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 Russell A. Kirsch (1929) led a team of colleagues in creating America’s first
internally programmable computer, the Standards Eastern Automatic Computer

(SEAC), capable of scanning digital images in 1957.

« SEAC produced a photograph of Kirsch’s three month old son in a mere 176
pixels, measuring 5x5cm. Because of this breakthrough, satellite imaging, CAT
scans, bar codes, and desktop publishing were made possible.

« http://en.wikipedia.org/wiki/Russell A. Kirsch
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http://www.flickr.com/photos/eon60/6000000000/




The Growth of Flickr

The Growth of Flickr (www.kullin.net)
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« http://www.kullin.net/2011/08/flickr-reaches-6-billion-photos/



Statistics Voting Breakdown (your vote is highlighted in red)

Place: 1 out of 83 101
Avg (all users): 7.3200 2 I 0
Avg [commenters): 2.2000
Avg [participants): §.9020 el N
Avg (non-participants): 7.5354 4 - 2
Views since voting: 2765 5 _ 10
Views during voting: 330
Votes: 150 6 I,
Solielhs e 7 I, -2
Favorties: 13 (view) 2 I
o I, 17
10 I 16

http://www.dpchallenge.com/image.php?IMAGE_ID=997702
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http://www.image-net.org/challenges/LSVRC/2011/pascal_ilsvrc_2011.pptx
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1. brown bear

2. otter

3. hippopotamus
4. raccoon

5. deerhound

%8 1. neck brace
‘ H 2. bullet train
~ 3. potter's wheel =

4. seat belt -
5. barbell

1. volleyball

| 2. bittern

| 3. shower curtain

1. mountain bike
2. hartebeest

3. yurt

4. bighorn

5. coho

1. toilet seat
mask 2. scanner
' ski mask 3. hard disc
r ' 4. scale
. Jack-o'-lantern 5. backpack

. jellyfish
. teddy bear

. baseball player

. racket, racquet
. solar dish

. trimaran

. paddle
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- FREMDAEISE, Specific Object Recognition
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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

I(W;D)>1(W,R)

The data processing theorem states that data

processing can only destroy information.

10
David J.C. MacKay. Information Theory, Inference, and Learning Algorithms. Cambridge University Press 2003.
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- = S. Vijayanarasimhan and K. Grauman. Large-Scale
& -:E# Live Active Learning: Training Object Detectors with

Crawled Data and Crowds. In CVPR, 2011.
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I(Mean shift) <::|
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- S. Vijayanarasimhan and K. Grauman. Large-Scale Live Active Learning:
‘_ -=§ Training Object Detectors with Crawled Data and Crowds. In CVPR, 2011.
— Ny ~ = R T —
e T AT DOEHER ﬂwwmml—aa&m%x\z
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— T TV HOG

: No deformation
deformation
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. Sparse code
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. root parts , deformations local features, _
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— & : jumping window
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B EBRL[E ChashfElcixb £ D19 5.
hav(0(0;), $(O;)), if z is a database vector,
h"H (Z} = :

hauw(a.b) = [sign(u’a).sign(v!b)].

frg 0 (W, —w), if z is a query hyperplane,
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7 J)Ea1—F (Attribute)

o MMAAH T IVETHEINS ABED BRI BT

o 7 hUEZI—bDFEITBEICTDIIER  §hers s oo ok camen
'I . _ﬂfxbz& L/ < Liﬁll\ghﬁ L\#/”ZISO)EEI\L’_B and Their Attributes. CVPR, 2011.
2. Zero-shotz®:, XEst%, e FH

3. ¥MxsR =B S ER R

unary

generic stripes
Figure 1. Examples of different kinds of attributes. On the left we show fwo simple atiributes, whose charac-

teristic properties are captured by individual image segments (appearance for red, shape for round). On the
right we show more complex attributes, whose basic element is a pair of segments.

V. Ferrari and A. Zisserman. Learning visual attributes. In NIPS, 2007. 19



ICCV2011 program at glance

ICCV2011 at a glance

Nov. 7, Nov. 10, Nav. 11, Mov. 12,
Manday Thursday Friday Saturday
08:00 DE:00 DBO0 08:00
Registration = Reglstration = Reglstration | Reglstration
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o o . 10:50-12:30 Session 3-2 £ ey
C|aSSIfIC8tIOn Session 11 | SeS80022 | o ewic | O e
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! Recognition Vid Tmchhq
? 12:45-14:10 12:45-14:1 12:45-14:10
. = s g :"5 = 09:00-19:00 | 09:00-13:00
_;‘-"'"HM“ WA0-1535 | 14:10-1535
ession 1-2 Session 33 ption 43
Statistical e ;
Mathods and | Urctacstin Pr 5
| 15251555 | 1545-15:55 | 15:35-1585 | 15351555
Coffee Break Coffee Break Coflee Break Cofee Break
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 Sagnik Dhar Vicente Ordonez Tamara L Berg. High
Level Describable Attributes for Predicting
Aesthetics and Interestingness. CVPR, 2011.

