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Object Category Recognition
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Standard Approach " aial 2oos:
(adopted from text IR) and many others
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Feature extraction
and representation i
(e.qg., SIFT)
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Classification
(e.g., SVMs)

\\xxx\\X\x

“Bag of visual words”
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Codebook Construction by Clustering

[ Feature extraction | AR L T
Quantization
+ histogram

Limitations:

(e.g.. SIFT)

*sheep? =
«bus? v
scat?
shicycle? v
car? v
*cow?

«dog?
«horse? =«
smhike? v

*person? v

*Universal dictionary - category independent
e Unsupervised clustering = ignores labeling information
*Every SIFT feature forced into one cluster -

failure to capture partial similarity

o Difficulty in deciding the number of clusters -

wrong choice leads to poor dictionaries
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Codebook Construction by Clustering

m— R S [Perronnin et al., 2007]
i and representation 7
(e.q., SIFT) 134 S ]
Oua_ntizatjon [Wlnn et al.’ 2005] .

T * siogeam it pair-wise word merging
:Ei‘rjct:cle? v . |
EEE&: : Classification _2 [Llu et al" 2007]
obiar ¥ oo discriminative cluster refinement

Limitatiqn/an:/

Every SIFT feature forced into'one cluster
—> failure to capture pattial similarity

Difficulty in deciding the number of clusters
—> wrong choice leads to poor dictionaries

MICHIGANSTATE (intel) Carnegie Mellon 7‘] Yang, Jin, Sukthankar, Jurie — CVPR 2008




Codebook Construction by Clustering
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Classifier Training

i Pl \
niy

Codebook Generation

1 o p2
i p3

q1
!

ni <

Training Bags-of SVM
images -words etc.

Limitations (cont.):

o] Codebook may not be discriminative
to differentiate object categories

Image Unsupervised
corpus clustering
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Understanding Clustering

e Clustering is a special coding
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Understanding Clustering

e Clustering is a special coding
— One and only one bitis on

* More general coding
— Error Correcting Output Code (ECOC)
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Understanding Clustering

e Clustering is a special coding
— One and only one bitis on

» Our approach: coding by thresholded projections

P1 PL | P2 | P3| P4
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Understanding Clustering

e Clustering is a special coding
— One and only one bitis on

» Our approach: coding by thresholded projections

P1 PL | P2| P3| P4
X1 1
Xle x, o1 Xo 1
S S 4 X3 0
z:l o X5 X
X 4 0
X3 X5 o)
o X4
o X6 0
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Understanding Clustering

e Clustering is a special coding
— One and only one bitis on

» Our approach: coding by thresholded projections

P1 | P2 | P3 P4
X1 1 1
Xo 1 1
X3 0 0
X4 0 0
X5 0 1
X6 0) 1
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Understanding Clustering

e Clustering is a special coding
— One and only one bitis on

» Our approach: coding by thresholded projections

PL | P2 | P3| P4
x; | 1 1 1
b3 /
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° x3 | 0 | 0| 1
X5/
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Understanding Clustering

e Clustering is a special coding
— One and only one bitis on

» Our approach: coding by thresholded projections
— Non-orthogonal codes — chosen for maximal class separation
— Key questions: how to select the projections P and thresholds b?
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Anatomy of a Visual Bit

1 XTW > b/
_ Tladn  ays k
=I(x w]—b) = 0 xT w! <by
(learned)

“Is this feature relevant to the bus’ category?”

» Weakly-supervised learning of visual bits
* Applying visual bits to object category recognition
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Image Classification using Visual Bits

Category a
01(%a) | G(%a) | ... | Gr(xd)
~
X1 1 1
X, | 1 0 . >feature-level
representation
X 0 0 D

MICHIGAN SIATE. (intel) Carnegie Mellon ZJ Yang, Jin, Sukthankar, Jurie — CVPR 2008



Image Classification using Visual Bits

Category a
01(%a) | gx(Xx,a) gr(%a)
~
X1 1 1
X5 1 0

> +

2
Image

representation
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Image Classification using Visual Bits

Category a Classifiej[ for Cat. a
X,a Xa | ... X,a
01(X,a) | Ga(X,a) or(X.a) fa (X) _ Z LGk (X, CL)
X 2 1 —
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Image Classification using Visual Bits

Category a Classifie:I[ for Cat. a
0:(X.a) | 92(X,3) gr(X.a)
——— T fa(X) =) angr(X,a)
X 2 1 —
Category b Classifier for Cat. b
a.(X.b) | d-(X.b) a(X.b) \Ix

k(X7 b)

Learn visual bit functions g(x, a) and weights « together

Unify code generation with discriminative classifier

Category z

at. z

0:(X,2)

0,(X,2)

G{X2) f2(X Zakgk (X, 2)
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Image Classification using Visual Bits

Category a Classifie:I[ for Cat. a
0:(Xa) | B(X,8) | ... | Gr(X.2)
——— T fa(X) =) awge(X, a)
X | 2 1 ||
Category b Classifier for Cat. b
! ! ! ! T
Generalizes to nonlinear classifier k(X,b)

(can be implemented using standard SVM)

Zaz , §(X;,a))

k(x,x) : RT x R — R: kernel function
J(X,a) = (g1(X,a),...,97(X,a)): visual bit vector
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Standard Approach
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Unified Approach
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(e.g., SIFT)

*sheep? «x
* bus? v
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How to learn this discriminative

representation in a weakly-
supervised setting?

