Large-Scale Image Collections
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Adapted Slides from Feifei’s and Rob’s slides



Datasets and computer vision

UIUC Cars (2004) CMU/VASC Faces (1998) FERET Faces (1998) COIL Objects (1996)
S. Agarwal, A. Awan, D. Roth H. Rowley, S. Baluja, T. Kanade P. Phillips, H. Wechsler, J. S. Nene, S. Nayar, H. Murase
Huang, P. Raus

MNIST digits (1998-10) KTH human action (2004) Sign Language (2008)
Y LeCun & C. Cortes l. Leptev & B. Caputo P. Buehler, M. Everingham, A. D. Martin, C. Fowlkes, D. Tal, J.
Zisserman Malik.

3D Textures (2005) CuRRET Textures (1999) CAVIAR Tracking (2005) Middlebury Stereo (2002)
S. Lazebnik, C. Schmid, J. Ponce K. Dana B. Van Ginneken S. Nayar J. R. Fisher, J. Santos-Victor J. Crowley D. Scharstein R. Szeliski
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Datasets

IMJAGE

* 12 million
PASCALL LabelMe

ries
00 catego
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MRSC  caltech101/256 O
Tiny Images?

1t 80 million

# of clean images per category (log_10)

1 2 3 4 5

# of visual concept categories (log_10)
1. Excluding the Caltech101 datasets from PASCAL

2. Noimage in this dataset is human annotated. The # of clean images per category is a rough estimation
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Why large dataset?

More training data = Less overfitting




Parametric vs. Non-parametric

Enough amounts of data

—->No need for sophisticated learning algorithms
(parametric models)

Nearest neighbor approach is enough
(non-parametric models)



Object Recognition
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Nearest Neighbor
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Image Labeling

Input Output

Traditional Method: learn the local appearance for each
category, smooth with a MRF/CRF model



Label Transfer

window
tree
sky

|road

building
unlabeled

[Liu et al., CVPRO9]




Scene Completion

Original Image [nput

Context matching
+ blending

Scene Matches Output

Hays and Efros, SIGGRAPHO7



Hays and Efros, SIGGRAPH 2007



Hays and Efros, SIGGRAPH 2007






Hays and Efros, SIGGRAPH 2007



Hays and Efros, SIGGRAPH 2007



Image Representation

80 million tiny images: a large dataset for non-parametric object and scene recognition.
Torralba et al., PAMI 2008.

Small Codes and Large Image Databases for Recognition, Torralba et al., CVPR 2008

Slides adapted from Rob and Antonio’s slides



How much memory do we need?

e For computation, representation must fit in memory
* Google has few billion images (10°)

Big PC has ~10 Gbytes
- Budget of 100 bits/image

1 Megapixel image (107 bits)

> Need serious dimension reduction



First Attempt

Reduce the resolution

16

64

24576 1024 256




Binary Reduction

Feature vector

*GIST Features
*Bag-of-words histogram

Lots of pixels

\Binary
duction
80 million images? 164 GB 320 MB

[Torralba, PAMIOS]

512 values 32 bits



GIST

Abstract representation of the scene

|:Orientation Channel |

W:ure Maps -
- ; 7
| ) |

Gist vector

Input Image

” L4 ..
Color Channel/| |\Intensity Channel

—

11117

(PCA/ICA Dimension Reduction |

Gist Features

| Place Classifier |

Most Likely Location

512 dimension



Binary Code

Project data to a low dimensional binary space that preserves
the nearest neighbor relationships X Y

y; = 10 ) =[h(x),h, (X),-.-. h ()]

Binary
reduction

h; (%) is binary n

Hashing function

512 values 32 bits



Hamming Distance

Definition: the hamming distance between two equal length
binary strings is the number of positions for which the bits
are different

|
N

1011101, 1001001
1110101 1111101

TN
|
p—

Fast to compute



Binary Code Methods

e Locally Sensitive Hashing

e Learning based method
* Boost Similarity Sensitive Coding
e Restricted Boltzmann Machines