Data Low level features

—>| Cernter surreund oplor histogram |
>/ Colorspatial distribution map | —..[
fl i:kr —?'| Multi-scale contrast map | —F

—>| Center surround wavelet energy l—
E > ROYGEIV Color pair histogram |———
el
| &

— |

—>-| Haar features

—>-| Skey color histogram

|

—>| Spatial Pyramid of chape features ||

Ke et al. Low level features
=== =Color -Contast -Brightness
Hue  -Bur - Distributon of edpes (Simiplicity)

}_

High level attribute Interestingness
classification

Cormpositional attributes
Zalient objects

Rule of thinds —
Low depth of fiesldd
Dpposing colors

Content attributes
Faces

Portraits

Presence of Animals
Imcooe O bl caoar

15 Scene bypes

Shy il arminati on attrib-utes
Clear sky

vy sy

Sunset sky

21



— S. Dhar, V. Ordonez, and T. L Berg. High
T — 9 t \‘/ b Level Describable Attributes for
Predicting Aesthetics and

Interestingness. CVPR, 2011.
% (Aesthetics)

— DPChallenge website
— http://www.dpchallenge.com/

— AFIC K Bratingdr V)

« %77 (Interestingness)
— Flickr's “interestingness” measure
— http://www.flickr.com/explore/interesting/

— There are lots of elements that make somez‘h/'nhg
interesting ' (or not) on Flickr. Where the clickthroughs are
coming from,; who comments on it and when; who marks
it as a favorite; its tags and many more things which are
constantly changin fq Interestingness changes over time,
as gpie and more fantastic content and stories are added
to Flickr.

— http://www.barcinski- . .
jeanjean.com/entries/endlessintrestingness/




o o S. Dhar, V. Ordonez, and T. L Berg. High
;%ﬁﬁt% (I nte restl n ness) Level Describable Attributes for
m b= Predicting Aesthetics and
Interestingness. CVPR, 2011.

23
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 Matthijs Douze, Arnau Ramisa, and Cordelia Schmid.
Combining attributes and Fisher vectors for efficient
image retrieval. CVPR, 2011.

A . compressed
:luﬂ Pyramid levels Kernels descriptor
. L2 —— x* QN attributes
guantization L1 = x?
T L0 xz average attribute
scores
» Self-similarity x2 i PQ
L2 j': xg normalization,
. - SVM H- dimension A
full tati L1 :I g e
orfentaton é /f” f L reduction
LO 2 | =
Ll HOG / X A
half orientation é L1 x? EieS{I:‘tirr
LO / X / .
P / normalizations
= GIST /’y % & PCA

bag-of-features
= local descriptors <
Fisher descriptor

Figure 1. Computation of the attribute + Fisher descriptors for an image. Steps represented in gray require a learning stage.

26592 %
L. Torresani, M. Summer, and A. Fitzgibbon. Efficient object

category recognition using classemes. In ECCV, 2010. 2




i F% M. Douze, A. Ramisa, and C. Schmid.
m ‘n Combining attributes and Fisher vectors

for efficient image retrieval. CVPR, 2011.

query

F results

A results

A<+F results

Figure 3. Comparison of the retrieval results obtained with the Flshcr vcctor the attribute ﬁ:arures and their combination. The top row
shows the query image, the remaining rows the first three retrieved images for the different descriptors.

0= R T T

Descriptor dimension mAP 85 g e

BOF k=1000 [6] 1000 41.1 60 Pl - '

Fisher k=64 [17] 4096 =~ 60 o | * X

Fisher k=4096 [17] 262144 70.5 8 . & o ¥

VLAD k=64 [8] 8192 526 % [ )

Fisher (F), k=64, L2 dist. 4096 595 * p

. . 40 * ’,'

Attributes (z?;), L2 dist. 2659 55.0 A4F, liutes redoed i PCA

A + F, F-weight x1 6755 645 35 +F. attributes selected randomlt %

A +F F-weight x2 6755  69.5 g0l i ., DesuCVPRIOL &

A+E F_WEigh L x2.3 6755 69.9 *° compres‘;:d descriptor sizez(fk’)i'tes) o
Tﬂl::le L. Compari:sﬁn of the different descriptors and their combi- Figure 5. Performance of the A+F descriptor after dimension re-
nation on the Holidays dataset. duction and descriptor encoding on the Holidays dataset. The 25

Fisher vectors are always reduced with PCA.



ICCV2011 best paper

(O K WIFSKERTZD,
(@)K W IFREE Tz L

(K VIFAIID T
LA, (A)IFEBAE
BRI

(d) Natural

« D.Parikh and K. Grauman. Relative Attributes. In ICCV, 2011.

(e)? (f) Manmade

TRUE1—FZBILT, Z0OBE & BN EIEE
2R, FRESELT
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Relative Attributes 57y
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Tinylmages

« A Torralba, R. Fergus, W.T. Freeman. 80 million tiny ima
and scene recognition. IEEE Transactions on Pattern A
1958-1970, 2008.

