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Attribute based Image Retrieval

“Young Asian woman wearing sunglasses”
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Attribute based Image Retrieval
“Young Asian woman wearing sunglasses”
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Attributes

Physical traits or characteristics of a person

Female
White
Young

Male
Asian
Middle-Aged




Attributes

Physical traits or characteristics of a person

Male Female
Asian White . .
Middle-Aged Young Object Properties

> ‘ Round

White
Black




Attributes

Physical traits or characteristics of a person

Male Female
Asian White .
Middle-Aged Young Object Properties

‘ Round

White
Black

Striped Striped
Four-legged Four-legged
Orange - | White
Black = | Black




Attribute based representation

Describing Images Face Verification Transfer Learning
Farhadi et al., CVPR 2009 Kumar et al., ICCV 2009 Lampert et al., CVPR 2009
General architecture Using attributes to perform verification
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Farhadi et al 09; cf Lampert et al 09

Object Recognition

Identifying Outliers
Yang and Mori, ECCV 2010
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Multi-Attribute Image Retrieval

Query Attributes ¥
Retrieval

“young Asian woman * /ﬂ —
wearing sunglasses” —_ I

Query

Number of possible queries is exponential

Existing Approaches
* Train independent classifiers for each attribute
* Sum up confidence scores



Multi-Attribute Image Retrieval

Query Attributes e 6 ‘
etrieva ¥ |

“young Asian woman
wearing sunglasses”

Query

“young Asian woman
wearing sunglasses”

Query




Multi-Attribute Image Retrieval

Query Attributes

“young Asian woman
wearing sunglasses”

Query

Model Correlations between Attributes
* Explicitly utilize information from non-query attributes



Multi-Attribute Image Retrieval

Joint Ranking and Retrieval Framework
* Retrieval: Set of images
* Ranking: Ordered set of images

Retrieval Ranking




Multi-Attribute Image Ranking/Retrieval

We are given:
g

* An attribute vocabulary
X ={x1,29,..., 0K}

* A set of training images

Hat
Y = {yl’ Y25 - ’yN} Sunglasses | |
* Multi-label annotation for each image Female
Asian
Young




Multi-Attribute Image Ranking/Retrieval

We are given:

* An attribute vocabulary w #id
~

X ={x1,29,..., 2K}

* A set of training images

Hat
Y = {yl’ Y25 - ’yN} Sunglasses
* Multi-label annotation for each image Female
Asian
Young

Our goal is:
* For a multi-label query Q ,where Q C X

* Rank/Retrieve relevant images
from a dataset Male
Hat




Retrieval: Reverse Learning

* Reverse Multi-label Learning, Petterson and Caetano, NIPS 2010
* Given a label ; suchthat r; €¢ A

* Predict the set of instances 3(C )/) that containing the label Z;



Retrieval: Conventional Learning

* Conventional Learning

ETH Aeroplane
i ﬁ Helicopter




Retrieval: Reverse Learning

e Given a label ; suchthat x; € X
* Predict the set of instances y((C )/) that containing the label z;

‘ Aeroplane

* Enables minimization of training loss based on a variety of metrics



Retrieval: Formulation

Given multi-attribute query O, output set of relevant images ¥

Learn W such that 4" = arg maj};{ qup(Q’ ZU)
yC



Retrieval: Formulation

Given multi-attribute query O, output set of relevant images ¥

Learn W such that 4" = arg maj};{ qup(Q’ y]
yC

where [w'¥(Q,y) = Y wiCu(zi,y)+ > Y whd,(z;,y)

T, €Q T, €Q .’]:'jE.)C'




Retrieval: Formulation

Given multi-attribute query O, retrieve set of relevant images ¥

Learn W such that 4" = arg maj};{ qup(Q’ ZU)
yC

where w’(Q|y) = D wia(ziy)+ > Y wh®y(z;,y)

xr; €Q r;€eQrjeX

Asian woman wearing Sunglasses




Retrieval: Formulation

Given multi-attribute query O, retrieve set of relevant images ¥

Learn W such that 4" = arg maj};{ qup(Q’ ZU)
yC

where leb(Qi)l — Z w?q)a(x’iay) + >: > : wqu)p(xja y)

T, €Q T, €Q .’]:'jE.)C'




Retrieval: Formulation

Given multi-attribute query O, retrieve set of relevant images ¥

Learn W such that 4" = arg maj};{ qup(Q’ ZU)
yC

where [w ¥ (Q,y)[= Y wiCa(zi,y)+ > Y whd,(z;,y)

