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Support Vector Machines

{(xi, yi)}Ni=1 where xi ∈ RD and yi ∈ {−1,+1}

f(x) = 〈w,x〉+ b

Primal optimization problem (Vapnik, 1998)

min.
1

2
‖w‖22︸ ︷︷ ︸

regularization

+ C
N∑
i=1

ξi︸ ︷︷ ︸
soft error

w.r.t. w ∈ RD, ξ ∈ RN+ , b ∈ R
s.t. yi(〈w,xi〉+ b) ≥ 1− ξi ∀i
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Support Vector Machines

Dual optimization problem

max.
N∑
i=1

αi −
1

2

N∑
i=1

N∑
j=1

αiαiyiyj〈xi,xj〉

w.r.t. α ∈ RN+

s.t.
N∑
i=1

αiyi = 0

C ≥ αi ≥ 0 ∀i

w =
N∑
i=1

αiyixi

f(x) =
N∑
i=1

αiyi〈xi,x〉+ b
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Kernel Functions

Define a mapping function Φ: RD → RS

Replace 〈xi,xj〉 with 〈Φ(xi),Φ(xj)〉︸ ︷︷ ︸
k(xi,xj)

Choosing kernel function k(·, ·) and regularization parameter C

Common kernel functions
I Linear kernel
kL(xi,xj) = 〈xi,xj〉

I Polynomial kernel
kP (xi,xj) = (〈xi,xj〉+ 1)q

I Gaussian kernel
kG(xi,xj) = exp

(
−‖xi − xj‖22/s2

)
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Regression Support Vector Machines

{(xi, yi)}Ni=1 where xi ∈ RD and yi ∈ R

f(x) = 〈w,Φ(x)〉+ b where Φ: RD → RS

ε-insensitive error function (Vapnik, 1998)

e(y, f(x)) =

{
0 if |y − f(x)| ≤ ε
|y − f(x)| otherwise

Primal optimization problem

min.
1

2
‖w‖22 + C

N∑
i=1

(ξ+i + ξ−i )

w.r.t. w ∈ RS , ξ+ ∈ RN+ , ξ
− ∈ RN+ , b ∈ R

s.t. ε+ ξ+i ≥ yi − 〈w,Φ(xi)〉 − b ∀i
ε+ ξ−i ≥ 〈w,Φ(xi)〉+ b− yi ∀i
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Regression Support Vector Machines

Dual optimization problem

max.
N∑
i=1

yi(α
+
i − α−i )− ε

N∑
i=1

(α+
i + α−i )

− 1

2

N∑
i=1

N∑
j=1

(α+
i − α−i )(α+

j − α−j )k(xi,xj)

w.r.t. α+ ∈ RN+ ,α− ∈ RN+

s.t.
N∑
i=1

(α+
i − α−i ) = 0

C ≥ α+
i , α

−
i ≥ 0 ∀i

w =
N∑
i=1

(α+
i − α−i )Φ(xi)

f(x) =
N∑
i=1

(α+
i − α−i )k(xi,x) + b
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One-Class Classification Support Vector Machines

{xi}Ni=1 where xi ∈ RD

f(x) = 〈w,Φ(x)〉+ b where Φ: RD → RS

Primal optimization problem (Schölkopf and Smola, 2002)

min.
1

2
‖w‖22 + C

N∑
i=1

ξi + b

w.r.t. w ∈ RS , ξ ∈ RN+ , b ∈ R
s.t. 〈w,Φ(xi)〉+ b+ ξi ≥ 0 ∀i
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One-Class Classification Support Vector Machines

Dual optimization problem

max. − 1

2

N∑
i=1

N∑
j=1

αiαik(xi,xj)

w.r.t. α ∈ RN+

s.t.
N∑
i=1

αi = 1
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N∑
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αiΦ(xi)

f(x) =
N∑
i=1
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Multiclass Classification Support Vector Machines

{(xi, yi)}Ni=1 where xi ∈ RD and yi ∈ {1, . . . ,K}

f l(x) = 〈wl,Φ(x)〉+ bl ∀l where Φ: RD → RS

Primal optimization problem (Vapnik, 1998; Weston and Watkins, 1998;
Bredensteiner and Bennett, 1999)

min.
1

2

K∑
l=1

‖wl‖22 + C
N∑
i=1

K∑
l=1

ξli

w.r.t. wl ∈ RS , ξl ∈ RN+ , bl ∈ R
s.t. fyi(xi)− f l(xi) ≥ 2− ξli ∀(i, l 6= yi)

ξyii = 0 ∀i
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s.t. fyi(xi)− f l(xi) ≥ 2− ξli ∀(i, l 6= yi)

ξyii = 0 ∀i
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Multiclass Classification Support Vector Machines

Dual optimization problem

max. 2

N∑
i=1

K∑
l=1

αli −
1

2

N∑
i=1

N∑
j=1

(
δyjyiAiAj −

K∑
l=1

αli(2α
yi
j − αlj)

)
k(xi,xj)

w.r.t. αl ∈ RN+

s.t.
N∑
i=1

αli −
N∑
i=1

δlyiAi = 0 ∀l where Ai =

K∑
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αli

(1− δlyi)C ≥ αli ≥ 0 ∀(i, l)

wl =
N∑
i=1

(δlyiAi − αli)Φ(xi)

f l(x) =
N∑
i=1
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Posterior Probability Support Vector Machines

Soft labels instead of hard labels (Tao et al., 2005)
ŷi = 2 Pr(+1|xi)− 1 ∀i

ŷi(〈w,Φ(xi)〉+ b) ≥ ŷ2i − ŷ2i ξi ∀i

Extended to multiclass classification (Gönen et al., 2008)
fyi(xi)− f l(xi) ≥ 2(Pr(yi|xi)− Pr(l|xi))− ξli ∀(i, l 6= yi)