-  8000FMDEIRT—Z1 v k

. D Eaeek A BE

F— 8Kk

ae _q!' “

BlCONIERIAEEDH Tt

—

z Gray scale

input

]

H (¢

Gray level
32x32 siblings

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, 20d & 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.

Avage
colorization
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s and Machine Intelligence, vol.30(11), pp.
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ARISTA

Xin-Jing Wang, Lei Zhan
Annotation on Billions of Web

«  20BMWDEIRT

—R2y bEFA LB
« Near duplicated imageD;ER. FEDZME Cadam A BE.

, Ming Liu, Yi Li, Wei-Ying Ma. ARISTA - Image Search to
hotos. In'CVPR, 2010.

| prison break

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

sarah callies
sara tancredi|

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

4 looking

prison break - dr sara tancredi 1s not dead M

you knew that. right?dr sara tancredi ...

(339 dups)

dr. sara comes back to prison break?

aeon
concept phone|
mobile phone
cell phone
touch screen
nokia phone
mobile nokia
(1888 dups)

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

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

nokia aeon - future mobile phone

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

costa rica

this is a picture of male golden toads
congregating for breeding...

golden toad
climate

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

amphibian

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

(18 dups)

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

sydney opera
house

4, australia
“ ( 19 dupg)

enjoying the wet season in australia sydney...

150975_sydney_opera_house next ...

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

kirsty and trudy drink wine  sydney opera
house ...

Figure 1. Examples showing that surrounding texts of near-duplicates have commmon terms which hit the semantics of a query image.
The tags nside the image blocks are our annotation outputs. The common 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 ll].llSiCj

michael jackson, cd dvd., enter-

michael jackson,

rock pop tainment music,
pop rock
apple ipod, apple ipod,
mp3 playver, |\mp3 player, w1 fi,
ipod touch iphone, media player,

wi fi, touch screen,
touch screen mobile phone

(no results)

24M SOM 2B 2.4M SOM 2B
prison break, e o— house, paint, wanta-
t00s,

house paint,

house painting,
color P &

hardwood floor,
interior design

linu, /oge

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

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

(no results)

bald eagle, haliaee-

tus leucocephalus,

endangered species,
fish wildlife,

eagle flight

(no results)

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

Y BT W TG A WY
4% fEn Txr PE B W AT
#7 PR 5] A0 A% -\ R Vike

mammal — - placental —— carnivore canine —uworklngdog —~ husky

I"EB =
7Re

—  watercraft — salllngvessel ——  sailboat ——  trimaran

Figure I: 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 3



Visual Synset

o WebRT—IVOEKRY /T—>3>

— D.Tsai, Y.Jing, Y. Liu, H. Rowley, S. loffe, and

J. M.Rehg. Large-Scale Image Annotation
using Visual Synset. In ICCV, 2011.

— 1EROER, 305D — 7S

— http://cpl.cc.gatech.edu/projects/VisualSyn  appee 10 itouch 10 sevejobs 0.5

Set green apple 0.8 ipod touch 0.8 iphone 0.25
=== Fruit 0.3 ipod 0.75 mac 0.25
Fuji 0.14 apple 0.3 mac pro 0.1
Pink Lady 0.05 Iphone 3g 0.15 antennagate 0.05
-7 T ) N .
e 7JIVOUXLA

QN TE b EA TE LTI
I ENTOBD ?

1) BEEDISAZY Y 70 b2 A T\DEH

—o0,if L(c¢;) # ¢; but 3k . L(xg) = ¢;
0 otherwise.

F(C€) = Slri L(x:)) + > 8i(C) a,,;w):{

2) Visual Synsetlc ZNJLDFE

TF@,_? — > ne IDF; = l091-|-|{.5‘:l3-€.5‘}| SZ’J = TFij « [DF;
3) Visual Synseti#Bl/i% % 1852

1-vs-all linear SVM

4) BEICLDEGT )/ T— 3 BUETZEATEETT synsetidS ALY b

1-vs-all SVM Tl X351 H - 2
S e | L= I(wiox+b;>T) ) Ky 53
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EFFE LT ?

— BTSN TS A

1) Input Image 2) Detection 3) Description

p(d;0)

l"i/d » i , D x=/(0)
a

4) Local descriptors in feature space 5) PDF estimation 6) Feature vector 3°




EII1§§£E A dm Local descriptors in feature space
d, d, T |-

N\ s M
d o:o [ o,/
N\:. 0... °
d; .ekds
Descriptor matching Codebook Global feature
S
...’. ..

# of anchor points: small

# of anchor points: large
Computational complexity: small

Computational complexity: large

SVM-KNN Bag of Visual Words HLAC
Naive Bayes Nearest Neighbor Gaussian Mixture Model GLC
Graph Matching Kernel SCSPM, Super Vector, LLC Global Gaussian
Fisher Vector
36
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Descriptor matching: SVM-KNN

H. Zhang, A. C. Berg, M. Maire, and J. Malik.
SVM-KNN: Discriminative Nearest Neighbor
Classification for Visual Category Recognition.