T, €Q T, €Q .’]:'jE.)C'




Retrieval: Formulation

Given multi-attribute query O, retrieve set of relevant images ¥

Learn W such that 4" = arg maj};{ qup(Q’ ZU)
yC

where w zb Q, y Zwaq) ’aay)_l_ >: >: w?jq)p(%ay

xr; €Q T, €Q .’?Cje.)lf’

(I)a,(xi:y) — y: d)a(xi:yk‘) . of

YL <Y

Asian |woman wearing Sunglasses



Retrieval: Formulation

Given multi-attribute query O, retrieve set of relevant images ¥

Learn W such that 4" = arg maj};{ qup(Q’ ZU)
yC

where  w(Q,y) = Y wil®a(wi,y)+ > Y whP,(x;,y)

T, €Q T, €Q .’]:'jE.)C'

o (i, y) = Z Ga(Tis Yr)

YL <Y

Asian |woman wearing Sunglasses



Retrieval: Formulation

Given multi-attribute query O, retrieve set of relevant images ¥

Learn W such that 4" = arg maj};{ qup(Q’ ZU)
yC

where w ¥(Q,y) =| Y wiCu(zi,y)H > Y whid,(z;,y)

xr; €Q r;€eQrjeX

Asian + woman + wearing Sunglasses




Retrieval: Formulation

Given multi-attribute query O, retrieve set of relevant images ¥

Learn w such that y* = arg maj};{ qup(Q’ ZU)
yC

where w zb Q, y Z ’bUa(I) zay) -+ >: >: w%q)p(a:'jjy)

T, €Q T, €Q .’]:'jE.)C'

Asian . Blonde hair
Asian . Gray hair

Asian . Black hair




Retrieval: Formulation

Weights Learnt
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Asian

Bald
Bangs
Beard
Black
Black—-Hair
Blonde-Hair|
Brown-Hair
Eyeglasses
Goatee
Gray—-Hair
Hat
Indian
~ Kid
Lipstick
Long-Hair
Middle-Aged
Mustache
No-Beard
No-Eyewear
Senior

Sex
Short-Hair
Sunglasses
Visible-Forehead
White
Youth
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Retrieval: Training

Trainin
5 arg migl whw+ C >, &

Vot wT(Qu ) — w P (Qu ye) > AW, v — &




Retrieval: Training

Trainin
aining argmigl whw+ C >, &
Vot wT(Qu ) — w P (Qu ye) > AW, v — &
loss function 1 — % precision
Ay ,y)l=<¢ 1— yOy” recall

Y
1 — yNy™ +yNy™

3 hamming loss



Ranking

Given a query Q) , rank documents in order of relevance
e Output is an ordered set (permutation)



Ranking

Given a query Q) , rank documents in order of relevance
e Output is an ordered set (permutation)
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CVPR 2010: IEEE Conference on Computer Vision and Pattern Recognition
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Ranking

Given a query Q) , rank documents in order of relevance
e Output is an ordered set (permutation)

Large Scale Datasets
* Ranking more important than retrieval
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Ranking: Formulation

Given a multi-attribute query O, generate permutation of images =

Learn w such that 2 = arg Iéla&c)w T(Q, 2)

where 'wszz chb x“z—l—> > w

x; €Q ri€eQx;eX

and (i) (4, 2) ZA r(2k))Pa(Ti, 2k)

ZpEz

~

(I)P(xjv Z) — Z A(T(Z’f))cbp(xja Zk)

ZLEZ



Ranking: Formulation

Given a multi-attribute query O, generate permutation of images =

Learn w such that 2 = arg Iéla&c)w T(Q, 2)

where 'wszz chb x“z—l—> > w

x;€Q

and O, (x4, 2) =

A(r(zk)

ri€eQr;eX

éa(af:i: Zk)

A(r (Zk))|¢>p(93ja 2k)




Ranking: Training

Training arg migl whw+ C Zt &

V t wTl(Qy, 2f) — wl(Qy, 2) > A(2], z) — &



Ranking: Training

Training arg min

Ll w’w 4 Ci&
Vot sz/)(Qt,zf) — wTd)(Qt;Zt) >

loss function

A(z", 2)

— 1—NDCG;€(Z*) Z)

A(

Zt’Zt

)

