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Large-Scale Generic Image Recognition
and Image Representation



Flickr reached 5,000,000,000 photos on September 19, 2010.

http://blog.flickr.net/en/2010/09/19/5000000000/




The Growth of Flickr
» Over 5,000,000,000 photos

* 4,596 uploads in the last minute
e 134,362,183 geotagged items

The Growth of Flickr woww kullin. net)
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Facebook

http://twitter.com/randizuckerberg/status/22187407218577408#
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People celebrated New Year's on
Facebook by uploading a record number
of photos -- 750 million over NYE
weekend alone!
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Thematic area # submitted % over submitted [# accepted (% over accepted (% acceptance in area
Object and Scene Recognition 192 16.4% 66 20.3% 34.4%
Segmentation and Grouping 129 11.0% 28 8.6% 21.7%
Face, Gesture, Biometrics 125 10.6% 32 9.8% 25.6%
Motion and Tracking 119 10.1% 27 8.3% 22.7%
Statistical Models and Visual Learning (101 8.6% 30 9.2% 29.7%
Matching, Registration, Alignment 90 7.7% 21 6.5% 23.3%
Computational Imaging 74 6.3% 24 7.4% 32.4%
Multi-view Geometry 67 5.7% 24 7.4% 35.8%
Image Features 66 5.6% 17 5.2% 25.8%
Video and Event Characterization 62 5.3% 14 4.3% 22.6%
Shape Representation and Recognition 48 4.1% 19 5.8% 39.6%
Stereo 38 3.2% 4 1.2% 10.5%
Reflectance, Illumination, Color 37 3.2% 14 4.3% 37.8%
Medical Image Analysis 26 2.2% 5 1.5% 19.2%
Total 1174 325




CVPR2011D#is

Statistical Methods and Learning
Segmentation and Grouping

Object Recognition

Video Analysis and Event Recognition
Motion and Tracking

Stereo and Structure from Motion
Image and Video Retrieval

Object Datection

Face and Gesture Analysis
Computational Photography and Video
Applications of Computer Vision
Jdhape Representation and Matching
Optimization Methods

Medical Image Analysis

Image-Based Modeling

Shape-from-X

Scene Understanding

Video Surveillance

Early and Biologically-inspired Vision
Mumination and Reflectance Modeling
Color and Texture

Document Analysis

Vision for Robctics

Sensors

Human ldentification

Vision for Graphics

Performance Evaluation
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The data processing theorem

The state of
the world

The gathered The processed

data data

Markov chain
P(w,d,r) = P(w)P(d|w)P(r|d)
The average information

|(W;D)=1(W;R)

The data processing theorem states that data

processing can only destroy information.

7
David J.C. MacKay. Information Theory, Inference, and Learning Algorithms. Cambridge University Press 2003.
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Tinylmages

« A Torralba, R. Fergus, W.T. Freeman. 80 million tiny ima(_:fes: a large dataset for non-parametric object
?nggsc]egr}%r%% nition. [EEE Transactions on Pattern Analysis and Machine Intelligence, vol.30(11), pp.
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Fig. 1. 15 & 3™ columns: Eight 32 x 32 resolution color images. Despite
their low resolution, it is still possible to recognize most of the objects and
scenes. These are samples from a large dataset of 108 32 x 32 images we
collected from the web which spans all visual object classes. 20¢ & 4t
columns: Collages showing the 16 nearest neighbors within the dataset to each
image in the adjacent column. Note the consistency between the neighbors
and the query image. having related objects in similar spatial arrangements.
The power of the approach comes from the copious amount of data, rather
than sophisticated matching methods.
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prison break]

sarah wayne callies picture thread bild-quelle
edit by annika beitraege in einen...

sarah callies
sara tancredil

prison break is paging dr. sara. if you are one
of the many prison break fans...

prison break - dr sara tancredi is not dead
you knew that, right?dr sara tancredi ...

dr. sara comes back to prison break?