In CVPR, 2006.

e Nalve version

E%%?X%71U:ﬁ5
PR E@Q e EE Bt
—- 2 CRALCT7ZATHEITNIL,
k N—(t Z\JI/T‘_F@J%'VIE}?JZ DAMIL — Ip) 1 Z mm |\FL — FRHz
L, kernel SVM®D 7|1 % L lr)=200, mi
*ﬁﬁk@‘% DALy, In) = DIy — In) + D*(In — 1)
— 1BHL L fekernel SYMTo T 55
) % snl 9 5. = ,f/ L

38



Naive Bayes Nearest Neighbor

e (.Boiman, E. Shechtman, and M. Irani. In Defense of Nearest-
Neighbor Based Image Classification. In CVPR, 2008.

T. Tuytelaars, M. Fritz, K. Saenko, and T.
Darrell. The NBNN kernel. In ICCV, 2011.

o« FEEICEMICHEMRE i R .
BN TLBH, .
—_ o E'f%_: 7?1 .. o® .. ...
o BR-V T ATEEERZENA ke 000 =3 & 7%
Cee o
[0 Features from image i = |mage-to-class distances

e« 7ZJVdU XL
— I ERHL S BFfschF=ET8

B Features from image j — Image-to-image distances
@ Features from other images of same class

_ S TUERDEBFREAFICELT, ¥ ARDLRFHLRT
DECEREDEDERT

NN¢(d;)

- VTYBEBRDOEBRERFE T S ANDRREREDI—Y
)y REEEDRIZTEL, DB REEVNISRICI T
DEREE Y HCB.

C' =argmine .7, || di — NNe(dy) |2 59



NBNN Kernel

 T.Tuytelaars, M. Fritz, K. Saenko, and T.
Darrell. The NBNN kernel. In ICCV, 2011.

Algorithm 2: the NBNN kernel

1. Compute a set of features X = {x}.

2. VxVe Compute the NN of x in e: NN“(x),

and its distance-to-class d< = ||x — NN¢(x)||?.

Ve (X)) =3 oy fldL, .. dh,

4. d(X) = [PN(X)... Il X)),

5. Repeat steps 1-4 for a second set of features Y = {y}.
6. K(X.Y)=d(X)'d(Y).




Graph Matching Kernel

‘111111 =
=St o
- fﬂp o

-..-.:'-.."‘"-"' ‘

m

O. Duchenne, A. Joulin and J. Ponce AGraph Matching Kernel for Object
Categorization. ICCV, 2011.
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Bag Of Visual WordS? I:Jlili)eg% cvpr07 tutorial
Visual words




s
10

Code words®D4FRY : clustering

Y4
o« NTMVEFLEFINSTOLX

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

o BFERRFITIESIFTHAK K BL o5
- £ BAASURFPRGB, Self Similarity TH KLY
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Kernel codebook

BT 2D TIFIE <, BEECIE CTeEMIITTET

« B FAE—DDIO— KT — KIC
DA— RFJ— FEEEDITA.

« Jan C.van Gemert, Jan-Mark Geusebroek, Cor J. Veenman, and Arnold W.M. Smeulders.
Kernel Codebooks for Scene Categorization. ECCV, 2008.

Bag of Visual Words

d, ||

Kernel codebook

Wl WZ W3 W,
d, []
W w, w; w 4
d, []
Wi W, w; w,
d, []
Wi W, w; w,
G BoW — Z Bow

Wy

W,

W,

W

= d,

W,

W,

Ws w,

B — A

Wa w,

=l m g

Wy

Wy

W,

_=._D_=_D_d

W,

1 N
f =—> 1 (x
ke N; kc( 1)

Wa w,

4
W3 w,

9

N.ln

W

W,

Wa w,
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BoFd)GMMﬂFﬁh.J:%E5ZE

Local descriptors . N
IM3ge i1y feature space PDF estimation f= % Z[%(U: (K] e RY
« X1)w b
—- BNV ADTHZEBRT 2RI ADTHOLZTNTNEDEZHF
Dfcd, HnEizZER LICHEEEZFATES
_RAHY AN CRBIEME S DO~ F7— REOBERE
FKINTEAHDT, FHZEREICHIT B EPR-OMEICRET 515
wETA—FTES
« TAUYE
-—Eéﬁ@x%ﬁ%ﬁ@&ﬁ&RELTNE%—Qﬁ%D
. B An#a - O(K(DA2/2 + D)), BoF : O(KD)
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~ ¢
1 ~n — A F. Perronnin and C. Dance. Fisher kernels on visual
vocabularies for image categorization. CVPR, 2007.

