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Slides adapted from Svetlana Lazebnik, Alex Berg, Fei-Fei Li, Rob Fergus, Antonio Torralba, and Jean Ponce
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What does it mean to recognize?
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Scene categorization

e outdoor/indoor

» city/forest/factory/etc.
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Image annotation or tagging

* street
* people
* building
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Object detection

i find pedestrians
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Activity recognition

» walking
===+ shopping
g rolling a cart
b sitting
» talking




Image parsing
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Image understanding?
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Biederman 1987 10
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http://wexler.free.fr/library/files/biederman%20(1987)%20recognition-by-components.%20a%20theory%20of%20human%20image%20understanding.pdf




How many categories?
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https://osxdaily.com/2017/11/10/can-use-iphone-x-without-face-id/
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Face ID

9:41

Friday, October 6
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Howe  Competiions v Siomissios Prooes

FGVC/ Competitions

iWildCamz2020

Ident fy d “ferent species of animals in camerz trao images.

https Hvovwkagglecom/cSiwildcam-2020-fpwc?

Plant Pathology Challenge

Class Fy images of discascd plants.

bitpssvavwkazglecom/splart-pathole gv-2020-fgve?

Semi-Supervised Fine-Grained Recognition Challenpe

Semi-supenv sed chass fication of birds images.

bitns & vavew [‘agﬂp com/s/semi-inat-2022

Herbarium 2020 Challenge

Ident fy plant spec es fram a large, long-tailed, collection of herbaadum spacimens.

https:#vivw kazgle.com/z herbarum 2020 fvc?

iMal Fashion2020

Apoaarel instance segmentation and fine-grained attribute classification.

https:#vovww kazgle.com, o/ imaterialist fashion 2020 fgwe?

iMet2020

Fine-grained attrbetes classification of works of art.

bitpsdvavwiagglecom/s/imet-2020-fgve?

Organizers


https://blogs.microsoft.com/on-the-issues/2020/03/31/washington-facial-recognition-legislation/
https://osxdaily.com/2017/11/10/can-use-iphone-x-without-face-id/
https://hackercombat.com/free-facial-recognition-tool-to-track-people-on-social-media-sites/

How many faces can an
average person
recognize’
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How many faces do people know!?

R. Jenkins' A. J. Dowsett? and A. M. Burton'

'Department of Psychology, University of York, York Y010 5DD, UK
*School of Psychology, University of Aberdeen, Aberdeen, UK

{2 RJ, 0000-0003-4793-0435

Over our species history, humans have typically lived in small groups of
under a hundred individuals. However, our face recognition abilities
appear to equip us to recognize very many individuals, perhaps thousands.
Modern society provides access to huge numbers of faces, but no one has
established how many faces people actually know. Here, we describe a
method for estimating this number. By combining separate measures of
recall and recognition, we show that people know about 5000 faces on aver-
age and that individual differences are large. Our findings offer a possible
explanation for large variation in identification performance. They also pro-
vide constraints on understanding the qualitative differences between
perception of familiar and unfamiliar faces—a distinction that underlies all
current theories of face recognition.






Evolution’s Big Bang:
Cambrian Explosion, 530-540million years, B.C.

This image CC-BY 2.5

This image CC-BY 2.5
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https://en.wikipedia.org/wiki/Cambrian_explosion#/media/File:Opabinia_BW2.jpg
https://creativecommons.org/licenses/by/3.0/
https://en.wikipedia.org/wiki/Cambrian_explosion#/media/File:DickinsoniaCostata.jpg
https://creativecommons.org/licenses/by/2.5/
https://en.wikipedia.org/wiki/Cambrian_explosion#/media/File:Olenoides_serratus_oblique_with_antennas.jpg
https://creativecommons.org/licenses/by/2.5/




Camera Obscura

Gemma Frisius, 1545 Encyclopedia, 18th Century
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This work is in the public
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https://en.wikipedia.org/wiki/Camera_obscura#/media/File:Camera_obscura.jpg
https://en.wikipedia.org/wiki/File:1545_gemma_frisius_-_camera-obscura-sonnenfinsternis_1545-650x337.jpg
https://en.wikipedia.org/wiki/File:1545_gemma_frisius_-_camera-obscura-sonnenfinsternis_1545-650x337.jpg
https://en.wikipedia.org/wiki/File:Da_vinci_-_camera_obscura_(from_notebooks_71)_0071-q75-644x596.jpg