Locally Sensitive Hashing

The hashing function of LSH to produce Hash Code

1, if ri'x >0
0, otherwise

r'x > ( isahyperplane separating the space (next page for example)

rlax




LSH-Hyperplane

* Take random projections of data »7 ¢

* Quantize each projection with few bits

| 101

0 \
/
1
Fergus et al 0

— Feature vector

No learning involved




Binary Code Methods

¢ Locally Sensitive Hashing

e Learning based method
* Boost Similarity Sensitive Coding
e Restricted Boltzmann Machines



BoostSSC

Use boosting algorithm to select

the index and threshold E

hn (Xi) — Xi (n) >Tn

yi =[h (%), hy (%), by (%)]

bits

N
values



Training Examples

Positive example: images pairs that are nearest neighbors
Negative example: image pairs that are not neighbors




BoostSSC Training

M

hn (Xi) — Xi (n) >Tn

from image i

n
At each iteration: E

Select the index and threshold that reiiﬂffiﬁn
minimizes a weighted error/loss of h(x)
the entire training images m
L]
N M

values bits



Loss function

X; X;
* Weak classifier output:
hn (Xi) — hn (Xj)
f, (%, X)) = (X () >T,)==(X;(n) >T )]+ S
n
e Loss function
. sz?l: positive/negative
> w2 — falaf, @)
k=1 \
N values

Weight for a training pair (defined with the loss)



Binary Code Methods

¢ Locally Sensitive Hashing

¢ Learning based method
e Boost Similarity Sensitive Coding
e Restricted Boltzmann Machines



Restricted Boltzmann Machine (RBM)

Network of binary stochastic units
[Hinton and Salakhutkinov, Nature, 2006]

Hidden units: h k * ’

Binary Symmetric
reduction weights w
Visible units: v ‘ & * %



RBM Training - Unsupervised

Joint Energy function

Z biv; — Z b; h.j—Z?_)g'}?.-iH-’ij

i€visible j€hidden 1,7

Hidden units: h

Learn to maximize Symmetric

weights w
e—E(v, h)

Z Z - e—LE(u.g

Visible units: v




Multi-Layer RBM

Output binary code (N dimensions) T
_______________________________________ .

! |
| Layer 3 N :
' . VW3 !
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Input Gist vector (512 dimensions)



Supervised Re-fining

e Goldberger, Roweis,Salakhutdinov & Hinton, NIPS 2004

K ka7 Ly (12
|1 W)= F (e W)
€
O — Dr: N =
Nea ?‘1} ? Pk PR 5 g e G W= G 2
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Experiments - LabelMe

LabelMe (22,000 images)

percertage of 50 true neighbors within M retrieved images
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Proportion of 50 NN within retrieved set

Experiments - Web

Web (12.9 million)

5000 10000 20000 30000 40000 50000
Number of retrieved images (outof 12900000)

Proportion of 50 NN within retrieved set

0.9
0.8

= ... ... .
5000 10000 EUGGG Eﬂﬂﬂﬂ 4ﬂﬂﬂ0 50000

Mumber of retrieved images (out of 12900000)



Experiments - Speed

Dataset [abelMe Web
# images 2% 10* 1.29x 10"
Gist vector dim. 512 384
Method Time (s) Time (s)
Spill tree - Gist vector 1.05 -
Brute force - Gist vector 0.38 -

Brute force - 30 bit binary
- 30 bit bmary, M/T
Brute force - 256 bit binary

- 256 biat binary, M/T

Hashing - 30 bit binary




Large Scale Dataset

ImageNet: A Large-Scale Hierarchical Image Database. J. Deng et al., CVPR, 2009.
What does classifying more than 10,000 image categories tell us? J. Deng et al., ECCV. 2010



— IMAGENET
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WordNet

E=rtity

T

entity, phy sical thing

ohject, phy sical object

T

natural object artefact, artifact
plarnt part rmechanism enclosure surface
plant organ rmechanical device Cage, Coop skin
plart root sprinkler
/ \ birdecage hutch
carrat radish squirre| cage