Generative approagp J Discriminative approach

7
Discriminative » C
ategor
classifier

\*/
Feature | cassifier
PDF estimation vector e.g., SVMs

Local descriptors
in feature space

Image

« EBAEHNVADHZRAWVWTERBEDHHETEICLK SBoF DUER
— 4%BETIV (generative model)

o EMETIVEHRING Y T O—FITEIGRIBE L YIRS NIFEDbONILHE
RIMEREDHEIC DD .

« Javv—7H—xJU (Fisher Kernel)
— HREY77 70O—F (generative approach) &FRIHY” 7O —F (discriminative
approach) Z#EETH 558G EFIHERDMODZEMICEY)ZERTEZEOAS
— HEXRDHDIZIZEMIE, Fisher (BRITIZFTEE T 5 —< >/ ZEH]
- Fl&
B ER T 5BEEREDHEHLSEHINSLENY MVDEFE
2. EBERIRTH—DODFHEHNY VDR
-7 4wy —~7 k)b (Fisher Vector)
3. BoNREEANT MUEBRIBNDIEEICATIT 5. 4

—
.
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EHOEEEANY VKRR
— BoF &ttﬁs*at,’(74 vy —HA—X)VEFBT S
A1)y MK, O— R TV oA ZAHRELC THNIZ
iy Ei@@%b\%ﬁi/\ﬁ ~NUHESNS.
« O—RTwoH A RX K BFFMORT : d
e« BOFDXXIT : K
o J 4y v —X7 KL Q2d+1)K-1

- FENT MIVORBT BHEROLZ LV cHEHEIR
~DEW—FIViEZH] 3L CER; J:b&ﬁf\%i?g
PRCDAC- A SO 3 7 il A QR S s AN Al =12
EHT T EDAIREL 5B X

N

BLEELER
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~ o —
v 0=~ bV
JA4Y/Y ’\7 ) D
- [EFTEEES .
- HoRWLHEFATERINT SEFMFHEOEEREEDH
Uuep
o WEILEDLEC
1
Gy = —Vglogue(X|0)
N
T—RICHROBEE T AR DICHERRERBRMD/I\NT A —2HMEETNEFEZXRIR
BEZBT— 2 A AREESZ/I\NTA—ZBIMKEZELIEFEDREDFHEANRY b UICE#:
NEEF BT 5585 ICISBYLGEHENNE | |
« Tavvy—IBHRITY
T
F@ — EX [Vg 10g UQ(X’G)VQ log 'U;Q(X‘B) ]

e Ja4vv—~7%7 NI (Fisher Vector)

G = F, '*Vylogue(x|0) €

-




BEHIVARHBICBITZE Ty —XNT IV

s MBEXRBEDHERENVANDHETS
- HEEITHIEN BT ERE

it #5851 %*Ef_’jﬁﬁ*f‘fffégg%‘%

BEFMSHOES
GMM®DBoF & 1 IE[E L
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Q [IX

ES5Lt  BoF&IFIZREI L
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19 BpdfDFHEDERD
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QRDFEAEZZE
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71 vy —158R1T5

e TJa4vy—IBHITY
Fop = Ex|Vglogug(X|0)Vy loguﬁ’(XW)T]

o« BEHNIVADHICBWVWCHELNICE CTcENE5 N5

- RE

- T4 vy —IEmIIEN AT
- HOEUTHIE A175

- BEFFE—F—

- —HROEIRD S™FS5ND BFRFEEIZ—E

AL (X|0)

aﬂ'k

OL(X|0)
&u‘é

HL(X|0)

d
aak

=
=
=

74wy v —BRITIOER

1 1
Tk m1

f Nﬂ'k
d p—
4 oy
2N 11
fog =
Lo (of)?
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T4 —~NYT MIVODERE

http://www.image-net.org/challenges/LSVRC/2010/ILSVRC2010_XRCE.pdf

Pascal VOC 2007
WESNE T 1w v—7T MUV EFE

SR ¢ SFESVM

PN L2 SP| SIFT Col S+C
- - - 47.9 34.2 45.9
v o oo- - 54.2 45.9 57.6
- v - 51.8 40.6 53.9
- - v 50.3 37.5 49.0
v v Vv 58.3 50.9 60.3
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GMM Supervectors

« W.M. Campbell and D. E. Sturim and D. A. Reynolds. Support vector machines using GMM
itéggrvectors for speaker verification. IEEE Signal Processing Letters, Vol.13, pp.308-311,

« LB LEEFRBE CHATN LR O.

p(x;0) = Z_WkN(x;/uk’zk)

5

> N,
Local d [ 7 uK
ocal descriptors
Image . e space GMM Means of components
~(U) N
T + (k) x.
SIREGREELN S 12/ — n, = i Z]\fly’( )%, —
Y IVIE DB E R r+> "y, (k)
EERICEEE S =/
B,
I
m) )= "
g

GMM supervectors 53



GMM Supervectors

W. M. Campbell and D. E. Sturim and D. A. Reynolds. Support vector machines using GMM supervectors
for speaker verification. IEEE Signal Processing Letters, Vol.13, pp.308-311, 2006.

