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Task Specific Trade-Off
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Solution: Sparse Multiple
Kernel Learning Classification
Formulation: We implement our
proposed solution by learning the
optimal domain specific kernel as

a linear combination of base
kernels, I.e.

Kopt = Z dkKk



SVM and Kernels- a quick review
(6 slides)




The QLP problem:
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The Lagrangian takes the following form:
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Where the criteria function is:

f(p) = min L(w,b. €, pt.9).
' W.h.e

Since the minimum is obtained at the vanishing partial
derivatives:
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Substituting these results/constraints back into the
Lagrangian we obtain the dual problem:
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In compact form, define 1[;; = yy;x; - x;
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The Kernel Trick

* note that the dual problem doesn’t explicitly use x or any function
other then the inner products.

e |Instead use

k()g,xj):go()g)[w(xj)

were ¢ x): R" — F where Fisan inner-product space



Classifying New Instances

 Solving The QLP of the dual form will yield the solution for the Lagrange
multipliers p1, ..., pm.

* Wwe can express @(w) as a function of the (mapped) examples:

AW =2 4y x)

To classify a new point x:

flx) = sﬁgn.[e:::(w”iTm(x) —b) = sigﬂ.{z,r.mff:a(xi-)Tf::(x) —b)
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Back to our problem:
Learning the Discriminative Power-Invariance Trade-Off

Solution: “learning the optimal Kmpl = > 4 K;
domain specific kernel as a linear
combination of base kernels.

“Kernalize” the base descriptors Ki(x.y) = expl-%fi(xy))
(many ways)
Min sw'w+C1°%€ +o'd (1)
w.d.£
subject to yi(wio(x:) +b) > 1-§ (2)
E>0d>0Ad>p (3)

where {,E?f}it]ﬁbﬂ 1—dea¢k or(x;)  (4)



The dual form

Max 1'a +p'd (5)
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The dual i1s convex with a unique global optimum. It’'s a
standard SOCP problem and can be solved relatively
efficiently using off the shelf packages such as
SeDuMi.



Large Scale Reformulation: We reformulate the primal so that
we can use standard SVM solvers to tackle large scale problems
Involving hundreds of kernels.

Reformulation: Minimise T(d) subjecttod =0, Ad 2p
Where:

T(d)= Minge sww+Cl€é+0'd  (8)
subject to  y;(wha(x;) +b) = 1-§ (9)

£>0 (10)

The dual of T(d): W(d)=Max l'a+e'd-3),da’YK;Ya(ll)
(i §

subject to 01<a<C 1'Ya=0 (12
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Results:

The UIUC Texture Database: 25 classes, 40 images per class.

Class 7 Class 4
1I-NIN SVM {1-vs-1) SVM (L-vs-All)
None {patch) 6239+ 1,58 9146+ 1.13 D287+ 1.40
None (ME) 2,18 £ 1.51 9116 £ 1.05 9187+ 1.50
Fotation {patch) 9783+ 063 9E 15+ 0.43 D853+ 012
Eotation (VI E) 9300+ 1.04 96.69 + 0.7 9707+ 083
Eotation (Fractals) 9505+ 0.93 9724+ 0.4 97 a0 £ 0.92
Heale TeTTE 17T 8704 £ 157 2873+ 1.03
Eotation + Scale 9035+ 1.15 9512+ 0.95 94.00 £ 1.00
biLipschitz 9535 + .53 9719+ 0.5 FraE 012
MEL Block § 96,94 £ 0.91 9767 £ 0.50
Char 0876+ 065 9300+ 048




The Oxford Flowers Database: 17 classes, 80

Images per class.

Shape [ Colour [Texture

Dandelions
vs Wild
Tulips

3.94 0.00 0.00

Dandelions
VS Crocuses

Dandelions

0.42 2.46 0.00

Cowslips
Vs Irises

1.48 2.00 1.36

Descriptor INN SVM (1-vs-1)
Shape 53.00 £ 2.69% 68.88 £2.04%
Colour 4732+ 2.59% 59.71 £1.95%
Texture 39.36 + 2.43% 59.00 £2.14%
Table 2. Classification results on the Oxford flowers dataset. The
MEKL-Block /1 method of [4] achieves 77 .84 £ 2.13% for l-vs-1
classification when combining all the descriptors. Our results are
80.49 + 1.97% (1-vs-1) and 82.55 = 0,34% (1-vs-All).

If we force texture weights

to be greater than colour

weights using Ad = p we
get 81.12 £ 2.09%.



Caltech 101 Object Categorization
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1-NN §VM (1-vs-1) SVM (1-vs-AlD
Shape GB1 39,67+ 1.02 57.33 + 0,94 62.98 + 0,70
Shape GB2 4523+ 0.96 59.30+ 1.00 61.53+ 0,57
Self Similarity 40,09+ 0.98 55.10+ 1.05 60.83 + 0.34
Shape 180 32.01 + 0.89 43,83+ 0.78 4993+ 0.52
Shape 360 31,17+ 0.98 50.63 + 0,88 52.44 + 0,85
App Colour 32,79+ 0.92 40,84 + 0.73 4344 + 146
App Gray 4208 £ 0.81 52.83 + 1.00 57.00 + 0.30
MKL Block / 7772+ 0.94 53.75 + 0,39
Our 8154 + 108 8956 + 059




