Crafting the Perfect Selfie

Using Computer Vision

Aditya Khosla



 Selfie (n.):

a picture taken of a person
| by that person
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Which one to upload?!




Selfie Selection

* What if it were possible the number of likes before
uploading?

* What if you could predict how many people will
remember your selfie?

* What if you could modify the image such that more
people remembered it?



Why does it matter?



Overview
Predicting popularity
Predicting memorability
Moditying memorability

Perspective




Overview

Predicting popularity



What is image popularity?
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What is image popularity?

IS Phil Nadeau

February 7 *A!

Last committee meeting — with Ryan lutzi, Nachiket
Desai, Yildiz Koken Sinangil, Katherine Song, Radhika
Marathe and Dan Congreve at Jackson Room, MIT.

February 8 at 8:07am - Like

Ryan lutzi Yes except the one in front of me is
just pure vodka, and that sheet im staring at is just
a blank peice of paper

February 8 at 10:40am - Like - &5 1

Rita Karger Is that Putin's portrait? lol
| February 24 at6:42am - Like -&5 1

facebook



What is image popularity?
oo

PSY @psy_oppa - Mar 22
Very inspiring book by my friend @adambraun about his charity bit.ly/popstory
Fell asleep when | finished it pic.twitter.com/4G0P34XYmT




What is image popularity?
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What is image popularity?
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Why does it matter?

N )

content distribution



Why does it matter?
e

‘selfie selection’



Why does it matter?

advertising

*advert for funeral services



Why does it matter?

content ‘selfie i
distribution selection’

. video [z
| advertising L
summarization
I @ modifying understanding

Sie= popularity user behavior




What is image popularity?

~ Aditya Khosla
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2 Popularity dataset |
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Popularity contexts

One-per-user User-mix User-Specific

Ke.g. Flickr search resultsj Ke.g. Facebook newsfee(y K e.g. individual users /




Popularity metric
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Popularity metric
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Popularity metric

proportion of images
proportion of images
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Predicting popularity




normalized views

Predicting popularity
e Simple image feature: image intensity
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intensity mean




normalized views

Predicting popularity

e Simple image feature: image intensity
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Predicting popularity

e Simple image feature: image intensity

rank corr = -0.00
18

normalized views

: PO
intensity mean




Predicting popularity

e Simple image feature: image intensity

rank corr = -0.00 rank corr = 0.01
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Predicting popularity

e Simple image features: HSV color space

SATURATION




normalized views

Predicting popularity

e Simple image features: HSV color space

rank corr = -0.05
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Predicting popularity

W | Image
S'FTQ Features

) 1 ! .
. aR wr06+03.E Support
a3 %iee. subject to  w'g(m;) +b—2z <€+ &, Vector

zi—wlo(x:) —b<e+&,

£,6>0,i=1, .1 Regression

L
[2.73 Image popularity
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What makes an image popular? Khosla et al, WWW 2014



Predicting popularity
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What makes an image popular? Khosla et al, WWW 2014



Predicting popularity

rank correlation
o
N

Gist Texture Color BoW  Gradient Deep Combined
Learning

What makes an image popular? Khosla et al, WWW 2014



What makes an image popular?

5 10 15 20 25 30 35 40 45 50
colors

color importance

What makes an image popular? Khosla et al, WWW 2014



What makes an image popular?
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What makes an image popular?

Medium positive impact




What makes an image popular?
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What makes an image popular?

Negative impact




http://popularity.csail.mit.edu

Popularity Demo
How likely is your image to become popular? Upload it to
find out!
Upload: | choose File | No file chosen | Run
or
URL: http:// | Run
one: - ‘ Lm
One: 2 by

Media coverage

Popularity API

Usage: http://popularity.csail.mit.edu/cgi-
bin/image.py?url=IMG_URL

Example:
http://popularity.csail.mit.edu/cqi-

bin/image.py?
url=http://popularity.csail.mit.edu/demo/1.j

Notice: Please do not overload our server
by querying repeatedly in a short period of
time. This is a free service for academic
research and education purposes only. It
has no guarantee of any kind. For any
questions or comments regarding this API
or potential commercial applications,

please contact Aditya Khosla.

§ ’ THE
H HUFFINGTON | ke TechCrunch TIME
1HE VERGE gt
Entrepreneur

Y AHSEVCVE J THE TIMES OF INpia The Washington Post




http://popularity.csail.mit.edu

Popularity Demo Popularity API

How likelv is vaur imaae to hecome nanular? Unload it ta Usaae: hitn//naonularitv_esail mit edu/eai-

To: khosla@csail.mit.edu
popularity

Dear Aditya Khosla,

This popularity calculator is a nice initiative, but i think these girls deserve much better scores than 5.