Figure 1. "is a" relation =xarmple



ImageNet

Sim Txv DE. Wl YW AT
IS D E T W SR PSR

mammal —— placental —— carnivore —— canine —-worklngdog —— husky

@A7E Qe SEN THA Bail Lald
SNT e sl was o BED
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vehicle craft — watercraft —— sailing vessel sailboat trimaran




Comparison to Other Data Sets

ImageNet | Tinylmage | LabelMe | ESP | LHill
LabelDisam Y Y N N Y
Clean Y N Y Y Y
DenseHie Y Y N N N
FullRes Y N Y Y Y
PublicAvail Y Y Y N N
Segmented N N Y N Y




Scale

« Synsets: 18K
o Images: 12M

« Images w/ bounding box annotations: 658K

High level category

animal
plant
mammal
vehicle

# synset

3822
1666
1138
481

Avg # images per
synset

732
600
821
778

Total # images

2799K
999K
934K
374K



Summary of selected subtrees

0-2 Avg. synset Total #
Subtree # Synsets . .

size image
Mammal 1170 737 862K
X 0-15 7 Vehicle 520 610 317K
5 GeoForm 176 436 77K
% Furniture 197 797 157K
&~ 0.1r Bird 872 809 705K

g_ Musiclnstr
0.05

1000 1500
# images per synset

0 500

« Over half synsets have > 500 images

2000

2500



Accuracy

« Lower in hierarchy, harder to classify.
o Dogvscat
» Siamese cat vs Burmese cat

precision
o
&

0.9
1 2 3 4 5 6 7 8 9
tree depth
e.g. mammal e.g. dog e.g. German Shepherd

Deng, Dong, Socher, Li, Li, & Fei-Fei, CVPR, 2009



Diversity

- Variable appearances,
positions, view points,
poses, bg clutter, and
occlusions.

Lossless JPG size in byte

platypus h

panda

okapi

elephant BimageNet |

[ cCaltech101
900 1000 1100

|




Constructing ImageNet




Two Steps

Step 1: Step 2:
Collect candidate images |=== | Clean up the candidate
via the Internet Images by humans




Step 1: Collect Candidate Images from the Internet

* Query expansion
—Synonyms:

— Appending words from ancestors:
 Multiple languages
— Italian, Dutch, Spanish, Chinese

* More engines . picsgarch flickr
* Parallel downloading Google



Step 1: Collect Candidate Images from the Internet

 “Mammal” subtree ( 1180 synsets )
— Average # of images per synset: 10.5K

Hist f t Si
200 : | TeodmmosyneesEe L Most populated Least populated

Humankind (118.5k) Algeripithecus minutus (90)

180
160

Kitty, kitty-cat ( 69K) Striped muishond (107)

140

Cattle, cows ( 65k) Mylodonitid (127)

[y
N
o

Pooch, doggie ( 62k) Greater pichiciego (128)

# of synsets
=
o
o

Cougar, puma ( 57k) Damaraland mole rat (188)

e}
o

Frog, toad ( 53k ) Western pipistrel (196)
Hack, jade, nag (50k)  Muishond (215)

# of images



Step 1: Collect Candidate Images from the Internet

e “Mammal” subtree (1180 synsets )
— Average accuracy per synset: 26%

Histogram of synset precision
T C C C

Most accurate Least accurate

Bottlenose dolpin (80%) Fanaloka (1%)

0.25

0.2

Meerkat (74%) Pallid bat (3%)
Burmese cat (74%) Vaquita (3%)
Humpback whale (69%) Fisher cat (3%)

0.15

o
=

percentage of synsets

African elephant (63%)  Walrus (4%)

0.05

Squirrel (60%) Grison (4%)
Domestic cat (59%) Pika, Mouse hare (4%)

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
percentage of positive images



Step 2: verifying the images by humans

# of SynsetS: 40,000 (subject to: imageability analysis)
# of candidate images to label per synset: 10,000

# of people needed to verify: 2-5
Speed of human labeling: 2 images/sec (one fixation: ~200msec)

40,000 x10,000 x3 /2 =6 U000 003€ ~19year

Moral of the story:
no graduate students would want to do this project!