GMM i + >y, (k)x,

supervectors

k
T+Zi1i17/i(k)
/T =0

TP WIEU) (chU))_llzl’ik

(U)
" - N
ZN ;c/ (0) (Z;{U)) 1lzzi:17/i(k)xi
b k_ N I S . . -

1 _ N
o 1 LW AE
l_N\[ Wi [

Q

N
Nw, = Z Vi (k)
i=1

GMM supervector & Fisher Vector

DFEFp D NEIFIEE—

Fisher Vector®
TR

g,u,i =

1

ngyi(k)(zk)_ (Xi _uk)

TRECVID 2011 TI&GMM supervectorD fEFF D&
OAVR—2Y EN\DEN) ST ZERbtEE ST ET

E—UDMEEZ EIT TN 2.

N. Inoue and K. Shinoda. A Fast MAP
Adaptation Technique for
GMMsupervector-based Video Semantic

54
Indexing. ACM Multimedia, 2011.
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« H.Jegou, M. Douze, C. Schmid, and P. Perez. Aggregating local
descriptors into a compact image representation. CVPR, 2010.

« 20bitlICEBRFRILCH, EDBoFEE>TcRR LA CREERE

SR STE| F51t
SIFT Product

quantization

B L 2l
SIFT iR
\\D@

Asymmetric Distance Computati505n



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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A—IN\—Y7 FIVFS1E
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.

« BoF WIEE AV A% AL cBoF DWREFE
— FHZERICBIT 2BAFHONMOXRRZES 7O A EBIRTEL.

¢ ZCZTCEHERARTZE[ICHSITEEMEEDMZEXRIET S, THSHE
FERRIZBERL fx) DFEBICDOWVTE X S.

o IERHZBEEN fix) R RIRAIRE R SLF L O 2R S.

= f(x) = w @)

’
L4
s
4
l’ rd
L4 ’ (=]
» [-]
”/ ,f [ = ] o o
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A=IN=7 FIVFS{EDEH

- BFfFEZE -7y 7 ZFR L GRR

K / K
z A~ Z%(k)%\ Yo = (1) 7 (KLY (k) =1

« [ Lipschitz derivative smooth — |
@) - f@) — V@) (@) < Sfje —a'|
‘:c:j_ - x /8 x |2
(@) = f(07) = V(") (@ )| < Slje — 7]
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[f@) =71+ V@) @@= v") - l{

« X—/)\—7 hIVEFE1E

T

fa)mw g wp 0 0We-wT,

N\ w = [L0. @]

Vi Eég



A—=IN\—~7 M IVEFS{LDERIR

e A—/\—

N7 MIVE

T =1t DA

—A—FT7—F&:3, y=[010]

(@) = |72 (k) (k) (@ —vr) "

-

v €V

IIZa

.

» o(z)=10,...,0,8 (x —v)7,0,.
\-_.,,_/ \_V_/ \_.v._/
d+1 din d—+1 dix d+1 dir

=1t & BoF

-

”
o f’f o
o o s f V4 © L%
e | e=—= o a - a®
- s -
N o *u - p— a ©
o
S et 2 . £ T P e
o o
e o a
1 2 3
L

Super-Vector Coding Bag of Visual Words "



A=IN\=ANJ FIVEFBIEET 1y v =7 MV

JdJA4 YW vy—N7 MU

GMM®BoF & (ZIZ[F L

Q [IX

omiy = L (03)% ]
B e :;L/]

aak (O'i)?’ g

e X—/\—7T MIUVFEFEAL

w%xmqu];fv:

BrfFExnEd—FT—F

BBl —%
S —

— X —/\—7 M VRFEALIE
T4y v—X7 MNUVDERESLEE
EFEEICETHAEREEFL

e« ) MEEEZTCVWELDT
T4y v —EIETEVE.




AN—ZAFB{LDEEE

e BoF
- BFEEOS—DOO—RT7—FRICEYHETE5NS

« BoFDGMMIC L BF&RIF
- BFSMA2TOI— FU— FEBRERD

e XIN—AFFE1L
_ BFSMAOHOO— KT — REBEGRERD

«  BFRCHIRAT S
- BREHOBROVHI— FT— FEBRERD

CE) A—FT—=FAEIUAF

BHHERIZD T EBRDE S
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'.oo e o o © ©

o o EXEIZE cEXEA . ExEZa

(a) BoF (b) GMM (c) Sparse Coding  (d) LCC
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 Bag of Visual Words
— N7 F/bg%ft (VQ)

IIllIl Z | x’ Vu,l||”
n=1 N

s.t. Card(u,) =1, |u,| = 1,u, = 0,Vn

N

o X/N\—RFF ?ﬂz (Sparse Coding)

111111 Z |z, — V||’

+ A|wn |

n—=1

~

s.t. [|opl] < 1,V
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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

THIT =%
B(d x D)

X(d x N)

