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Our Goals

1. To make you fall in love with Big VisualData

ÅVery difficult to handle. 

Åbut holds the key to achieving real visual 
understanding

2. To discuss the challenges and ask for help in 
tackling this Big Data Problem



Driven by Visual Data
Texture Synthesis

Action RecognitionUnsupervised Object Discovery

Seeing Through WaterDating Historical Images

Geo-locationInferring 3D from 2D

Illumination Estimation

http://www.cs.cmu.edu/~efros/SeeingThroughWater.pdf
http://www.cs.cmu.edu/~efros/SeeingThroughWater.pdf
http://graphics.cs.cmu.edu/people/efros/research/action/
http://graphics.cs.cmu.edu/people/efros/research/action/


Two Kinds of Things in the World

Navier-Stokes Equation + weather

+ location

+ é



Lots of data available



ά¦ƴǊŜŀǎƻƴŀōƭŜ 9ŦŦŜŎǘƛǾŜƴŜǎǎ ƻŦ 5ŀǘŀέ

ÅParts of our world can be explained by 
elegant mathematics:
ïphysics, chemistry, astronomy, etc.

ÅBut much cannot:
ïǇǎȅŎƘƻƭƻƎȅΣ ƎŜƴŜǘƛŎǎΣ ŜŎƻƴƻƳƛŎǎΣΧ Ǿƛǎǳŀƭ 

understanding?

ÅEnter: The Magic of Data
ïGreat advances in several fields:
Åe.g. speech recognition, machine translation, 

Google

[Halevy, Norvig, Pereira 2009]



The A.I. for the postmodern world

http://www.google.com/logos/Logo_60blk.gif
http://www.google.com/logos/Logo_60blk.gif


The Good News

Really stupid algorithms + Lots of Data

=  ñUnreasonable Effectivenessò





3.5 trillion 
photographs

6 billion images

70 billion images

1 billion images 
served daily

100 hours uploaded 
per minute

Big Visual Data

Almost 90%of web traffic is visual!
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The Bad News

Visual Data is difficult to handle

Åtext: 

ïclean, segmented, compact, 1D, indexable

ÅVisual data:

ïNoisy, unsegmented, high entropy, 2D/3D





Computing distances is hard

-

-

-

=  Euclidian distance of 5 units

= Grayvaluedistance of 50 values

= ?

x

y

x

y

=  hamming distance of 1 letterCLIME - CRIME



How similar are two pictures?

?
=



±ƛǎǳŀƭ άDŀǊōŀƎŜ IŜŀǇέ

άLǘ ƛǊǊƛǘŀǘŜŘ ƘƛƳ ǘƘŀǘ ǘƘŜ άŘƻƎέ ƻŦ оΥмп ƛƴ ǘƘŜ ŀŦǘŜǊƴƻƻƴΣ 
seen in profile, should be indicated by the same noun 
ŀǎ ǘƘŜ ŘƻƎ ƻŦ оΥмрΣ ǎŜŜƴ ŦǊƻƴǘŀƭƭȅΧέ 

άaȅ ƳŜƳƻǊȅΣ ǎƛǊΣ ƛǎ ƭƛƪŜ ŀ ƎŀǊōŀƎŜ ƘŜŀǇΦέ

-- from Funesthe Memorious

hǊƎŀƴƛȊƛƴƎ ǘƘŜ άDŀǊōŀƎŜ IŜŀǇέΥ

ÅFinding visual correspondencesacross data

ÅMiningVisual Data

ÅConnectingvisual data to enable understanding 
(Visual Memex)

Jorge Luis Borges



Improving Visual Correspondence



Improving Visual Correspondence



Lots of Tiny Images

Å80 million tiny images: a large dataset for 
non-parametric object and scene recognition 
Antonio Torralba, Rob Fergus and William T. 
Freeman. PAMI 2008.



Lots 

Of 

Images

A. Torralba, R. Fergus, W.T.Freeman. PAMI 2008



Lots 

Of 

Images

A. Torralba, R. Fergus, W.T.Freeman. PAMI 2008



Lots 

Of 

Images



Automatic Colorization

Grayscale input High resolution

Colorization of input using average

A. Torralba, R. Fergus, W.T.Freeman. 2008



SIMPLEDISTANCE

METRIC+ MOREDATA

JamesHays,AlexeiA. Efros. SceneCompletionUsingMillions of Photographs.
SIGGRAPH2007



[Hays & Efros, SIGGRAPHô07]





Scene Descriptor

Scene Gist Descriptor 
(Oliva and Torralba 2001)[Oliva& TorralbaлмΩϐ



2 Million FlickrImages









10 nearest neighbors from a
collection of 20,000 images



10 nearest neighbors from a
collection of 2 million images















Χ нлл ǎŎŜƴŜ ƳŀǘŎƘŜǎ







Improving Visual Correspondence



Improving Visual Correspondence



Visual Data has a Long Tail

The rare is common!



CarlDoersch, SaurabhSingh,AbhinavGupta,JosefSivic, and AlexeiA. Efros.
What MakesParisLooklikeParis?SIGGRAPH2012.

VISUALDATAMINING



One of these is from Paris

ΧǘƘƛǎ ƛǎ tŀǊƛǎ

/ƭŀǇ ƛŦΧ



/ƭŀǇ ƛŦΧ
We showed 20 subjects:

- 100 Random Street 
View Images

- 50 from Paris

- They classified Paris 
non-Paris

- Accuracy: 79%

How do they know?



We showed 20 subjects:

- 100 Random Street 
View Images

- 50 from Paris
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Our Goal:
Given a large geo-tagged image dataset, 

we automatically discover visual elements
that characterize a geographic location



ÅThe visual elements that capture Paris:
ïFrequent: Occur often in Paris

ïDiscriminative: Are not found outside Paris

Our Hypothesis

Note: same idea as TF-IDF if we knew the elements.



Need Both Conditions

ÅDiscriminative only:



Need Both Conditions

ÅFrequently occurring only:



Paris

Tokyo

Sao Paulo

San Francisco

Mexico City

Philadelphia

New York Boston Milan

Prague
London

Barcelona

Positive Set
Negative Set



The Data: Google Street View





57

Paris