_&



Ranking: Training

Training arg migl whw+ C Zt &

Vot wl(Qy, 2) — wleh(Qy, 2¢) > A(2F, 2) — &
loss function

A(z",z) = 1-NDCGg(z*, 2)

where




Ranking: Training

Training arg min

w,§

loss function

A(z",z) = 1-NDCGg(z*, 2)

where

1

k

7=1

orel(;) _ 4

log(1+ 7)

w'w + Ozt &t
V t wTl(Qy, 2f) — wl(Qy, 2) > A(2], z) — &
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Ranking: Training

Training arg migl whw+ C Zt &

Vot wl(Qy, 2) — wleh(Qy, 2¢) > A(2F, 2) — &
loss function

A(z",z) = 1-NDCGg(z*, 2)

where

1 Folorelt) _ 4

NDOG’“ZEZbg(lJrj)

j=1

Asian + woman + wearing Sunglasses




Ranking: Training

Training arg migl whw+ C Zt &

loss function

A(z",z) = 1-NDCGg(z*, 2)

where

1 k 21’61(]’) 1

NDOG’“ZEZbg(lJrj)

7=1

Asian + woman + wearing Sunglasses




Ranking: Training

Training arg migl whw+ C Zt &

V ot wl(Qy, 2)) —wli(Qy, z) > AzF, 2z) — &

loss function

A(z",z) = 1-NDCGg(z*, 2)

where

1 Folorelt) _ 4

NDOG’“:EZbg(lJrj)

j=1

Asian + woman + wearing Sunglasses




Ranking: Training

Training arg migl whw+ C Zt &

V ot wl(Qy, 2)) —wli(Qy, z) > AzF, 2z) — &

loss function

A(z",z) = 1-NDCGg(z*, 2)

where

b [orolrs
1 orel(s) _ 1

ND = —
CGL=72 log(1+J)

A

j=1

Asian + woman + wearing Sunglasses




Ranking: Training

Training arg migl whw+ C Zt &
V t wTl(Qy, 2f) — wl(Qy, 2) > A(2], z) — &

loss function

A(z",z) = 1-NDCGg(z*, 2) Strong Attributes
* Race

where * Age

L 21“61(;;) 1 * Gender

1
NDCG, = — : Weak Attributes
Z Z 10g(1 + j)  Hair Color

* Hair Style
* Facial Hair

Asian + woman + wearing Sunglasses * Eyewear

7=1




Ranking: Training

Training arg migl whw+ C Zt &

Vot wl(Qy, 2) — wleh(Qy, 2¢) > A(2F, 2) — &
loss function

A(z",z) = 1-NDCGg(z*, 2)

where

NDCG), = %Z




Ranking: Training

Training arg migl whw+ C Zt &

Vot wl(Qy, 2) — wleh(Qy, 2¢) > A(2F, 2) — &
loss function

A(z",z) = 1-NDCGg(z*, 2)

where




Multi-Attribute Ranking and Retrieval

Ranking and Retrieval Retrieval Ranking

Structured Formulation
* Optimize the same model according
to different performance measures




Labeled Faces in the Wild(LFW) Dataset

Labeled Faces in the Wild

Database by name, all

[A)[AIf)[Ang)[B)[Bin)[C)[Che)[Col)[D)[Daw)[Don)[E)[Eri)[F)[G)[Goe)[H)
[1)[3)[Jav)[Jes)[Joh)[Jos)[K)[Kim)[L)[Lil)[M)[Mark)[Mel)[Mik)[N)[O)[P)
[Per)[Q)IR)[Ric)[Rog)[S)[Sha)[Ste)[T)[Tim)[U)[V)[W)[X)[Y)[Z)

Menu
e LFW Home
¢ UMass Vision

) If
Raaf Schefter (1) Raag Singhal (1) Rachel Corrie (1) Rachel Griffiths Rachel Hunter (4)

723
\)

ﬁl & |
1 MAINE

Rachel Kempson Rachel Leigh Cook Rachel Roy (1) Rachel Rachel Wheatley
(1) (1) Wadsworth (1) (1)

Radovan Karadzic Raf Vallone (1) Rafael Bielsa (1) Rafael Ramirez (4) Rafael Vinoly (1)
(1)