COMPSCI 370

Computer Vision is everywhere!
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https://www.flickr.com/photos/sskennel/466632815
https://www.flickr.com/photos/sskennel/
https://creativecommons.org/licenses/by/2.0/
https://pixabay.com/en/camera-lens-photographer-photo-193664/
https://creativecommons.org/publicdomain/zero/1.0/
https://pixabay.com/en/drone-aerial-photo-djee-1142182/
https://creativecommons.org/publicdomain/zero/1.0/
https://www.pexels.com/photo/red-hand-iphone-smartphone-80673/
https://creativecommons.org/publicdomain/zero/1.0/
https://www.pexels.com/photo/woman-holding-a-white-samsung-galaxy-android-smartphone-taking-a-photo-of-hallway-38266/
https://www.pexels.com/creative-commons-images/
https://pixabay.com/en/selfie-couple-photography-dragooste-1363970/
https://creativecommons.org/publicdomain/zero/1.0/
https://www.flickr.com/photos/gsfc/8145474144
https://www.flickr.com/photos/gsfc/
https://creativecommons.org/licenses/by/2.0/
https://pixabay.com/p-1566884/
https://creativecommons.org/publicdomain/zero/1.0/
https://www.pexels.com/photo/police-blue-sky-security-surveillance-96612/
https://creativecommons.org/publicdomain/zero/1.0/
https://www.flickr.com/photos/dkeats/6363420863
https://www.flickr.com/photos/dkeats/
https://creativecommons.org/licenses/by/2.0/
https://commons.wikimedia.org/wiki/File:Dashcams_P1210466.JPG
https://commons.wikimedia.org/wiki/File:Google_Glass_detail.jpg
https://creativecommons.org/licenses/by/2.0/deed.en

Where did we come from?
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A

Hubel and Wiesel, 19594_| EEY @ -0~

Measure ¥

/ < Simple cells:

Response to specific
e rotation and orientation

Complex cells:

> N Response to light
/\ \ orientation and
_image v CNX OpenStax mOvement, SOme

CCBY 4.0

< trang|ation imvariance
/\_ o
1959
Hubel & Wiesel .
Response Stimulus
No
response Slide inspiration: Justin Johnson
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https://commons.wikimedia.org/wiki/File:Figure_35_03_05.jpg
http://cnx.org/
https://creativecommons.org/licenses/by/4.0

Larry Roberts, 1963

(a) Original picture (b) Differentiated (c) Feature points

picture selected
Toto 1963
Hubel & Wiesel Roberts

Lawrence Gilman Roberts, “Machine Perception of Three-Dimensional Solids”, 1963 Slide inspiration: Justin Johnson
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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 wWorkers
effectively in the construction of a significant part of a visual system.

The particular task was chosen part%z because it can be segmented into

sub-problems which will allow individuals to work independently and yet

1959 1963
Hubel & Wiesel Roberts

participate in the construction of a system complex enough to be a real

landmark in the development of “pattern recognitionm!l.

https://dspace.mit.edu/handle/1721.1/6125 Slide inspiration: Justin Johnson

COMPSCI 370 Subhransu Maji — UMass Ambherst, Spring 25


https://dspace.mit.edu/handle/1721.1/6125

Copyrigied Material

VISION

1959
Hubel & Wiesel

David Marr

FOREWORD EBY
Shimon Ullman

AFTERWORD BY
Tomaso Poggio

Copyrigived Material

1970s
David Marr

Input Image

This image is CC0 1.0

Perceived

Intensities

Edge image

2 /2-D sketch

Primal

Sketch

Zero crossings,
blobs, edges,
bars, ends,

virtual lines,
groups, curves
boundaries

2 15-D
Sketch

Local surface
orientation and
discontinuities in
depth and in
surface
orientation