In summer 2008, we discovered crowdsourcing




amazonmechanlcalturk Sign i

Artificial Artificial Intelligence |' Your Account \ HITs Qualifications

Introduction | Dashboard | Status | Account Settings

Mechanical Turk is a marketplace for work.
We give businesses and developers access to an on-demand, scalable workforce.
Workers select from thousands of tasks and work whenever it's convenient.

149,499 HITs available. View them now.

Make Money
by working on HITs

HITs - Human Intelligence Tasks - are individual tasks that
you work on. Find HITs now.

As a Mechanical Turk Worker you:

e Can work from home
® Choose your own work hours
® Get paid for doing good work

Find an Earn
interesting task Work money

©®0

or learn more about being a Worker

Get Results
from Mechanical Turk Workers

Ask workers to complete HITs - Human Intelfigence Tasks - and
get results using Mechanical Turk. Reqgister Now

As a Mechanical Turk Requester you:

® Have access to a global, on-demand, 24 x 7 workforce
®& Get thousands of HITs completed in minutes
® Pay only when you're satisfied with the results

Fund your Load your Get
account tasks results

®© 0600

-l Lared




Step 2: verifying the images by humans

# of synsets: 40,000 (subject to: imageability analysis)

# of candidate images to label per synset: 10,000

# of people needed to verify: 2-5

Speed of human labeling: 2 images/sec (one fixation: ~200msec)
Massive parallelism (N ~ 1072-3)

40,000 x10,000 x3 /2 =6 QuO0000FE€ ~19year

N




IMAGENETBasic User Interface

Click on the good images.

Main Instructions Unsure? Look up in Wikipedia Google [ Additional input] No good photos? Have expertise? comments? Click here!

First time workers please click here for instructions. Below are the photos you have
selected FROM THIS PAGE ONLY (
they will be saved when you navigate
to other pages ). Click to deselect.

Click on the photos that contain the object or depict the concept of : delta: a low triangular area of alluvial deposits where a river divides
before entering a larger body of water; "the Mississippi River delta”; "the Nile delta” .(PLEASE READ DEFINITION CAREFULLY)

Pick as many as possible. PHOTOS ONLY, NO PAINTINGS, DRAWINGS, etc_ It's OK to have other objects, multiple instances, occlusion or text in
the image.

Do not use back or forward button of your browser. OCCASIONALLY THERE MIGHT BE ADULT OR DISTURBING CONTENT.

what's this? select all deselect all < page 1 of 6 > Submit iPRTE‘YéEmITM,?CD&g?#VggSKTON



IMAGENET Basic User Interface

Instructions Unsure? Look up in Wikipedia Google [ Additional input] No good photos? Have expertise? comments? Click here!

First time workers please click here for instructions. Below are the photos you have
selected FROM THIS PAGE ONLY (

Click on the photos that contain the object or depict the concept of - delta: a low triangular area of alluvial deposits where a river divides they will be saved when you navigate

before entering a larger body of water; "the Mississippi River delta™; "the Nile delta” .(PLEASE READ DEFINITION CAREFULLY) to other pages ). Click to deselect.

Pick as many as possible. PHOTOS ONLY, NO PAINTINGS, DRAWINGS, etc. It's OK to have other objects, multiple instances, occlusion or text in

the image.

Do not use back or forward button of your browser. OCCASIONALLY THERE MIGHT BE ADULT OR DISTURBING CONTENT.

|PREVIEW MODE. TO WORK ON

what's this? selectall | deselect all < ‘ page 1 of 6 > Submit |

THIS HIT, ACCEPT IT FIRST.



* Provide wiki and google links

Enhancement 1

Main Instructions 'Unsure? Look up in Wikipedia Google [ Additional input ] No good photos? Have expertise? comments? Click here!