Attribute Annotation
* 9992 images
e 27 attributes



LFW Dataset: Attributes

Race
* Asian
 Black
* White
* Indian

Hair Color
* Black Hair

* Blonde Hair
* Brown Hair
* Gray Hair

Facial Hair
* Mustache
* Beard

* Goatee

* No Beard

Age
* Kid
* Youth

* Middle-Aged " s

* Senior

Hairstyle

* Long Hair

* Short Hair
* Bangs

* Bald

Eyewear

* Sunglasses
* Eyeglasses

* No Eyewear

Other

* Hat

* Lipstick

* Visible Forehead




LFW Dataset: Feature Extraction

Features

Color Texture Skin Information Shape

* Color Histograms * Wavelet Texture < Skin Bitmap * Edge Histogram
* Color Correlograms < LBP Histogram * Skin Color * Shape Moments
* Color Moments * LBP PCA * Spatial Skin * SIFTogram

* Color Wavelet

Features: Spatial Configurations

Center Vertical
| Parts
) lobal V| [ ayout
Horizontal

Parts



LFW Dataset: Quantitative Results

0.8
—sbe— MARR(Our Approach)
DORM
0.75} ~WF— rankSVI

rankBoost
—ll— TagProp

¥
B
o]
0 :
a .
= .
' —b— MARR(Our Approach)| 036 R = | =& — MARR(Our Approach)
R DORM 034 DORM
0.551 —¥— rankSVM ’ —¥F— rankSVM
rank Boost 0.32 rankBoaost
0.5 . ; . . . 035 : B TagProp : —— TagPrap
o 20 40 G0 a0 100 -0 20 40 B0 B0 100 i} 20 40 &0 80 100
K K K
(a) Single Attribute Queries (b) Double Attribute Queries (c) Triple Attribute Queries

Ranking

» Baselines
* RankSVM (T. Joachims, KDD 2002)
* RankBoost (Y. Freund, I. lyer, R. Schapire, Y. Singer, JMLR 2003)
* DORM (Q. Li, A. Smola, NIPS workshop 2008)
* TagProp (M. Guillaumin, T. Mensink, J. Verbeek, C. Schmid, ICCV 2009)

» NDCG@K



NDCG @ K

LFW Dataset: Quantitative Results

o
o

0.55 . Sr :
—sbe— MARR(Our Approach) : :
DORM \ 048l :
0.75f —¥— rankSVM 5 Lo
rankBoost 0.5 : ’
—ll— TagProp ;
0.7F
¥
B
0.85 m 045
| i}
a)
z
0.6F .
—a— MARR(Our Approach) 036 AR ; —— MARR(Our Approach)
04 ...... h AT I DDRM 034- DDRM
0.55} : —WF— rankSVM ’ =W rankSVM
rank Boost 0.32 rankBoost
0.5 . ; . . . 035 : B TagProp _ —— TagPrap
0 20 40 G0 an 100 o 20 40 B0 B0 100 0 20 40 B0 80 100
K K K
(a) Single Attribute Queries (b) Double Attribute Queries (c) Triple Attribute Queries

Results
> rankBoost is the 2" best

» Performance gain
* Single Attribute Queries: 8.9% improvement in NDCG@10
* Double Attribute Queries: 7.7% improvement in NDCG@10
* Triple Attribute Queries: 8.8% improvement in NDCG@10



LFW Dataset Quantltatlve Results

I VARR (our approach)
I TagProp
RV

0.9

0.8

o 071

Single Attribute Double Attribute

o Queries Queries Queries
Retrieval
> Baselines

Triple Attribute

* Reverse Multi-Label Learning, (). Petterson and T. Caetano, NIPS 2010)
* TagProp, (M. Guillaumin, T. Mensink, J. Verbeek, C. Schmid, ICCV 2009)

» mean Area under ROC
» Performance gain

* ~5% w.r.t. RMLL

* ~7% w.r.t. TagProp



LFW Dataset: Analysis

Weights Learnt
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Asian
Bald
Bangs
Beard

Black
Black-Hair
Blonde-Hair

Brown—Hair
Eyeglasses
Goatee
Gray-Hair
Hat

Lipstick
Long—-Hair|
Middle—-Aged
Mustache
No-Beard
No-Eyewear
Senior

Sex
Short-Hair
Sunglasses
Visible-Forehead

White
Youth




LFW Dataset: Analysis

o

Mutually Exclusive Attribute-Pairs . . 3

: : T8 5 52028 580

* (White, Asian .. TLiB.E L FT8Es P34
§o2885E208 5. 8 3 o8n e (5PN LE
* (Eyeglasses, No\Eyewear) B nnmamo0L e 955228868552