3-D model

This image is CC0 1.0

3-D Model
Representation

3-D models

hierarchically

organized in
terms of surface
and volumetric
primitives

Stages of Visual Representation, David Marr, 1970s

Slide inspiration: Justin Johnson


https://pixabay.com/en/basketball-court-ball-game-sport-390008/
https://creativecommons.org/publicdomain/zero/1.0/deed.en
https://pixabay.com/p-1658052/?no_redirect
https://creativecommons.org/publicdomain/zero/1.0/deed.en

Recognition via Parts (1970s)

- —O——C

o @

Generalized Cylinders, Pictorial Structures,
Brooks and Binford, Fischler and Elshlager, 1973

O C
Hubel & Wiesel David Marr Gen. Cylinders

Slide inspiration: Justin Johnson
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Recognition via Edge Detection (1980s)

1963 1970s 1979 1986 John Canny, 1986
Hubel & Wiesel Roberts David Marr Gen. Cylinders Cann David Lowe 1987
Y 4

Image is CC0 1.0 Slide inspiration: Justin Johnson
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http://www.publicdomainpictures.net/view-image.php?image=96509&picture=ruzne-jednorazove-holici-strojky
https://creativecommons.org/publicdomain/zero/1.0/

Arriving at an "Al winter”

- Enthusiasm (and funding!) for Al research dwindled
- "Expert Systems” failed to deliver on their promises
- But subfields of Al continues to grow

- Computer vision, NLP, robotics, compbio, etc.

Hubel & 1963 1970s 1979 1986
. Roberts David Marr Gen. Cylinders Cann

Al Winter

Left Image s CCBY 3.0 Middl Image Right Image is CC-BY 2.0 Slide inspiration: Justin Johnson
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https://en.wikipedia.org/wiki/Theravada#/media/File:Phra_Ajan_Jerapunyo-Abbot_of_Watkungtaphao..jpg
https://creativecommons.org/licenses/by-sa/4.0/deed.en
https://pixabay.com/en/umbrellas-people-bird-s-eye-view-218421/
https://www.flickr.com/photos/photographingtravis/14932646295
https://creativecommons.org/licenses/by/2.0/

In the meantime...seminal work in
cognitive and neuroscience

COMPSCI 370 Subhransu Maji — UMass Amherst, Spring 25



Perceiving Real-World Scenes

[rving Biederman

N

{3

i =
AR e

- ' : v } - " '-."A v, . .‘

2 ‘Q : g B it ehrirt gt ;{g\’gﬁ-ﬁ%ﬁ*ﬁ

’"iilf saiivat PP Ld 5 HEE e | Ee B

SRl i ]t R

: DRSS NN . . : :
.'.7‘:'1“"‘4

ook

. iederman, Science, 1972

29



Rapid Serial Visual Perception (RSVP)

Potter, etc. 19/0s

30



Speed of processing in the
human visual system

Simon Thorpe, Denis Fize & Catherine Marlot

-——

— Animal
— Non-anima
- — Difference

Thorpe, et al. Nature, 1996




Neural correlates of object & scene recognition

a
Fac e s > H ou s es ~aces Objects Houses Scenas
= ‘ | , |

Scrambled

% signal change

Kanwisher et al. J. Neuro. 1997 Epstein & Kanwisher, Nature, 1998
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Visual recognition is a fundamental task
tfor visual intelligence

Faces Objects Houses Scenes

2 | |

|
[ 1

Intact
I
=

L1

]

Stimuli

Scrambled
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Recognition via Grouping (19790s)

1963 1970s 1979 1986 1997
Hubel & Wiesel Roberts David Marr Gen. Cylinders Cann Norm. Cuts

Al Winter

Normalized Cuts, Shi and Malik, 1997

Left Image s CC BY 3.0 Middl Image Right Image is CC-BY 2.0 Slide inspiration: Justin Johnson
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https://en.wikipedia.org/wiki/Theravada#/media/File:Phra_Ajan_Jerapunyo-Abbot_of_Watkungtaphao..jpg
https://creativecommons.org/licenses/by-sa/4.0/deed.en
https://pixabay.com/en/umbrellas-people-bird-s-eye-view-218421/
https://www.flickr.com/photos/photographingtravis/14932646295
https://creativecommons.org/licenses/by/2.0/