Z(D x N)

Assume B is given.
Sparse coding:
z* = argmin, = |[x — Bz||* + )\Zle 4]

LCC: K.Yuet. al, NIPS 2009

z* = argmin, §[x — Bz|? + A2, [x — bi[?|:

/

65
Explicitly enforcing locality constraint
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— Locality-constrained Linear Coding (LLC)

— J.Wang, 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

-- givenXx, find its KNNs. error -- solve LMS fitting using only
the KNNs
b;.
b;,
b;,
@ Approximated solutions, but significant speedup b?:2

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

BPFTEAAEIAF (Local Linear Embedding, LLE) & &L T,
BRfMSHERSbi I — R T v I DFEBEHNAS R TELS. 66
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J. Yang, K. Yu, Y. Gong, and T. Huang. Linear spatial pyramid
matching using sparse coding for image classification. CVPR, 2009.

_BAET—Y
max pooling
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Generalized Local Correlation (GLC)

H. Nakayama, T. Harada, and Y. Kuniyoshi. Dense Sampling Low- GMM
Level Statistics of Local Features. In CIVR, 2009

« Single Gaussian

e GMM ° @

RERENHEL 6’@
GMM(Z/ N A — ’5’75%77 \ HAEIT ZN
SIDSEHAR0L T 5 . <
STREIRANDE

Single Gaussian
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Generalized Local Correlation (GLC)

H. Nakayama, T. Harada, and Y. Kuniyoshi. Dense Sampling Low-
Level Statistics of Local Features. In CIVR, 2009.

« GLCIIE

Table 2: Comparison of the performance in two
scene datasets and Caltech-101 (%). (*)approximate

value read from the graph.

S Ch HDMEREWIT S

Dataset GLC + PLDA Previous

L1 L2 L3 no SI with SI
OTs 88.8 90.5 [ 91.1})f 82.3 [19] 90.2 [19]
82.5 [3] 87.8 [3]
LSP15 80.0  83.2 | 84.1 | 72.7 [3] 83.7 [3]
74.8 [11] [81.4 [11
72.0° [1
67.7 [3]
Caltech-101 | 55.0 63.3 | 64.8 66.2 [20]
41.2 [11] |64.6 [11]

58.2 [7]

39.6 [8]

coast

highway

Figure 1: Sample images from the OT8 dataset.

bedroom kitchen

——

=l

suburb industrial

Figure 2: Additional seven classes in the LSP15
dataset.
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Global Gaussian (GG)

H. Nakayama, T. Harada, and Y. Kuniyoshi. Global Gaussian Approach for
Scene Categorization Using Information Geometry. In CVPR, 2010.

o FHEDEZELNTCGLCORRBILETIH ?
« GLCREIDEERESTEIL@EYID 7

Image 1 Local descriptor Feature Feature
vector vector

Local descriptor Image 2
space

ZRkE LD

Bt BERE ) . BEREEOES
I 5 B2ER

Manifold




Global Gaussian

H. Nakayama, T. Harada, and Y. Kuniyoshi. Global Gaussian Approach for
Scene Categorization Using Information Geometry. In CVPR, 2010.

o MERBESMEOHERTEZELKRE
o [FHRABEDEZLHSCLCHBARICHTL S

n FEAZZRIC B Bsingle Gaussian D3RI

Z n.€; + Z Nij€ij

1<i<d 1<i<j<d

T
(771? D | Tld} 7]11} A ?71de}7225 "'7]2(1} i | ?}dd)
~ ~ 2 ~ 9 = ~ ~
(Htla ooy fdy 211+ SRR 214+ i,

399 -l-ﬁ%:---gédd-i-ﬁﬁ)qn- /

GLCO i 7= B ~

dist(n(P),n(Q)) = tr(SpSy') +tr(SeXp') — 2d +

. i - Gauss7 R REID
tr ((EP + X5 ) (Hp — o) (P — Bo) ) symmetric KL-

divergence
_ K (P, Q) = exp(—a dist(n(P).n(Q))) i

GLCO R 75 ER st Fisher Information Matrix

Ka(P.Q) = n(P)' G (n,)n(Q) B ¢ = (G"(n.)"*n }

Linear-SVMICZ D F FFHA]




Global Gaussian (GG)

H. Nakayama, T. Harada, and Y. Kuniyoshi. Global Gaussian Approach for
Scene Categorization Using Information Geometry. In CVPR, 2010.

» EREFTh

Table 5. Performances of global Gaussian, BoK. and combined Table 6. Perfornjance comparison with previous work (%). For our
approach (%). L = 2 spatial pyramid is implemented. Kernel method, L = 2 $patial pyramid 1s implemented, and kernel PDA
PDA is used for classification. SURF descriptor is used for LSP15 1s used for classification. We use the SURF descriptor for LSP15
and Indoor67, and the SIFT descriptor for 8-sports.

REFEORXOT

and SIFT descriptor 1s used for 8-sports.