WIKIPEDIA
The Free Encyclopedia

navigation

= Main page

= Contents

= Featured content

= Current events

= Random article

search

(o] (o)

interaction
= About Wikipedia
m Community portal
= Recent changes
m  Contact Wikipedia
= Donate to Wikipedia
= Help

toolbox

= What links here
= Related changes
u Upload file

= Crmninl maman

You can support Wikipedia by making a tax-deductible donation.
article discussion

Delta

From Wikipedia, the free encyclopedia

edit this page history

Delta commaonly refers to:

= Delta (letter), A or 8 in the Greek alphabet. also used as a mathematical symbol
= River delta, a landform at the mouth of a river

Delta may also refer to:

Places

Canada
= Delta, British Columbia
= Delta (provincial electoral district)
= Delta (electoral district)
Nigeria
= Delta State, Nigeria
United States

= Delta, Colorado
Delta, California

Delta, lowa
Delta, Louisiana
Delta, Missouri
Delta, Ohio

= Malta Dammecdeamin

Back to Main

[edit]

[edit]

[edit]

[edit]

TryBeta 2 Log in/ create account

Look up delta in Wiktionary, the
free dictionary.

Contents [hide]
1Places
1.1 Canada
1.2 Migeria
1.3 United States
2 Science and technology
2.1 Earth sciences
2.2 Mathematics and computer science
2.3 Medicine and biology
2.4 Military
3 Companies and products
4 Entertainment and fiction
5 Otheruses
6 People with the name
7 See also

m



Enhancement 2

 Make sure workers read the definition.
—Words are ambiguous. E.g.

*Box: any one of several designated areas on a ball field where the batter or
catcher or coaches are positioned

*Keyboard: holder consisting of an arrangement of hooks on which keys or
locks can be hung

— These synsets are hard to get right

—Some workers do not read or understand the
definition.



Definition quiz

This HIT is about 'delta’.

Definition: a low triangular area of alluvial deposits where a river divides before entering a larger body of water; "the
Mississippi River delta"; "the Nile delta"

Please read the above definition carefully. 'delta’ might mean something different from what you think.

| HAVE READ IT



Definition quiz

Please answer: what is the meaning of ‘delta’ in this HIT?

Go back and read the definition again.

©the normal brainwave in the encephalogram of a person in deep dreamless sleep; occurs with high voltage and low frequency (1 to 4
hertz)

@ the 4th letter of the Greek alphabet

© a low triangular area of alluvial deposits where a river divides before entering a larger body of water; "the Mississippi River delta";
"the Nile delta"

© an airplane with wings that give it the appearance of an isosceles triangle

@ an object shaped like an equilateral triangle



Enhancement 3

* Allow more feedback. E.g. “unimagable synsets” expert
opinion

Main Instructions Unsure? Look up in Wikipedia Google [ Additional input ] No good photos? Have expertise? comments? Click here!

Have comments about images of delta? Have expertise? Or cannot find good photos? Let us know here!
No good photos? If you have not selected any photos but would like to submit, please specify a reason below ( and then you can submit normally in the main page ), otherwise your submission is likely to
be rejected. Mote: Check one of the following boxes OMLY if you have selected NO photos.

_'Reason 1: This HIT does not make sense. e.g. The specified object does not exist or cannot be photographed { for example, phoenix, thought ), or is simply impossible to recognize ( for example, two-
vear-old horse ).

) Reason 2: This HIT makes sense, but there are absolutely no good photos among the given ones.
_! Other reason. Please explain below.

clear

Back to Main
(optional)Have expertise? Feel your submission could differ a lot from others'? Or just have some comments? Please check the appropriate boxes below and input your comments.
[Tl Check this box if you have expertise on recognizing delta

[T Check this box if you feel your submission is likely to be very different from the majority view ( for example, You have the expertise that most people don't have or there are some subtleties in the
definition that most people may not notice. ). This may help us evaluate your submission. Mormally your submission is evaluated against the majority view of mutliple workers. However we understand this is
not perfect, especially when it comes to concepts/objects that require expertise. If you check this box, please also explain in the comment area. We will take this into consideration.

Input your comments below. We would especially appreciate comments on how to accurately recognize delta.

Back to Main
All of your input in this tab will be automatically sent to us when you click the submit button in the main page.