Recognition via Matching (2000s)

wwswsw i WIN MY Bi o
: See L

Image is public domain Image is public domain

1959 1963 1970s 1979 1986 1997 1999 S||:'|' David
-

Lowe, 1999

Al Winter
Slide inspiration: Justin Johnson
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https://commons.wikimedia.org/wiki/File:Stop_sign_(1).jpg
https://www.pexels.com/photo/close-up-of-red-stop-sign-256409/

Face Detection

Viola and Jones, 2001

One of the first successful
applications of machine
learning to vision
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1963 1970s 1979 1986 1997 1999 2001
Hubel & Wiesel Roberts David Marr Gen. Cylinders Cann Norm. Cuts SIFT V&)

Al Winter

Slide inspiration: Justin Johnson
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Caltech 101 |mages PASCAL Visual Object Challenge

Image is CCO 1.0 public domain

Image is CC0 1.0 public domain

1963 1970s 1979 1986 1997 1999 2001 2004, 2007
Hubel & Wiesel Roberts David Marr Gen. Cylinders Cann Norm. Cuts SIFT PASCAL

Al Winter

Slide inspiration: Justin Johnson
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https://pixabay.com/en/action-alone-beach-boy-child-fun-2178843/
https://creativecommons.org/publicdomain/zero/1.0/
https://pixabay.com/en/diesel-train-train-tracks-industry-1633718/
https://creativecommons.org/publicdomain/zero/1.0/

Learning representations Parce ptron
by back-propagating errors

David E. Rumelhart®, Geofirey E. Hintont}

0000000000
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1963 1970s 1979 1986 1997 1999 |} 2001 2008, 2007
Hubel & Wiesel Roberts David Marr Gen. Cylinders Cann Norm. Cuts SIFT V&IJ PASCAL

Al Winter - -

1958
Perceptron Slide inspiration: Justin Johnson
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& Ronald J. Williams* 4 L
* Institute for Cognitive Science, C-015, University of California, s 2B
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Minsky and Papert, 1969

y

0 1 1

Perceptrons
1 0 1
1 1 0

Showed that Perceptrons could not learn the XOR
function
Caused a lot of disillusionment in the field A troduriion 1o Comeataiorel Geomer

e | o |
Hubel & Wiesel Roberts David Marr Gen. Cylinders Cann Norm. Cuts ] PASCAL

Al Winter

1958 1969
Perceptron Minsky & Papert Slide inspiration: Justin Johnson
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Neocognitron: Fukushima, 1980

Computational model the visual system,
directly inspired by Hubel and Wiesel’s
hierarchy of complex and simple cells

Interleaved simple cells (convolution)
and complex cells (pooling)

No practical training algorithm

1963 1970s 1979 1986
Hubel & Wiesel Roberts David Marr Gen. Cylinders Cann
Al Winter
1958 1969 1980
Perceptron Minsky & Papert Neocognitron
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1997 2004, 2007
Caltech101;
Norm. Cuts PASCAL




Backprop: Rumelhart, Hinton, and Williams, 1986

8Ep B 8Ep Gopj

Introduced —
backpropagation ‘ awj’i aopj awj’i \
for computing . V . recognizable
gradients in neural .g:'«l" . math
iInput \\ Y outpu
networks pattern A‘ . pattern p
. ‘A\ - o orror

Successfully trained 5 ‘ : =
perceptrons with .* *

multiple layers

i | | e R o
Hubel & Wiesel Roberts David Marr Gen. Cylinders Cann Norm. Cuts ] PASCAL
Al Winter
1958 1969 1980 1985
Perceptron Minsky & Papert Neocognitron Backprop
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Slide inspiration: Justin Johnson



Convolutional Networks: LeCun et al, 1998

” \ Fully Connected

Convolutions

Image Maps

Input

Subsampling

Applied backprop algorithm to a Neocognitron-like architecture

Learned to recognize handwritten digits

Was deployed in a commercial system by NEC, processed handwritten checks
Very similar to our modern convolutional networks!

