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Overview

e Non-parametric approach to category-level
recognition

* Dataset of 80 million images from Internet

» Use very low resolution images (32x32 color)



Overview

* Use simple
algorithmes:
nearest
neighbors
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Non-parametric Approach
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Non-parametric Approach
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The Data



Thumbnail Collection Project

e Collect images for ALL objects
— List obtained from WordNet
— 75,378 non-abstract nouns in English

» Example first 20:

a-bomb a_kempis
a-horizon aal_t_)org
a._conan_doyle aalii
a._e._burnside aalost
a._e._housman aalto
a._e._kennelly aar
a.e. aardvark
a_battery aardwolf
a_cappella_singing aare _
aare_river

a_horizon



Thumbnail Collection

o 7 different search engines

emgle €ED images

websh@its gy Thckr

altavista:

desterey Cydral




Dataset Statistics

* Overall stats 32x32 square
— 79,302,017 images
— 75,062 different words

e Details

— Two formats: square & rectangular
— Gathered at 4.5 images/second

— Downloaded 97,245,098 images 32xN reCtangUIar
— 18% duplicate rate

— Disk usage: ~ 700Gb
— Collection time: ~ 9 months




Image Metadata

* URL to
high-res

[general [Eermissions Meta Info

e URL of
thumbnail P :

Comment: 130

Copyright: 14

Description: aardvark

Disclaimer: 34

OtherText: h7cdBh50cfc24fT51 772721 accdfl bid
Software: google

Source: hitpihaawew. m-w.comé/mwiart/aardvark. gif

°
. I | nglne Warning: hitpfimages.google.comfimages?g=thn:.uR_9YXdEnFWsbMwww.m-w.com/mw/artaardvark.gif

—Technical Details

Dimensions: 42 % 32 pixels
a. Color Mode: RGB

Compression: Deflate
Interlace Mode: MNone




Histogram Images/Word
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Labeling Noise

¢ Manual labeling Pl = atavista
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Representation



Suitable Image Representation

* Want minimal representation for task:
— Classitying scene and dominant objects

e Compact representation has low storage
requirements

* We blur & subsample to give
low-res image (32x32 color)



Human Performance at

Scene Recognition
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Human Labeling of Tiny Scenes

32x32
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Image Patches vs Tiny Images
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a) Patches
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i::} Scenes, small thumbnails



Approach



Non-parametric Classifier

Nearest-neighbors
For each query, obtain sibling set (neighbors)

3 different types
of distance metric

Hand-designed,
use whole image




MEtl‘iC 1 - DSSd

e Sum of squared differences (55D)

Dgsd — Za:,y,c

— —

To give invariance to illumination:
Each image normalized to
be zero mean, unit variance

" Neighbor



Metric 2 - D

e SSD but allow
small transformations

2 L .
Dwarp meln Zm,y,c

—

Find min using gradient descent

Target Warping
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warp

Translatlon

Scalings:

Image 2
Image 2

Horizontal flip:
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Transformations ()



Metric 3 - D ;...

* As per Warping but also allow sub-
window shifts

p—
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Start with warped version of image 2, as per D,



Metric 3 - D ;...

* As per Warping but also allow sub-
window shifts

2 L e
Dshift T Z:z;,y,c i

) —  Transformed

v

Start with warped version of image 2, as per D,



Metric 3 - D ;...

* As per Warping but also allow sub-
window shifts

2 —_— . N
Dshift _ Zx,y,c -

Start with warped version of image 2, as per D,




MEtl‘iC 3 - DShift

* As per Warping but also allow sub-
window shifts

2 L .
Dshz’ft o I{(l)}aIll Em,y,c

sub-window




MEtl‘iC 3 - DShift

* As per Warping but also allow sub-
window shifts

2 L .
Dshz’ft o I{(l)}aIll Em,y,c
sub-window

* Quick since images are so small




MEtl‘iC 3 - DShift

* As per Warping but also allow sub-
window shifts

2 L .
Dpipe =min 3 . |

sub-window

Tried various sizes of sub-window
- 1x1 (i.e. single pixel) worked best



Comparison of metrics

Warping | Pixel shifting




Sibling Sets with Different Metrics
* Sibling set is 50 images




Approximate D,

» Exact distance metrics are too expensive to
apply to all 79 million images

e Use approximate scheme based on taking
tirst K=19 principal components

79 million

1
Query K K
image o g -
Project into K Take M

dimensional neighbors
PCA basis using L2 norm

Apply Dsgps Dyyarp & Dgpisy to these M images @ 32x32



Exact SSD vs Approximate SSD

Using N=50 neighbors
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Quality of Sibling Set using D ...

Size of dataset —




Exploring the
Manifold of Images
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How Does D, Relate
to Semantic Distance?
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Label Assignment

* Distance metrics give set of nearby images
 How to compute label?