. . Asian
* (Short-Hair, LongkHair) Bald m

Bangs
Beard
Black
BlachNgair
Blonde-Hz
Brown—Hair
Eyeglasses
Goatee
Gray-Hair
Hat

Lipstick
Ng—Hair
MiddIeNgged
Mustatheg
No-Beard
No-Eyewear
Senior
Sex
bort—Hair
Sungsses
Visible—=Forehyl
White
Youth



LFW Dataset: Analysis

Rarely Co-occurring Attribute-Pairs
* (Lipstick, Male)
* (Kid, Beard)

Visible-Forehead

Middle-Aged
White

Mustache
No-Eyewear
Senior

Sex
Sunglasses

Asian
Bald
Bangs
Beard
Black
Black—-Hair
Blonde-Hair
Brown-Hair
Eyeglasses
Goatee
Gray—Hair
Hat
Indian
Ciostick
ipstic
Long-Hair
No-Beard
Short=Hair
Youth

Lipstick
Long—-Hair|
Middle—-Aged
Mustache
No-Beard

Sunglasses
Visible-Forehead

White
Youth




LFW Dataset: Analysis

* (Gray-Hair, Senior)
* (Middle-aged, Eyeglasses)

Visible-Forehead

Long-Hair
White

Middle-Aged
Mustache
No-Eyewear
Senior

Sex
Sunglasses

Short-Hair

No-Beard

Lipstick
Youth

Eyeglasses
Goatee

g
Middle—-Aged
Mustache
No-Beard
No-Eyewear
Senior
Sex
Short-Hair
Sunglasses
Visible-Forehead
White
Youth




LFW Dataset: Analysis

p=]
Asymmetric weights sy .
5258 5 52002 §EO
* (Beard, Mustache) Tit8.f _ (Ficgs Tal
85538 SR O8E  Loso0aEs
* (Mustache, Beard) EEBOHO0T Lo 955228860552

Lipstick
Long—-Hair|
Middle-Aged

Sunglasses
Visible-Forehead

White
Youth




LFW Dataset: Qualitative Results

Short Hair
Lipstick
No Eyewear

Black
Goatee
Youth

Asian
Eyeglasses

rankBoost MARR rankaoost MARR |rankBoost MARR




LFW Dataset: Qualitative Results

Male
Youth

kBoost MARR

%

Male
Hat

Middle-
aged
Eyeglasses




FaceTracer Dataset

(Kumar et. al, ECCV 2008)

Attribute Annotation
* 3000 images
e 27 attributes



FaceTracer Dataset: Quantitative Results

0.5 045
=ade— MARR(Our Approach)
DORM
=W rank3SVIM 0.45

rankBoost

—— TagProp

0.75

0.7

0.65

o
®

NDCG @ K
=
[
o
NDCG @ K

<
&)

—e— MARR|Our Approach) —e— \ARR(Our Approach)

0.45 03 DORM 025 DORM
' —— rankSVi 9] —W— rankSVM
04 rankBoost rankBoost
#— TagProp —— TagFrop
l3'35!3 20 40 &0 a0 100 0'250 20 40 60 80 100 C'QD 20 40 60 a0 100
K K K
{a) Single Attribute Queries (b) Double Attribute Queries (c) Triple Attribute Queries

Results
> rankBoost is the 2" best

» Performance gain
* Single Attribute Queries: 5.0% improvement in NDCG@10
* Double Attribute Queries: 8.1% improvement in NDCG@10
* Triple Attribute Queries: 11.6% improvement in NDCG@10



Pascal Dataset

Visual Object Classes Challenge 2008 (VOC2008)

Dataset Statistics

» 12695 images (6340 train, 6355 test)

> 20 classes
* Airplane, bicycle, bus, horse, person, ...

» 64 Attributes and Parts
 Attributes: 2D Boxy, Round, Vertical Cylinder, Horizontal Cylinder, ...
* Parts: Window, Headlight, Text, Leg, ...



Pascal Dataset: Quantitative Results

0.8
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Queries

Retrieval
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Image Ranking and Retrieval based on
Multi-Attribute Queries

Query Attributes

“young Asian woman
wearing sunglasses”

Query

Retrieval Ranking




Questions?

Asian
Eyeglasses

Male
Hat




