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Awesome	  
selfie	  
dude!	  
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Likes	  



3	  Likes	  

Nobody	  
loves	  me	  



Which	  one	  to	  upload?!	  



Selfie  Selec:on

• 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?	  
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Why  does  it  ma>er?

adverCsing	  
*advert	  for	  funeral	  services	  

*	  



Why  does  it  ma>er?

content	  
distribuCon	  

‘selfie	  
selecCon’	  

adverCsing	   video	  
summarizaCon	  

modifying	  
popularity	  

understanding	  
user	  behavior	  



What  is  image  popularity?

• Context	  dependent	  

Facebook	  newsfeed	  

Flickr	  search	  results	  

Flickr	  user	  



Popularity  dataset

views	  

Dataset:	  2.3	  million	  Flickr	  images	  



User-‐Specific	  
e.g.	  individual	  users	  

Popularity  contexts

One-‐per-‐user	  
e.g.	  Flickr	  search	  results	  

User-‐mix	  
e.g.	  Facebook	  newsfeed	  
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Popularity  metric

	  
	  

	  
	  

	  
Task:	  predict	  log	  normalized	  views	  

	  

Measure:	  rank	  correla<on	  (ρ)	  



Predic:ng  popularity
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•  Simple	  image	  feature:	  image	  intensity	  
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•  Simple	  image	  feature:	  image	  intensity	  

rank corr = -0.00 rank corr = 0.01 rank corr = -0.02 
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•  Simple	  image	  features:	  HSV	  color	  space	  



Predic:ng  popularity

•  Simple	  image	  features:	  HSV	  color	  space	  
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Predic:ng  popularity

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

Input	  	  
Image	  

HOG	  GIST	   SIFT	  
Image	  	  

Features	  

Support	  
Vector	  

Regression	  

	  2.73	   Image	  popularity	  
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Gradient	  
e.g.	  HOG	  [Dalal	  2005]	  

Gist	  
e.g.	  GIST	  [Oliva	  2001]	  

Texture	  
e.g.	  LBP	  [Ojala	  2002]	  

Color	  BoW	  
e.g.	  [van	  de	  Weijer	  2009]	  

Deep	  learning	  
e.g.	  [Krizhevsky	  2012]	  

1000	  Objects	  
e.g.	  [Krizhevsky	  2012]	  

airplane	  
bicycle	  
bird	  
boat	  
boble	  
orange	  
bench	  

…	  
person	  
sheep	  
train	  
television	  
dog	  
fox	  

remote	  
car	  
stove	  
table	  
apple	  
cart	  
ray	  

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



What  makes  an  image  popular?

Input	  	  
Image	  

Object	  	  
likelihood	  

Support	  
Vector	  

Regression	  

1.9	   Image	  popularity	  



Medium	  posiCve	  impact	  
	  

What  makes  an  image  popular?

giant	  panda	   ladybug	   basketball	  

plow	   cheetah	   llama	  



Strong	  posiCve	  impact	  
	  

	  

What  makes  an  image  popular?

brassiere	   revolver	   miniskirt	  

maillot	   bikini	   cup	  



NegaCve	  impact	  
	  

	  

What  makes  an  image  popular?

spatula	   plunger	   laptop	  



hKp://popularity.csail.mit.edu	  



hKp://popularity.csail.mit.edu	  
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What  is  memorability?

Memorability	  	  =	  The	  likelihood	  of	  remembering	  a	  
parCcular	  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. 



Ready? 

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

















<clap!>	  

























<clap!>	  



Measuring  Memorability

Memorability	  	  =	  Probability	  of	  correctly	  detecCng	  a	  
repeat	  afer	  a	  single	  view	  of	  an	  image	  in	  a	  long	  sequence.	  

What	  makes	  an	  image	  memorable?	  Isola	  et	  al,	  CVPR2011	  
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What	  makes	  an	  image	  memorable?	  Isola	  et	  al,	  CVPR2011	  
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Group	  2	  
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ρ	  =	  0.75	  

Measuring  Memorability

Memorability	  is	  an	  intrinsic	  and	  
measurable	  property!	  

What	  makes	  an	  image	  memorable?	  Isola	  et	  al,	  CVPR2011	  



1)	  Simple	  scalar	  stats?	  
	  color,	  brightness,	  number	  of	  objects,	  mean	  hue	   ρ < 0.16 

2)	  Computer	  vision	  features?	  
	  SIFT,	  HOG,	  GIST	  and	  SSIM	  
	  	  

	  

ρ = 0.50 

Predic:ng  memorability

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

	  

ρ = 0.75 

0)	  Human	  esCmaCon?	  
	  asking	  people	  how	  memorable	  an	  image	  is	  

ρ = -0.02 

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

Goal	  
•  Modify	  faces	  to	  be	  more/less	  memorable	  while	  keeping	  idenCty,	  and	  
other	  abributes	  intact	  

Problem	  
•  Features	  such	  as	  HOG/SIFT	  significantly	  outperform	  AAM	  based	  
features	  for	  memorability	  predicCon	  

memorability	  
axis	  

low	   original	   high	  

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

•  Modify	  faces	  to	  be	  more/less	  memorable	  while	  keeping	  idenCty,	  
and	  other	  abributes	  intact	  

memorability	  
axis	  

low	   original	   high	  

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

cost	  of	  
modifying:	  

: shape and 
appearance 

+  ’  -  ’ 

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

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

75% correct 
modifications! 



memorability 

Modifying  face  memorability
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Objects
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Real-‐:me  stereo Structure  from  mo:on

NASA	  Mars	  Rover	  

Pollefeys	  et	  al.	  

Mul:-‐view  stereo  for  
community  photo  collec:ons

Goesele	  et	  al.	  

Slide	  credit:	  L.	  Lazebnik	  



Beyond  the  Immediate  Scene

• An	  image	  is	  more	  than	  a	  simple	  composiCon	  of	  its	  
visual	  elements	  

• What	  more	  can	  we	  infer	  from	  an	  image?	  
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person	   car	  

car	  
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Different  scales  of  the  problem

Vicente	  et	  al,	  CVPR	  2014	  



Different  scales  of  the  problem

Hays	  &	  Efros,	  SIGGRAPH	  2007	  



Different  scales  of  the  problem

Xiao	  et	  al,	  CVPR	  2012	  
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Different  scales  of  the  problem

?	  



Summary

•  Looking	  beyond	  the	  visible	  scene:	  
• PredicCng	  popularity	  
• PredicCng	  memorability	  
•  Finding	  McDonald’s	  

• We	  show	  how	  to	  modify	  the	  non-‐visual	  properCes	  
in	  a	  predictable	  way	  using	  visual	  elements	  
• Modifying	  face	  memorability	  
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