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=JTTTHER What is Computer Vision?

Vision is the process of discovering from images
what is present in the world, and where it is.

- David Marr, Vision [1982]
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Related Areas

Pattern

Recognition
Physics Machllne
Learning

Computer
Vision
Signal Image
Processing Processing
Mathematics
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Nobel Prize

®* Nobel Prize in Physiology or Medicine 1981

®* Awarded to David H. Hubel and Torsten N. Wiesel

“For their discoveries concerning information processing in the visual
system.”

David Hubel (Left) and Torsten Wiesel (Right) after receiving news of the 1981 Nobel Prize in Medicine.
Photo courtesy of Harvard University, Joe Wrinn, photographer.



SITITREN Origins of Computer Vision

®* An MIT undergraduate summer project

MASSACHUSETTS INSTITUTE OF TECHNOLOGY
PROJECT MAC

Artificial Intelligence Group July 7, 1966
Vision Memo. No. 100.

THE SUMMER VISION PROJECT

Seymour Papert

The summer vision project is an attempt to use our summer workers
effectively in the construction of a significant part of a visual system.
The particular task was chosen Part%; because it can be segmented into
sub=problems which will allow individuals to work independently and yet
participate in the construction of a system complex enmough to be a real

landmark in the development of "pattern recognitiom!l.
E
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Computer Vision: 50 Years of Progress
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Feature Engineering

* Feature Detector

®* A sub-system of a vision system that detects presence

or absence of certain features in a visual scene
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Model Learning

* An example of two-class image classification

Cats Dogs
" {
Fus i

’\

Data collection

>
K
> =
o

Sample of cats & dogs images

\ Feature extraction

LIRIRIEN
TETENEN T
W [% [N ey
WAIEIEIEY

A @ o Model learning 2

/ i

X

W
o,
-

L

[ATAVIrars
ATATAVAL )

K| F | # ||~

PP Lar| |

.

Visual Features

Feature Space




I.6

/
=|-RIPKU-

Model Learning

* An example of two-class image classification
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Model Learning

* An example of two-class image classification
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FTTTHEE Data from Real-world

* Data from Real-world Problems - Complex Structure

2-class data N-class data
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High Diversity of Images

®* Inter-Class Variability

PASCAL
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=ITTTRE High Diversity of Images

® Intra-class Variability

Class | Class |l
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YOLOV3: An Incremental Improvement, arXiv 2018.
Seamless Scene Segmentation, CVPR 2019.
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Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks, ICCV 2017.
Large Scale GAN Training for High Fidelity Natural Image Synthesis, ICLR 2019.
Video-to-Video Synthesis NeurIPS, 2018.
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'8 b) He just told a joke. -
c) Heis feeling accusatory towards [person1 ].

d) Heis giving [person1 ] directions.

shing |

a) [person1 ] has the pancakes in front of him.
/ Cho b) [person4 ] is taking everyone’s order and asked for clarification.
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9,; [person2 [l] are smiling slightly.
d) [person3 @] is delivering food to the table, and she might not
know whose order is whose.

Figure 2.2.7

Taskonomy: Disentangling Task Transfer Learning, CVPR 2018.
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Hi Artificial Intelligence
- Index Report 2022
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LI[THER Vision - Object Recognition

IMAGENET CHALLENGE: TOP-1 ACCURACY

Source: Papers with Code, 2021; arXiv, 2021 | Chart: 2022 Al Index Report
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=ITTTHER Vision — Object Recognition

IMAGENET CHALLENGE: TOP-5 ACCURACY

Source: Papers with Code, 2021; arXiv, 2021 | Chart: 2022 Al Index Report
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GAN PROGRESS ON FACE GENERATION

Source: Goodfellow et al., 2014; Radford et al., 2016; Liu & Tuzel, 2016; Karras et al., 2018; Karras et al., 2019; Goodfellow, 2019; Karras et al., 2020; Al Index, 2021
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Source: Goodfellow et al., 2014; Radford et al., 2016; Liu & Tuzel, 2016;
Karras et al., 2018; Karras et al., 2019; Goodfellow, 2019; Karras et al.,
2020; Al Index, 2021; Vahdat et al., 2021
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EXAMPLE CLASSES FROM THE KINETICS DATASET
Source: Kay et al., 2017
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