Query Grover Cleveland Linnet Birdcage i Casing

e |ssues: Siblings

— Labeling noise
— Keywords can be very specific

* e.g. yellowfin tuna



Wordnet — a Lexical Dictionary

http:/ /wordnet.princeton.edu/

Synonyms/Hypernyms (Ordered by Estimated Frequency) of noun aardvark

Sense 1
aardvark, ant bear, anteater, Orycteropus afer
=> placental, placental mammal, eutherian, eutherian mammal
=> mammal
=> vertebrate, craniate
=> chordate
=> animal, animate being, beast, brute, creature
=> organism, being
=> living thing, animate thing
=> object, physical object
=> entity



Wordnet Hierarchy

Synonyms/Hypernyms (Ordered by Estimated Frequency) of noun aardvark

Sense 1
aardvark, ant bear, anteater, Orycteropus afer
=> placental, placental mammal, eutherian, eutherian mammal
=> mammal
=> vertebrate, craniate
=> chordate
=> animal, animate being, beast, brute, creature
=> organism, being
=> living thing, animate thing
=> object, physical object
=> entity

* Convert graph structure into tree by taking most
common meaning



inverebrate
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Wordnet Voting Scheme

a) Input image

b) Neighbors

scientist

chemist

Ground tfuth

' d) Wordnet voted branches

One image - one vote



Classification at

Multiple Semantic Levels

' d) Wordnet voted branches

Votes:

ANingal
Rerzan

Péarat

Reyioa
Admairsstrative
Others

84
93

40
22



Wordnet Voting Scheme
]

a) Input image
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Wordnet Voting

e Overcomes differences in level of semantic
labeling:

—e.g. “person” & “sir arthur conan doyle”

» Totally incorrect labels form hopetully
uniform background noise

e Assumes semantic and visual consistency
are closely related



Semantic vs Visual Hierarchy

Interactive version at http:/ /people.csail. mit.edu/torralba/tinyimages




Recognition
Experiments



Person Recognition

* 23% of all images
in dataset contain

people

* Wide range of
poses: not just
frontal faces




Person Recognition — Test Set

e 1016 images from
Altavista using
“person” query

* High res and 32x32
available

 Disjoint from 79
million tiny images




Person Recognition

» Task: person in image or not?
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— Tiny images ranking
ol = Viola-Jones (high-res)
— Viola-Jones (32%32)
— Altavista ranking
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Recall



Precision

Person Recognition

* Subset where face >20% of image

100

80

60

40

0F-- - - e e - ' Tiny imagés ranking - 1

. _ - \/J detector (high-res)
Viola IJone ——— VJ detector (32x32)
— Altavista ranking
D 1 1 L 1
0 20 40 60 80 100

Recall



Re-ranked Altavista Images

Original Re-ranked
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Person Localization

LES BR(H‘- N

High-res
Query

Ncuts
Segmentation

Gives putative
crops




Person I.ocallzatlon Examples




Scene Classification

e Test set: 1125 images randomly drawn from 79 million.
e Task: {scene} vs all other classes

# images: 7,900 —— . 790,000 79,000,000 ——— '
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Average ROC area

Object Classification
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Object Classification

# images: 7,900 . 790,000 79,000,000  —

Geological Fish Plant life Flower
formation (32) (29) (335) (58)




Other Applications



Automatic Colorization

: F—— TR "
Grayscale input (o,
High resolution % -
1S




Automatic Colorization

Grayscale input
High resolution




Automatic Colorization

Grayscale input
High resolution

Grayscale r
32x32 siblings hesbed
95 it P

Color siblings e o s ;
high resolution sdskesia FNY"Y



Automatic Colorization

Grayscale input
High resolution

Grayscale :
32x32 siblings Skebek &
95 it P

Color siblings 4 o 3
high resolution sémbesta PN ¥

Average of
color siblings



Automatic Colorization

Grayscale input
High resolution

Grayscale -
32x32 siblings bsbedka P
g m' p

Average of
color siblings

using average [§%



Automatic Colorization

Grayscale input
High resolution

Grayscale :
32x32 siblings Skebek &
95 it P

Color siblings i o
high resolution sdsdbesa PN
¢t P

Average of
color siblings



Automatic Colorization Result

Grayscale input High resolution

Colorization of input using average

T




Automatic Orientation

* Look at mean distance to neighbors

Subspace of natural images
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Relative orientation



Automatic Orientation

100——

° 80 T

 Many images have oy .

ambiguous orientation -, | =

* Look at top 25% 0 W o
0—"0 90 180 -90

by confidence: Relative orientation

» Examples of high and low confidence
images:




Automatic Orientation Examples
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Conclusions

Person detection
e Can get good results 100 [T

simple algorithms &
lots of data

e Issues with Internet
images: labeling noise

sobl lon o]

Precision

& image baises. ] I et v f

' ——— VJ detector (32x32)
= Altavista ranking

- ” > . 0 20 20 60 80 100
* Bring in learning: Recall
Distance metrics, text & images

Webpage: http://people.csail.mit.edu/torralba/tinyimages