i o o [ [ o
Hubel & Wiesel Roberts David Marr Gen. Cylinders Cann Norm. Cuts ] PASCAL
Al Winter
1958 1969 1980 1985 1998
Perceptron Minsky & Papert Neocognitron Backprop LeNet Slide inspiration: Justin Johnson
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2000s: “Deep Learning”

iy

S . G GED G G G G G G G G G G G G G G G G G — —

People tried to train neural networks that
were deeper and deeper

Not a mainstream research topic at this time

Restricted Boltzmann Machines

S G NS RN GEED GEE GEE GRS RN GEED GEED GEED N G GEE GEES GEND GNED SN GEND G G S G

Hinton and Salakhutdinov, 2006
Bengio et al, 2007

Lee et al, 2009 - S . o
_ Pretraining RBM-initialized autoencoder Fine-tuning with backprop
Glorot and Bengio, 2010

1963 1970s 1979 1986 1997 m “ 2007
Hubel & Wiesel Roberts David Marr Gen. Cylinders Cann Norm. Cuts ) PASCAL
Al Winter
1958 1969 1980 1985 1998 2006
Perceptron Minsky & Papert Neocognitron Backprop LeNet Deep Learning

COMPSCI 370 Subhransu Maji — UMass Ambherst, Spring 25

Slide inspiration: Justin Johnson



s e I

iy

2000s: “Deep Learning”

S . G GED G G G G G G G G G G G G G G G G G — —

People tried to train neural networks that
were deeper and deeper

Not a mainstream research topic at this time

Restricted Boltzmann Machines

No good dataset to work on

S G NS RN GEED GEE GEE GRS RN GEED GEED GEED N G GEE GEES GEND GNED SN GEND G G S G

Hinton and Salakhutdinov, 2006
Bengio et al, 2007

Lee et al, 2009 Pretraining RBM-initialized autoencoder Fine-tuning with backprop

Glorot and Bengio, 2010
1963 1970s 1979 1986 1997 m “ 2007
Hubel & Wiesel Roberts David Marr Gen. Cylinders Cann Norm. Cuts ) PASCAL
1998 2006
LeNet Deep Learning

Al Winter
1958 1969 1980 1985
Perceptron Minsky & Papert Neocognitron Backprop

COMPSCI 370 Subhransu Maji — UMass Ambherst, Spring 25

Slide inspiration: Justin Johnson
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1,000 object classes T-shirt
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Erie ) SR i Steel drum
1,431,167 image e W B Drumstick
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,..,:‘,,. Deng et al, 2009
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=25 Russakovsky et al. IJCV 2015

1963 2004, 2007
Caltech101;

Hubel & Wiesel Roberts PASCAL

1969 1980 2006

Neocognitron Deep Learning

Minsky & Pa
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2010 2011 2012 2013 2014 2014 2015 2016 2017 Human

He et al Shao et al Huetal Russakovsky
Fergus Zisserman (@ggg.Lg‘N,\.etw) (ResNet) et al

(VGG - _ _—
s o e e b "r‘%v Becsal Do ST
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Lin et al
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1963 1970s 1979 1986 1997 m “ 2004, 2007 | 2009
Hubel & Wiesel Roberts David Marr Gen. Cylinders Cann Norm. Cuts PASCAL ImageNet
Al Winter -
1958 1969 1980 1985 1998 2006
Perceptron Minsky & Papert Neocognitron Backprop LeNet Deep Learning
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AlexNet: Deep Learning Goes Mainstream
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AlexNet vs. Neocognitron: 32 years apart
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The Al winter thawed,
deep learning revolution arrived
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2012 to Present: Deep Learning Explosion

ML+AI arXiv papers per month

CVPR Papers

3000 4000
7000
6000 . 3000
5000 ‘Submltte
4000 |—d 2000
3000 ®-Accepted
1000
1985 1990 1995 2000 2005 2010 2015 2020 1994.01 2007.01 2020.09
Publications at top Computer Vision conference arXiv papers per month (source)
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https://twitter.com/MarioKrenn6240/status/1314622995139264517

2012 to Present: Deep Learning is

Year 2010
NEC-UIUC

LBP

Dense descriptor grid: HOG,

]
v

Coding: local coordinate,
super-vector

\ 4

Pooling, SPM

A 4

Linear SVM

[Lin CVPR 2011]

Lion image
CCBY 3.0
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Year 2012

SuperVision
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[Krizhevsky NIPS 2012]
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Year 2014

GoogleNet

() Pooling

Convolution

4_

Softmax
Other

o
8%,

:

3
1

[Szegedy arxiv 2014]

VGG

Image

conv-64

[ M1axpoo |
|

conv-128

conv-128

maxpool

conv-256

conv-256

|

conv-512

conv-512

|

conv-512

conv-512

|

fc-4096

fc-4096

fc-1000

softmax

[Simonyan arxiv 2014]

Everywhere

Year 2015
MSRA

Tl

[He ICCV 2015]



https://commons.wikimedia.org/wiki/File:African_Lion_3.jpg
https://creativecommons.org/licenses/by/3.0/deed.en

2012 to Present: Deep Learning is Everywhere

Image Classification Image Retrieval

motor scooter

black widow lifeboat go-kart jaguar
cockroach amphibian| moped | cheetah
tick fireboat| bumper car snow leopard

starfish drilling platform | golfcart Egyptian cat

rilie ascar ca
convertible squirrel monkey
grille mushroom grape spider monkey
pickup jelly fungus elderberry titi
beach wagon gill fungus rdshire bullterrier indri
fire engine | dead-man's-fingers currant howler monkey
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2012 to Present: Deep Learning is Everywhere

Object Detection Image Segmentation

: - building. . % by
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RS

Ag pet

— . il

Ren, He, Girshick, and Sun, 2015 Fabaret et al, 2012
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2012 to Present: Deep Learning is Everywhere

Video Classification Activity Recognition
Spatial stream ConvNet
e, conv1 || conv2 || conv3 || conv4 || conv5 || fullé full7 ||softmax a_
- 7x7x96 || 5x5x256 || 3x3x512 || 3x3x512 || 3x3x512|| 4096 2048

A stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout

&5 | norm. norm. pool 2x2

E single frame [P0l 2x2 || pool 2x2 class g "
. ~, A Score

_.; Temporal stream ConvNet fusion ‘:I—’

| E | . conv1 (| conv2 || conv3 || conv4 || conv5 || full6 full7 ||softmax q /softmax
F 7x7x96 || S5x5x256 || 3x3x512 || 3x3x512 || 3x3x512|| 4096 2048 conv1

stride 2 || stride 2 || strnde 1 || stride 1 || stride 1 || dropout || dropout
norm. ||pool 2x2 pool 2x2

fc

input

conve

. optical flow

conv3

Simonyan et al, 2014
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2012 to Present: Deep Learning is Everywhere

Pose Recognition (Toshev and Szegedy, 2014)
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2012 to Present: Deep Learning is Everywhere

Medical Imaging

Benign Malignant

<

Malignant

Whale recognition

Levy et al, 2016

Galaxy Classification

public domain by NASA permitted public

D i e I e m a n et a |’ 20 14 domain by NASA public domain
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Slide inspiration: Justin Johnson


https://commons.wikimedia.org/wiki/File:NGC_4414_(NASA-med).jpg
https://commons.wikimedia.org/wiki/File:M101_hires_STScI-PRC2006-10a.jpg
https://en.wikipedia.org/wiki/File:Hubble2005-01-barred-spiral-galaxy-NGC1300.jpg
https://en.wikipedia.org/wiki/File:Hubble2005-01-barred-spiral-galaxy-NGC1300.jpg
https://pixabay.com/en/galaxies-overlapping-galaxies-601015/
https://commons.wikimedia.org/wiki/File:Sei_whale_mother_and_calf_Christin_Khan_NOAA.jpg
https://www.kaggle.com/c/whale-categorization-playground
https://www.kaggle.com/c/whale-categorization-playground

2012 to Present: Deep Learning is Everywhere

. . A white teddy bear A man in a baseball A woman is holding
Image Ca ptlon NG sitting in the grass uniform throwing a ball a cat in her hand

Vinyals et al, 2015
Karpathy and Fei-Fei, 2015

https://pixabay.com/en/luggage-antique-cat-1643010/
https://pixabay.com/en/teddy-plush-bears-cute-teddy-bear-1623436/

https://pixabay.com/en/surf-wave-summer-sport-litoral-1668716/ A m an riding a Wa Ve A Cat Sitting On a

https://pixabay.com/en/woman-female-model-portrait-adult-983967/

A woman standing on a
e s on top of a surfboard suitcase on the floor beach holding a surfboard