IMAGE is built by crowdsourcing

* July 2008: 0 images
* Dec 2008: 3 million images, 6000+ synsets

e April 2010: 11 million images, 15,000+ synsets



Demography of AMT workers

"= United States 46.80%
India 34.00%
Miscellaneous 19.20%

Education Level Year of Birth for US workers
25.00%
60.00%
20.00%
50.00%
15.00%
40.00%
30.00% 10.00% -
0.00% M India 5.00%
M United States
10.00% - 0.00% -
0.00% - GG R A .
P S R S A S A 3
Some High  High Some  Associates Bachelors Graduate Graduate > IS ) ) ) N ) ) N
School School college, no degree  degree  degree, degree,
Graduate degree Masters Doctorate
Gender Breakdown Marital Status and Household Size for US workers
so.00% 40.00%
70.00% 35.00%
60.00% 30.00%
25.00% M No children
.00%
2000 20.00% _
40.00% o India 15.00% W Yes, 1 child
30.00% - M United States 10.00% .
20.00% - 5.00% f] M Yes, 2 children
. 0.00% - T T T T 1 .
10.00% 5 5 5 5 5 M Yes, 3 children
0.00% & @ I @ ¢ d e .
a & o & & % & m Yes, 4 or more children
Female Male N A\ & 2" » ) &
) N N & N
) & ) oy KN
& §

Panos Ipeirotis, NYU, Feb, 2010



Demography of AMT workers

30.00%

25.00%

20.00%

15.00%

10.00%

5.00%

0.00%

Time spent on Mechanical Turk per week

]IIII'

Less than 1 1-2 hours per 2-4 hours per 4-8 hours per 8-20 hours  20-40t
hour per week week week per week perw
week

Typical Stanford
Graduate student’s income

Weekly Income from Mechanical Turk

40.00%
35.00%
30.00%
25.00%
20.00%
15.00%
10.00% -

5.00% - I

0.00% - L _— T |

N N S N S N
Qz ?) & @ A < A A 2z
. ‘t\?a éz' \‘\6 .a\‘b . “!6 \‘\Q} $Q¢ ée, \‘,‘@
¢ < & & & & & & &
5 o8 N > S $ S § $
‘DQ N 6;1 i"J Qf'l 51'\: z,;lr t,;') ;;’J

& a 5 N 5 o & g o

) Q 9 6"’ N v 4
5 ) q

A4 &
<&

Panos Ipeirotis, NYU, Feb, 2010



Use Large Dataset Smartly

80 million tiny images: a large dataset for non-parametric object and scene recognition.
Torralba, Fergus, Freeman. PAMI 2008.

Nonparametric scene parsing: Label transfer via dense scene alignment, C. Liu, J. Yuen and A.
Torralba. CVPR, 2009.



What does classifying more than
10,000 image categories tell us?
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Basic evaluation setup

- IMAGE

— 10,000 categories
— 9 million images
— 50%-50% train test split

* Multi-class classification in 1-vs-all framework
— GIST+NN: filter banks; nearest neighbor (Oliva & Torralba, 2001)
— BOW+NN: SIFT, 1000 codewords, BOW; nearest neighbor
— BOW+SVM: SIFT, 1000 codewords, BOW; linear SVM

— SPM+SVM: SIFT, 1000 codewords, Spatial Pyramid; intersection kernel SVM
(Lazebnik et al. 2006)

Deng, Berg, Li, & Fei-Fei, ECCV2010



Computation issues first

* BOW+SVM
— Train one 1-vs-all with LIBLINEAR > 1 CPU hour
— 10,000 categories = 1 CPU year

* SPM + SVM

— Maji & Berg 2009, LIBLINEAR with piece-wise linear
encoding

— Memory bottleneck. Modification required.
— 10,000 categories = 6 CPU year

e Parallelized on a cluster
— Weeks for a single run of experiments

Deng, Berg, Li, & Fei-Fei, ECCV2010



Size matters

6.4% for 10K categories

Better than we expected
(instead of dropping at the rate
of 10x; it’s roughly at about 2x)