™

aeon
concept phone

nokia aeon was presented by nokia on their
website in the research development...

mobile phone
cell phone

nokia aeon concept phone (no ratings yet)
sexy 1s the word to describe it nokiais ...

touch screen
nokia phone

noKia aeon - future mobile phone

mobile nokia
(1888 dups)

nokia aeon concept phone nokia has
unveiled its latest concept unbelievable ...

costa rica
golden toad
climate
amphibian

(18 dups)

this 1s a picture of male golden toads
congregating for breeding...

is there a relationship between climate
variability & amphibian declines? golden toad

male golden toads at a breeding pool in
mdigenous to monteverde costa rica...

amphibian declines in the cloud forests of
costa rica ...

4. australia
“ ( 19 dupg)

sydney opera

enjoying the wet season in australia sydney...

house

150975 sydney opera house next ...

07/12. 1. tag in sydney > opera house ...

kirsty and trudy drink wine
house ...

sydney opera

Figure 1. Examples showing that surrounding texts of near-duplicates have common terms which hit the semantics of a query image.
The tags inside the image blocks are our annotation outputs. The commeon terms of each near-duplicate are highlighted in bold. Note that
the detected tags are very specific. This is in contrast to most existing works that tend to generate general terms like sky, city, etc.

(no results)

sarah callies,
sara tancredi,
looking

(no results)

michael jackson

sony lllllSiC,

michael jackson, cd dvd, enter-

michael jackson,

?ockpop fainment music,
pop rock
apple ipod, apple ipod,
mp3 plaver, |mp3 player, wi fi,
ipod touch iphone, media player,
wi 11, touch screen,

touch screen mobile phone

(no results)

house paint,
color

24M 80M 2B 24M 80M 2B
prison break, “— house, paint, wanta-
toos,

house paimnting,
hardwood floor,
interior design

linu, Jogo

server,
software, logo,
credit card
processing, op-
erating system

penguin,
open source,
virtual server, logo,
operating system

(no results)

(no results)

bald eagle, haliaee-

tus leucocephalus,

endangered species,
fish wildlife,

eagle flight

Figure 9. Annotation examples vs. dataset size. Bold-faced tags are peLfect terms labeled by human subjects and italic ones are correct
terms. Due to space limit, only the top five tags are shown. This figure suggests that larger dataset size ensures more accurate tags.
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ImageNet

ImageNet
— 12 millionimages, 15 thousand categories
— Image found via web searches for WordNet noun synsets
— Hand verified using Mechanical
— All new data for validation and testing this year
Word Net
Source of fraction of English nouns
— Also used tthe labels
— Semantic hierarchy
— Contains large o collect other datasets like tiny images (Torralba et al)

— Note that categorization is not the end goal, but should provide information for other tasks, so
idiosyncrasies of WordNet may be less critical
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mammal —— placental — - carnivore canine _,worklngdog — husky

B =25 ™ mm 4 BT
"‘ 4 C ol L ks
B

vehicle — craft — watercraft —— sailingvessel ——  sailboat —  trimaran

Figure 1: A snapshot of two root-to-leaf branches of ImageNet: the top row is from the mammal subtree; the bottom row is from the
vehicle subtree. For each synset, 9 randomly sampled images are presented.
Deng et al.,, CVPR2009 1,
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* ImageNet

— http://www.image-
net.org/challenges/LSVRC/2010/index
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french fries mashed potato black olive face powder crab apple Granny

Smith strawberry blueberry cranberry currant blackberry raspberry persimmon mul
berry orange kumquat lemon grapefruit plum fig pineapple banana jackfruit cher
ry grape custard

apple durian mango elderberry guava litchi pomegranate quince kidney

bean soy green pea chickpea chard lettuce cress spinach bell

pepper pimento jalapeno cherrytomato parsnip turnip mustard bok choy head
cabbage broccoli cauliflower brussels sprouts zucchini spaghetti squash acorn
sguash butternut squash cucumber artichoke asparagus green

onion shallot leek cardoon celery mushroom pumpkin cliff lunar

crater valley alp volcano promontory sandbar dune coral

reef lakeside seashore geyser bakery juniper

berry gourd acorn olive hip ear pumpkin seed sunflower seed coffee

bean rapeseed corn buckeye bean peanut walnut cashew chestnut hazelnut coco
nut pecan pistachio lentil pea peanut okra sunflower lesser celandine wood
anemone blue columbine delphinium nigella callalily sandwort pink baby’s

breath ice plant globe amaranth four o’clock Virginia spring beauty wallflower damask
violet candytuft Iceland poppy prickly poppy oriental poppy celandine blue

poppy Welsh poppy celandine poppy corydalis pearly everlasting strawflower yellow
chamomile dusty miller tansy daisy common marigold China

aster cornflower chrysanthemum mistflower %E&
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2011 Large Scale Visual Recognition Challenge!