Best regards,

\ 4 I—l HUFFING1UN B B fECHOOGIUNCN l llVlE

THE VERGE e
Entrepreneur

YAH&% 4 THE TIMES OF iNpia The Washington Post




Overview

Predicting memorability




What is memorability?

Memorability = The likelihood of remembering a
particular image.



Welcome to the

Visual Memory Game

A stream of images will be presented on the
screen for 1 second each.

Your task:

Clap anytime you see an image you saw
before in this experiment.



(Seriously, get ready to clap. The images go by fast...)
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<clap!
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<clap!



Measuring Memorability

[
| Vigilance repeat
b i | eee ’ 5
Rl ' T @ ' ) E ’
1 sec 1.4 sec | Memory repeat _
J time
>

Memorability = Probability of correctly detecting a
repeat after a single view of an image in a long sequence.

What makes an image memorable? Isola et al, CVPR2011



Average memorability of top N images (%)

Measuring Memorability

100%

—— Group 1
90% —— Group 2
Chance

80% /|

70%

60% |

50%

40%

200 600 1000 1400 1800 2200
Image rank (N)

What makes an image memorable? Isola et al, CVPR2011



Measuring Memorability

100%
§ —— Group 1 r .
a 90%|\y Group 2 ~ o3l Reliable
g Chance \C" 08l P = 0.75

Memorability is an intrinsic and

measurable property!

& N O 0.3f
50% e
S @ 02-+
> 40% Q. 01+
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Image rank (N) Num scores per image

What makes an image memorable? Isola et al, CVPR2011



1) Simple scalar stats?

color, brightness, number of objects, mean hue

|
w 2) Computer vision features?

g 4
‘ SIFT, HOG, GIST and SSIM

. 3) Human consistency?
consistency across human subjects in memory game

Modifying the Memorability of Face Photographs, Khosla et al, ICCV 2013

p =-0.02

p <0.16

p =0.50

p=0.75



Overview
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Moditying memorability



Moditying face memorability

memorability
axis

Goal

* Modify faces to be more/less memorable while keeping identity, and
other attributes intact

Problem

* Features such as HOG/SIFT significantly outperform AAM based
features for memorability prediction

Modifying the Memorability of Face Photographs, Khosla et al, ICCV 2013
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Moditying face memorability

memorability
axis

low original high

Goal

* Modify faces to be more/less memorable while keeping identity,
and other attributes intact

Modifying the Memorability of Face Photographs, Khosla et al, ICCV 2013



Moditying face memorability

€ : shape and appearance



Moditying face memorability

min
X

cost of
modifying:

X : shape and
appearance




Moditying face memorability

min Cjq(x)

X

cost of
modifying:

X : shape and
appearance




Moditying face memorability

min Czd(flf) -+ )\Cattr(x)

x ‘
attributes
e.g. age, gender, emotion

cost of
modifying:

X : shape and
appearance




Moditying face memorability

min Czd(flf) -+ )\Cattrp(ﬂl') —+ /YCmem(w)

| ]

cost of . . : .
P identity attributes memorability
modi ying. e.g. age, gender, emotion

_Q

XL

: shape and '
appearance ;




Moditying face memorability

| memorability | original image & 1 memorability




Moditying face memorability

0.9 . - .
- memorability increase

O8] | =—— memorability decrease

0.77

061

0.57

0.4r

037

memorability score

0-21 75% correct

modifications!

0.1

100 200 300 400 500
sorted image index



Moditying face memorability
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Overview

Perspective
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Real-time stereo Structure from motion

Pollgfeys et al.

Multi-view stereo for
community photo collections

Relating images

'

Structure & Motion
recovery

Y

Dense Matching

' dense depth maps

3D Model Building

3D surface model

Goesele et al.

Slide credit: L. Lazebnik



Beyond the Immediate Scene

* An image is more than a simple composition of its
visual elements

 What more can we infer from an image?



Different scales of the problem
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Different scales of the problem
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Different scales of the problem
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Vicente et al, CVPR 2014



Different scales of the problem
Original

Hays & Efros, SIGGRAPH 2007



Different scales of the problem

Xiao et al, CVPR 2012
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Different scales of the
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Different scales of the problem
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Different scales of the problem
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Summary

* Looking beyond the visible scene:
* Predicting popularity
* Predicting memorability

* We show how to modify the non-visual properties
in a predictable way using visual elements

* Modifying face memorability