An ordering switch between
SVM and NN methods when the
# of categories becomes large

Accuracy (%)

—— SPM+SVM

BOW+SVM
| ——BOW+NN |
——GIST+NN

200 1000 Tk10k
# of Categories ( log spacing )

Deng, Berg, Li, & Fei-Fei, ECCV2010




Density matters

* Datasets have very different “density” or “sparsity”

F gu5134

Ungulate183
Muntjac

Skidder Streamroller

- F - ameuoo
. 7 1 El 1 Il l.
Baseball glove Mean dustance Skyscraper

Deng, Berg, Li, & Fei-Fei, ECCV2010



Density matters

» Datasets have very different “density” or “sparsity”

* there is a significant difference in difficulty between different datasets,
independent of feature and classifier choice.

40 ' : ' ' ' ! !
Bl SPM+SVM 5 5 0.
[ IBOW+SVM 30 RSN FOUUP ST
30 [ /BOW+NN -
< |[IMGIST+NN > ) 5
= o0l '
220 S 20 | % Fungus134
3 g + [*+ Ungulate183
<l e 1 <10l * | ®Vehicle262
~ |©CalNet200
9 - Rand200{abc}
0 i T
ush 3\ (e\83 \e’l 000 3200 0 5 10
fund \“\9“3 NN TN R Sparsity
Dense ¢ Sparse  Dense ¢ Sparse

Deng, Berg, Li, & Fei-Fei, ECCV2010



Hierarchy
matters

* Classifying a “dog” as “cat” is probably not as bad as classifying it as
“microwave”

* Asimple way to incorporate classification cost
O i=j, or i is a descendent of j
(;[ mﬁ is the height of the lowest common ancestor in WordNet

Query Prediction Prediction
flat cost hierarchical cost
- : _

Iceberg (17 Cruise ship (4

Shipwreck

Deng, Berg, Li, & Fei-Fei, ECCV2010



Hierarchy
matters

* Classifying a “dog” as “cat” is probably not as bad as classifying it as
“microwave”

* Asimple way to incorporate hierarchical classification cost
=j, oriis a descendent of j
q my is the height of the lowest common ancestor in WordNet

Query Prediction Prediction Query Prediction Prediction
ﬂat cost hierarchical cost flat cost hierarchical cost
- -
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Pug-dog Mohair (16) Puppy (5)
Deng, Berg, Li, & Fei-Fei, ECCV2010
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Hierarchy
matters

* Classifying a “dog” as “cat” is probably not as bad as classifying it as

“microwave”

* Asimple way to incorporate hierarchical classification cost

i=j, oriis a descendent of j

h is the height of the lowest common ancestor in WordNet

11! B Flat
I Hierarchical

Hierarchical cost

cost ft*r) — arg min;—

ot SV oW+ SV oW NN

- s
ek 251 Cagpi ()

velg, Berg, Li, & Fei-Fei, ECCV2010




Image Labeling

Input Output

Traditional Method: learn the local appearance for each
category, smooth with a MRF/CRF model



Naive Label Transfer

Vote the best label using the labels of the nearest neighbors

Input image Ground truth neighbors
5 *?‘ W

RBM predicted labels (47%)
sky

s Car o = II

road

[Torralba, CVPR0O9]



Dense Correspondence

Find better correspondence
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Adapted slides of Liu Warped annotation User annotation



Label transfer system overview

RGB SIFT

SIFT flow Annotation B sky

- unlabeled



Label transfer system overview
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Scene parsing results (1)
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Scene parsing results (2)
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Comparison with the parametric model
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(d) Label transfer (optical flow)
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Conclusion

* Image Dataset is getting larger (tens of millions)

* Memory usage is essential for storing large scale dataset

e Non-parametric models are effective and popular for large
dataset

e Hierarchical structure of the object categories can be
effectively utilized



Discussion

How many images do we need?

What about the quality of the data
e [Torralba and Efros, CVPR11]

Is nearest neighbor really the best?

New research problem
* How to do learning with the large scale dataset?
* Fine-grained object categorization

Other interesting things with large dataset?



Thank you