* Data:

— Bounding boxes

— Not yet full parsing of images
* Task:

— Image categorization

— Object detection/localization

http://www.image-net.org/challenges/LSVRC/2010/pascal_ilsvrc.pdf



XRCE: Fisher Vector

Pipeline NEC: L, SV

Image representation

BIfRzRER

Local

Descriptors .A

Semi-local
feature ‘

Spatial
Pyramid ‘
4|_mage7

Feature ‘

NEC: HOG, LBP Linear
XRCE: SIFT, Color Classifier ‘

Category

Linear SVMs



Spatial Pyramid Representation

"o i IR Ul | [CNSEE S— S. Lazebnik, C. Schmid, and J. Ponce

b e
-

~ Semi-local feature (SLF)
R L1 ot A1
vl il H\u T O I P

Fig. 1.1. A schematic illustration of the spatial pyramid representation. A spatial
pyramid is a collection of orderless feature histograms computed over cells defined
by a multi-level recursive image decomposition. At level 0, the decomposition
consists of just a single cell, and the representation is equivalent to a standard bag
of features. At level 1, the image is subdivided into four quadrants, yielding four
feature histograms, and so on. Spatial pyramids can be matched using the pyramaid
kernel, which weights features at higher levels more highly, reflecting the fact that
higher levels localize the features more precisely (see Section 1.2).

e LevelO: Global feature&[8] C
e Levell: 2x2Dcelllic3E] L& cell CSLF%
e Level2: 4x4Dcelllc3E] L& cell CSLF%
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Variations of SPR

Level O Level 1 Level 2

(a) Spatial pyramid r
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Level O Level 1 Level 2

(b) Spatial pyramid representation in [ | 5]
Ry, @Rt

77 K
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o FER
T. Harada, Y. Ushiku, Y. Yamashita, and Y. Kuniyoshi.
Discriminative Spatial Pyramid. In CVPR, to appear, 2011.
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Bag Of Visual WordS? ilijeg% cvpr07 tutorial
Visual words




Code words®DERY : clustering

Y4
o« NTMVEFLEFINSTOLX

« —RRBYICk-meansic KBTS REZ) YT
~ P 2 X#21) % Vocabulary Tree

o BFERRFITIESIFTHAK K BL o5
— £ BAASURFPRGB, Self Similarity CH KLY
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F. Perronnin and C. Dance. Fisher kernels on visual
vocabularies for image categorization. CVPR, 2007.

n:l‘f‘l":m:n"\"‘:\ 1\ "\I"\V\V‘f\"\f‘L\
vioLliithiiativc adapypyliudatulli

Discriminative »
classifier CatEgory
Classifier
Local descriptors , i
Image P PDF estimation vector e.g., SVMs

in feature space

« EBENVADHZRAWVCHERBEDHETIC LK SHBoF DUER
— 4%BETIV (generative model)

o ERETIVESRING Y 7 O—FICBISRIRER & Y IR E N F AL NS
RIMEREDHEIC DTN .

e Ja4vv—7H—2JU (FisherKernel)
— HRMY77 7O—F (generative approach) &&AIRY77 70O—F (discriminative
approach) Z#EEEH SR E2EM

- FE
1. BFAREZERT AEXRBESMHOSELHINSAENY MVDFTE
2. EfERRTS—DODFENY MUVOFTE
-7 4w —~7% kI (Fisher Vector)
3. BonfcEEART MV EBBINDEKLICA T .
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Flsher Vector
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Gradient wrt var
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Fisher Vector
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e F.Perronnin, J. Sanchez, and T. Mensink. Improving the fisher

kernel for large-scale image classification. ECCV, 2010.
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http://www.image-net.org/challenges/LSVRC/2010/ILSVRC2010_XRCE.pdf

o /\NT—IF3E{t
— BEHOEMICHEWT 4 vy —XT MNUHBRIN—RICHES
— RIN=ARYT MUICHBIT B L20EB IS ERENED
- AH1 I A—XIVEEETEIX FHEW . B
_ BE2 1 RIS—RT LW f(z) = sign(z)|z|

