” models
Vision-Language Models
Multimodal Models
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Flamingo,, Alayrac et al, 2022. 
LLaVA, Liu et al, 2023 
4M, Mizrahi & Bachmann et al. 2023.
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“Foundation” models
Vision-Language Models
Multimodal Models
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Flamingo,, Alayrac et al, 2022. 
LLaVA, Liu et al, 2023 
4M, Mizrahi & Bachmann et al. 2023.
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“Foundation” models
Vision-Language Models
Multimodal Models
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Flamingo,, Alayrac et al, 2022. 
LLaVA, Liu et al, 2023 
4M, Mizrahi & Bachmann et al. 2023.
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Image Processing 
Perspective

55

▪ e.g. White Balancing
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Image Processing 
Perspective

56

▪ Point Processing

A. Efros. 
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Image Processing 
Perspective

57

A. Efros. 
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Image Processing 
Perspective

58

▪ e.g. Frequency Analyses
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▪ Neural Network architecture 
▪ Embodied vision simulators and active agent training  
▪ Foundation models: language, multimodal, generative, etc. models.  
▪ Generalization and Robustness 

Not in the recap
(In SOTA lectures)

59
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▪ Plenoptic function -> 
Radiance Fields -> 
Neural Radiance Fields 

Some left out 
elephants

60
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▪ Plenoptic function -> 
Radiance Fields -> 
Neural Radiance Fields  

▪ 3D Gaussain Splatting

Some left out 
elephants

61
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other (more 
specific) problems

62
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other (more 
specific) problems

63

Viola & Jones
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other (more 
specific) problems

64

Ge et al,  2019
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Questions?

https://vilab.epfl.ch/  

65