Neuraltalk2
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Slide inspiration: Justin Johnson


https://pixabay.com/en/luggage-antique-cat-1643010/
https://pixabay.com/en/teddy-plush-bears-cute-teddy-bear-1623436/
https://pixabay.com/en/surf-wave-summer-sport-litoral-1668716/
https://pixabay.com/en/woman-female-model-portrait-adult-983967/
https://pixabay.com/en/handstand-lake-meditation-496008/
https://pixabay.com/en/baseball-player-shortstop-infield-1045263/
https://github.com/karpathy/neuraltalk2

2012 to Present: Deep Learning is Everywhere

Results:
spatial, comparative, asymmetrical, verb,
prepositional

taller than
<‘ > person
left of
wear on wear
v v
shirt SNOW ski

Krishna*, Lu*, Bernstein, Fei-Fei, ECCV 2016
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Original image

cme Mordvinsev et al, 2015
Gatys et al, 2016
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https://research.googleblog.com/2015/06/inceptionism-going-deeper-into-neural.html
https://pixabay.com/en/san-francisco-california-city-210230/
https://commons.wikimedia.org/wiki/File:Van_Gogh_-_Starry_Night_-_Google_Art_Project.jpg
https://commons.wikimedia.org/wiki/File:Vincent_van_Gogh_-_Tree_Roots_and_Trunks_(F816).jpg
https://pixabay.com/en/bokeh-abstract-background-blur-21951/

2012 to Present: Deep Learning is Everywhere

PO \
W e N

https://openalc_om[i_ndex’/da; ¥ s

—

A Dutch still life of an arrangement of tulips in a fluted vase. The lighting is subtle, casting gentle highlights on the
flowers and emphasizing their delicate details and natural beauty.
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2012 to Present: Deep Learning is Everywhere

A 2D animation of a folk music band composed of anthropomorphic autumn leaves, each playing traditional bluegrass
iInstruments, amidst a rustic forest setting dappled with the soft light of a harvest moon.
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Slide inspiration: Justin Johnson



Despite the successes, computer
vision still has a long way to go
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Computer Vision Can Cause Harm

Harmful Stereotypes Affect people’s lives

Technology

A face-scanning algorithm increasingly
decides whether you deserve the job

HireVue claims it uses artificial intelligence to decide who's best for a job. Outside experts call it
‘profoundly disturbing.’

Question2 of 6 Video Response © mirutes: 3

Tell me about a time when you Response time 249 (NN
solved a problem for a customer

. in a8 way that exceeded his or "

Done Answering .

. her expectations.
+ -
4+ - +
- ‘
. ® *
1 . -
+ + +
» - -
Graduation A
A © Help © Setlings R
Barocas et al, “The Problem With Bias: Allocative Versus Representational Harms in Machine Learning”, SIGCIS 2017
Kate Crawford, “The Trouble with Bias”, NeurlIPS 2017 Keynote . - . . . : . ¥
Source: https://twitter.com/jackyalcine/status/615329515909156865 (2015) Source: https://www.washingtonpost.com/technology/2019/10/22/ai-hiring-face-scanning-algorithm-increasingly-decides-whether-you-deserve-job

https://www.hirevue.com/platform/online-video-interviewing-software

Example Credit: Timnit Gebru
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https://twitter.com/jackyalcine/status/615329515909156865
https://www.washingtonpost.com/technology/2019/10/22/ai-hiring-face-scanning-algorithm-increasingly-decides-whether-you-deserve-job/
https://www.hirevue.com/platform/online-video-interviewing-software

COMPSCI 370

And there is a lot we don’t know how to do
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This image
United

States government
work

Slide inspiration: Andrej Karpathy


https://www.flickr.com/photos/obamawhitehouse/5307108415
http://www.usa.gov/copyright.shtml
http://www.usa.gov/copyright.shtml
http://www.usa.gov/copyright.shtml
http://www.usa.gov/copyright.shtml

Further thoughts and readings

Chapter 14, Szeliski’'s book
Think of the applications of computer vision around you
Some slides kindly provided by Fei-Fei Li, Jiajun Wu, Erik Learned-Miller
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