K =256
Power Normalized

33




T4 vy —~ N7 FIVO

Laa 1/ .o __J_L_1l_._ ____/ic\/inr~r/anan/iicynin/n Ia N
nup.//www.limdge-neL.org/cnalienges/LovnlL/ ZUl1lU/ILOVRLZU LU _AR

e

nA1 \/

.pdf

(@)
m

Pascal VOC 2007
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« H.Jegou, M. Douze, C. Schmid, and P. Perez. Aggregating local
descriptors into a compact image representation. CVPR, 2010.
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H. Jegou, M. Douze, C. Schmid, and P. Perez. Aggregating local
descriptors into a compact image representation. CVPR, 2010.

 Vector of Locally Aggregated Descriptors
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Super-Vector Coding

o X.Zhou,K.Yu,T. Zhancfg, and T.S. Huang. Image classification using
super-vector coding of local image descriptors. ECCV, 2010.
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X.Zhou, K. Yu, T. Zhang, and T.S.
Huang. Image classification using

descriptors. ECCV, 2010.

d+1 dim. d+1 dim.
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Super-Vector Coding Bag of Visual Words

super-vector coding of local image
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AIN—XFF5{t (Sparse Coding)

« J.Yang, K. Yu, Y. Gong, and T. Huang. Linear spatial pyramid
matching using sparse coding for image classification. CVPR, 2009.
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 Bag of Visual Words
— N7 F/bg%ft (VQ)

e
111111 |z, — Vu,
D> d
s.t. Card(u,) =1, |u,| = 1,u, = 0,Vn

min Z | — V||| + M,

U,V
n=1 \

s.b. [Jog]] < 1,k

43



L11IER{ED1ZEY

AN

1) 4155

o X/N—XMDE]
REDIREGZ/ N\ —

FIEL Y R/N—XFEIEDEHETF

EBREEoN5.

=
==

« N NI
{bERE%

44



AN—AFE{EMES =Y F

. ”‘FEﬁ ZIvlk
gé NICRFRFEEE UD S —DDREANY ML
R

IIl

. /@;!if
« 7—1)27 (pooling) Z i

f= F‘% P 71‘3-/

V] e Local sparse
- EH5T7—-1)27 U/f" S ,/ coding

averaage nnnlmg

IIIIIIIIII

o0 ., °|, ol © .
X eeo ,° o |3 SIFT descriptor
—_ N E 1 un ©® %o o °°| 5 extraction

J. Yang, K. Yu, Y. Gong, and T. Huang. Linear spatial pyramid
matching using sparse coding for image classification. CVPR, 2009.
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« Y.-L. Boureau, F. Bach, Y. LeCun, and J. Ponce. Learning
mid-level features for recognition. CVPR, 2010.

Method

Caltech-101, 30 training examples

15 Scenes, 100 training examples

Average Pool

Max Pool

Average Pool

Max Pool

Hard quantization, linear kernel
Hard quantization, intersection kernel

51.4 £ 0.9 [256]

64.2 £ 1.0 [256] (1)

Results with basic features,

64.3 £ 0.9 [256]
64.3 £ 0.9 [256]

SIFT extracted each 8 pixels

73.9 £ 0.9 [1024]
80.8 =+ 0.4 [256] (1)

80.1 £ 0.6 [1024]
80.1 £ 0.6 [1024]

Soft quantization, linear kernel
Soft quantization, intersection kernel

57.9 £ 1.5[1024]

66.1 £ 1.2 [512] (2)

[
69.0 = 0.8 [256]
70.6 £1.0[1024]

75.6 0.5 [1024]
81.2 4 0.4 [1024] (2)

81.4 £+ 0.6 [1024]
83.0 £ 0.7 [1024]

Sparse codes, linear kernel
Sparse codes, intersection kernel

61.3 = 1.3 [1024]
70.3 = 1.3 [1024]

71.5 =1.1[1024] (3)
71.8 £1.0[1024](4)

76.9 = 0.6 [1024]
83.2 + 0.4 [1024]