* COW?

» dog?

* horse?
* mbike?
* person?

»
classify

— B\

— class-specific visual bits
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Learning Visual Bits
Optimization Framework

» Given visual bit functions g(x, a) and weights «, how to
measure if they are able to classify image X=(Xy,...,X,)

into cat. (Y, Y, ..., Vi)

Image X | Challenge |
X1 Which features correspond to which

X o categories, or do not correspond to

i any category of interest at all ?

(.P —————————— ——— >
- 2
: : :
Y1 Yo Y3
Categories
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Learning Visual Bits
Optimization Framework

» Given visual bit functions g(x, a) and weights «, how to
measure if they are able to classify image X=(Xy,...,X,)

into cat. (Y, Y, ..., Vi)

Image X
X1
22 f(x3,91) = >4y angu(x3, 1)
T
X3 f(xs,92) = Zk:1 akgr (X3, y2)
R
AR -
N f(x3,y3) = D _p—1 rgr(X3,Y3)
Y1 Yo Y3
Categories
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Learning Visual Bits
Optimization Framework

» Given visual bit functions g(x, a) and weights «, how to
measure if they are able to classify image X=(Xy,...,X,)

into cat. (Y, Y, ..., Vi)

Image X _ Prob. of associating feature x with cat. y
1
?2 O f(x3,91) = Zle
X f(x3,92) = S aongn(x3,52) —
;’8\\\ f(x3,y3) = Z | Gk (X3,Y3)
V, y.2 ;/3 e(X3,yi) = Z;jfii S(cj"’(i;),)z)) .
Categories
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Relevant Visual Bits Localize Concepts
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Learning Visual Bits
Optimization Framework

» Given visual bit functions g(x, a) and weights «, how to
measure if they are able to classify image X=(Xy,...,X,)

into cat. (Y, Y, ..., Vi)

Loss function for image X

l(Xa yl) — n
o D=1 €(Xj, 1)

Y1 Yo Y3
Categories
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Learning Visual Bits
Optimization Framework

» Given visual bit functions g(x, a) and weights «, how to
measure if they are able to classify image X=(Xy,...,X,)

into cat. (Y, Y, ..., Vi)

Loss function for image X

l(Xa yl) —

> -1 e(X5,91)

Yo

Ys

Categories

1. Diminishing rewards
2. Relation to exponential loss
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Learning Visual Bits
Optimization Framework

» Given visual bit functions g(x, a) and weights «, how to
measure if they are able to classify image X=(Xy,...,X,)

into cat. (Y, Y, ..., Vi)

Image X

UX,y1) UX|, y2) (X, y3)

\ 4

Loss function for image X

l(Xa yl) —

ZT‘L (Xja Y1)

Y1 Yo

Ys

Categories

Loss function for the image collection

L(oi.T,91.1) = vazl (X5,yq)
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Learning Visual Bits
Optimization Framework

Given a collection of training images
T: {(Xz,yz),?, = ].,,N}

Find optimal visual bits and combination weights by solving

N
min £(a1:T7 gl:T) — Z l(X’L) Y’L)
1=1

gi1.7,%1:.T

Overview of optimization algorithm (reminiscent of bo osting)

* [terative approach: learn one visual bit (g) and weight (a) at a time
 Employ bound optimization to decouple g and a

[detalls in paper and supplementary material]
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Results on PASCAL 2006
(AUR with 100 training examples)

 Follows methodology from [Marszalek & Schmid, 2006]
* Baselines

— Standard: K-means (k=1000) + SVM (x? kernel)

— Discriminative: Extremely Randomized Clustering Forests

Class KM-SVM ERCF Our Method

sheep 0.551 £0.046 | 0.747 £0.017 | 0.842 & 0.008

bus 0.618 +=0.030 | 0.708 4+ 0.024 | 0.930 =4 0.00!

cat 0.697 = 0.011 | 0.753 = 0.015 | 0.759 £ 0. Ulh
bicycle | 0.750 £0.026 | 0.744 £ 0.021 | 0.782 4+ 0.021
car 0.654 +0.043 | 0.731 =0.019 | 0.875 4 0.007
COW 0.519 £ 0.026 | 0.751 £0.026 | 0.790 4 0.017
dog 0.670 £0.011 | 0.706 &£ 0.026 | 0.761 4 0.012
horse 0.503 = 0.016 | 0.712 4 0.025 | 0.671 4 0.009
motor 0.496 = 0.017 | 0.733 = 0.019 | 0.782 4+ 0.013
person | 0.551 £0.035 | 0.729 £0.015 | 0.722 4 0.007
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Conclusion

 Unify codebook construction + classifier training
— Generate codebooks by iterative projection
— Efficiently learn projection and weights together

e Impact on object category recognition
— Learns better representations with limited training data
— No parameters to tune
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