LSP15 8-sports Method \ LSP15 8-sports  Indoor67
GG (KL) 86.1+0.5 84.4+1.4 GG (KL-div.) 86.1+0.5 84.4+14 455+1.1
GG (ct-linear) 82.3+0.4 82.9+1.0 GG (ct-linear) | 85.3+0.5 83.4+0.7 449+£13
BoK200 81.1+£0.7 79.6+1.1 + BoK1000
BoK1000 82.5+0.7 81.5+1.7 Previous 85.2[30] 8427129] 25.0[23]
GG (ct-linear) + BoK200 | 85.0+0.5 83.2+0.9 84.1 [29] 73.4[14]
GG (ct-linear) + BoK1000 | 85.34+0.5 83.440.7 ﬂ 83.7 [6]

WIhDTF—2ty FMIEWTEHERFEZ LES 1R
15, HEBEWSTeNT A —2DH TEHREIEE
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« K. Chatfield, V. Lempitsky, A. Vedaldi and A. Zisserman. The devil is in the
details: an evaluation of recent feature encoding methods. BMVC, 2011.

Method mAP *—%" % & @ & Lo—T——!%% ‘iﬁ W

(a) FK Lin ss3 256 61.69 7897 6743 51.94 7092 30.79 72.18 7994 61.35 Fisher Vectorld

(b) SV Lin ss3 1024 58.16 7432 63.79 47.02 69.44 29.06 6646 7731 60.18 FERE OO,

()LLC  Lin ss2 25k 57.60 71.05 6285 4740 67.67 2521 6270 77.02 59.59
() LLC-F Lin ss2 25k 59.32 7410 6492 5148 6833 27.18 6289 7844 61.39
()VQ  Chi ss2 25k 56.07 70.00 5890 4286 66.75 2659 6227 7567 57.09
(HDLLC  Lin ss3 25k 57.27 7135 6265 46.12 6898 2604 6392 7698 59.71
(LLC  Sqr ss3 25k 5671 7124 6175 4273 6821 2585 6233 7640 59.31 .
(hLLC  Chi ss3 25k 57.66 7241 62.19 4730 6891 2578 6395 7727 59.83 [—%1t v i]
()LLC-F  Lin ss3 25k 59.74 7417 6539 51.15 69.69 2867 6440 7848 63.00

() VQ Chi ss3 25k 5530 7010 5924 4414 6634 2679 6088 7562 5542 [REUCHCINICI@PI
(k) KCB  Chi ss3 25k 56.26 70.83 60.60 4450 6652 27.02 62.07 7629 57.61

()LLC  Lin ss5 25k 56.96 69.82 61.63 4671 6827 2566 6378 7632 59.83 ——
(m)LLC-F Lin ss5 25k 5870 7344 6290 5022 67.90 27.85 6435 7791 6244 (Lees LBz
(MVQ  Chi ss5 25k 53.87 6874 57.14 4124 6454 2520 61.12 7406 53.22 VQ: Bag of Words
()LLC  Lin ss3 14k 56.18 7071 5967 4481 6720 2603 6099 7625 5854 FK: Fisher Vector
(MVQ  Chi ss3 14k 54.82 69.09 5861 4127 6630 2649 6146 7542 55.77 SV: Super Vector
(QLLC  Lin ss3 10k 56.01 69.66 6044 4421 6778 24.66 61.84 7542 57.70 LLC: Locality-
1) VQ Chi ss3 10k 54.98 69.56 57.97 42.86 65.84 23.52 61.06 7589 55.55 , ,

: constrained Linear
()LLC  Lin ss3 4k 5379 6983 57.63 4204 6646 2244 5562 7277 56.98 i
(ODLLC  Sqr ss3 4k 5207 68.52 5462 40.14 6534 21.53 5189 71.54 55.19 Coding
(WLLC  Chi ss3 4k 5347 7017 5620 4273 6527 2223 5518 7278 5695 KCB: Kernel Codebook

(v) LLC-1 Lin ss3 4k 36.06 5339 4320 2247 46.32 11.40 2948 o64.66 4541
(W)LLC-F Lin ss3 4k 55.87 7227 61.41 4408 67.85 2497 5792 7540 59.44
(x) VQ Sqr ss3 4k 51.97 6729 5522 3658 6442 21.89 5631 7290 52.11
(y) VQ Chi ss3 4k 53.42 68.65 57.04 39.86 64.59 21.96 5879 73.89 53.77
(z) VQ Lin ss3 4k 46.54 60.63 48.80 3276 5854 16.26 5044 6842 4597
() KCB  Chi ss3 4k 54.60 69.82 59.20 4197 64.85 2390 59.02 7498 54.63 75
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Figure 2. Compression results on VOC 2007. Left: HK results as a function of the number of dimensions. Right: PQ results as a function
of the number b of bits per dimension and the group size & (without sparsity encoding). The baseline corresponds to the uncompressed
signature (262,144 dimensions). For a given compression factor, PQ performs much better than HK.
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