83.1 £ 0.6 [1024] (3)
84.1 £ 0.5[1024] (4)

Hard quantization, linear kernel
Hard quantization, intersection kernel

55.6 = 1.6 [256]
68.8 £ 1.4 [512]

Results with macrofeature

70.9 = 1.0 [1024]
70.9 £1.0[1024]

74.0 + 0.5 [1024]
81.0 + 0.5 [1024

s and denser SIFT sampling

80.1 £ 0.5 [1024]
80.1 £ 0.5 [1024]

76.4 + 0.7 [1024

]

] 81.5 + 0.4 [1024]
81.8 + 0.4 [1024]

]

]

83.0 £ 0.4 [1024]
83.6 0.4 [1024]
84.3 + 0.5 [1024]

Soft quantization, linear kernel 61.6 = 1.6 [1024
Soft quantization, intersection kernel | 70.1 £ 1.3 [1024
Sparse codes, linear kernel 65.7 = 1.4 1024
Sparse codes, intersection kernel 73.7£1.3[1024

71.5 £ 1.0 [1024]
73.2 £ 1.0[1024]
75.1 = 0.9 [1024]
75.7 £1.1[1024]

78.2+0.7[1024
83.5 £ 0.4 [1024

—_— | —

Table 1. Average recognition rate on Caltech-101 and 15-Scenes benchmarks, for various combinations of coding, pooling, and classifier
types. The codebook size shown inside brackets is the one that gives the best results among 256, 512 and 1024. Linear and histogram
intersection kernels are identical when using hard quantization with max pooling (since taking the minimum or the product is the same for
binary vectors), but results have been included for both to preserve the symmetry of the table. Top: Results with the baseline SIFT sampling
density of 8 pixels and standard features. Bottom: Results with the set of parameters for SIFT sampling density and macrofeatures giving
the best performance for sparse coding.
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Local Coordinate Coding (LCC)

« K. Yu,T.Zhang,andY. Gong. Nonlinear learning using local
coordinate coding. NIPS, 2009.

http://www.image-net.org/challenges/LSVRC/2010/ILSVRC2010_NEC-UIUC.pdf

THET =
B(d x D)

X(d x N)

Z(D x N)

Assume B is given.
Sparse coding:
z* = argmin, |[x — Bz||* + )\Z?ﬂ ]

LCC: K.Yuet. al, NIPS 2009

z* = arg min, %HX — Bzl|]* + )\Zil |x — b, ||?|z)

/
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Explicitly enforcing locality constraint
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http //WWW image-net.o g/ challe nges /LSVRC/ZOlO/ILSVRCZOlO NEC-UIUC. pdf
e . .
/]:(X) ~ Z?Lzl 2 (X)w;

e.g. honlinear separating hyperplane

‘f(X) — ZZD:l <3 (X)f(bl)k— Functional approximation error

D ¢
< OéHlX - BZ(X)JH + ﬁ;izl Ix — b@-HZ\z@-(XN
1 v

Locality term

Coding error
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— Locality-constrained Linear Coding (LLC)

— J.Wangq, J. Yang, K. Yu, F. Lv, T. Huang, and Y. Gong. Locality-
constrained linear coding for image classification. CVPR, 2010.

Step 1: be local to the test pointx Step 2: small reconstruction

-- givenX, find its KNNs. error -- solve LMS fitting using only
the KNNs

@ Approximated solutions, but significant speedup

For a regular image (7k patches), with D=8192:
sparse coding needs ~10mins, (approximate) LCC needs only ~2s

http://www.image-net.org/challenges/LSVRC/2010/ILSVRC2010 NEC-UIUC.pdf
BPTEAAEIAF (Local Linear Embedding, LLE) & EEE LT,
BTG AREAAStE I — R T v VDEBEH AR TERES. 50
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Super-Vector Nakayama, T. Harada

N and Y. Kuniyoshi. Globa

COd”’]g 7Eétt y :Fi/;j Gaussian Approach for
F|Sher VeCtor Scene Categorization Using

Information Geometry. In
CVPR, 2010.

Sparse
Coding
GMM + Bag of

Visual Words %Fmt

Local Coordinate

Locality-constrained
Linear Coding o
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