MCSVM MCPPSVM
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Multiple Kernel Learning
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Multiple Kernel Learning
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MKL (kL-kP )

Bayes optimal

Accuracy: 91.25

SVM (kL)

Accuracy: 90.05±0.35

Support Vector: 39.78±2.63

SVM (kP )

Accuracy: 90.10±0.46

Support Vector: 53.65±1.74

MKL (kL-kP )

Accuracy: 90.95±0.61

Support Vector: 38.23±2.34

(ηL-ηP ) = (0.31-0.69)
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Multiple Kernel Learning

P feature representations (not necessarily different)

xi = {xmi }Pm=1 where xmi ∈ RDm

Multiple Kernel Learning (MKL)

kη(xi,xj) = fη({km(xmi ,x
m
j )}Pm=1|Θ) where fη : RP → R

Why MKL?
I Different notions of similarity
x1
i = x2

i = · · · = xPi
k1 6= k2 6= · · · 6= kP

I Different representations from different sources or modalities
x1
i 6= x2

i 6= · · · 6= xPi
k1 = k2 = · · · = kP
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Multiple Kernel Learning

Unweighted sum

kη(xi,xj) =
P∑

m=1
km(xmi ,x

m
j )

(Pavlidis et al., 2001)

Weighted sum

kη(xi,xj |Θ = η) =
P∑

m=1
ηmkm(xmi ,x

m
j )

(Lanckriet et al., 2004; Bach et al., 2004)

Locally weighted sum

kη(xi,xj |Θ = V) =
P∑

m=1
ηm(xi|V)km(xmi ,x

m
j )ηm(xj |V)

(Gönen and Alpaydın, 2008)
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Multiple Kernel Learning

Weighted MKL formulation of Bach et al. (2004)

f(x) =
P∑

m=1
〈wm,Φm(xmi )〉+ b

Primal optimization problem

min.
1

2

(
P∑

m=1

dm‖wm‖2
)2

+ C
N∑
i=1

ξi

w.r.t. wm ∈ RSm , ξ ∈ RN+ , b ∈ R

s.t. yi

(
P∑

m=1

〈wm,Φm(xmi )〉+ b

)
≥ 1− ξi ∀i

weighted l1-norm on feature spaces

l2-norm within each feature space
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Multiple Kernel Learning

Dual optimization problem

min.
1

2
γ2 −

N∑
i=1

αi

w.r.t. γ ∈ R,α ∈ RN+

s.t. γ2d2m ≥
N∑
i=1

N∑
j=1

αiαjyiyjkm(xmi ,x
m
j ) ∀m

N∑
i=1

αiyi = 0

C ≥ αi ≥ 0 ∀i

wm =
N∑
i=1

αiyiηmΦm(xmi )

f(x) =
N∑
i=1

αiyi
P∑

m=1
ηmkm(xmi ,x

m) + b where
P∑

m=1
d2mηm = 1
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Multiple Kernel Learning as Intermediate Integration

Three methods for combining multiple representations (Noble, 2004)

I Early integration

R2

R1

RC L

I Late integration

R2

R1

L2

L1

LC

I Intermediate integration

R2

R1

K2

K1

LC
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Regularizing Multiple Kernel Learning
Using Response Surface Methodology



Regularized Multiple Kernel Learning

{dm}Pm=1 parameters in the formulation of Bach et al. (2004)
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Second-order model in the log scale

error = β0 +
P∑

m=2
βm log10 dm +

P∑
m=2

P∑
h=m

βmh log10 dm log10 dh

Grid search versus RSM
I L(P−1) points versus O(P 2) points

I predefined factor levels versus arbitrary factor values
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Regularized Multiple Kernel Learning

−4 −3 −2 −1 0 1 2 3 4
−4

−3

−2

−1

0

1

2

3

4

MKL

(ηL-ηP -ηG) = (0.00-0.25-0.75)

−4 −3 −2 −1 0 1 2 3 4
−4

−3

−2

−1

0

1

2

3

4

RMKL

(ηL-ηP -ηG) = (0.00-0.48-0.31)

Mehmet Gönen Localized Multiple Kernel Algorithms for Machine Learning May 25, 2010 20 / 59



Regularized Multiple Kernel Learning

Bach et al. (2005) propose to select {dm}Pm=1 by looking at eigenvalues of
kernel matrices (EMKL)
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Perform RSM on {ηm}Pm=1 directly (RWKL)
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Cost-Conscious Multiple Kernel Learning



Cost-Conscious Multiple Kernel Learning

{dm}Pm=1 parameters in the formulation of Bach et al. (2004)

Can be interpreted as the costs of kernels (Gönen and Alpaydın, 2010a)

The costs of evaluating kernels
I preprocessing data

I computation time

The costs of extracting/sensing the corresponding representations/signals
I bioinformatics: protein sequence, protein structure, etc.

I biometrics: face, fingerprint, iris, signature, etc.

I speech recognition: acoustic input, visual input, etc.
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Cost-Conscious Multiple Kernel Learning

Representation selection

Dyn Sta4 Sta8 Sta16

Kernel/representation selection

Kernel Explanation Data Source

kSW Smith-Waterman kernel Protein sequences
kB BLAST kernel Protein sequences
kPfam Pfam kernel Protein sequences
kFFT FFT kernel Hydropathy profiles
kLI Linear kernel Protein interactions
kD Diffusion kernel Protein interactions
kE Gaussian kernel Gene expression profiles
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Localized Multiple Kernel Learning
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Accuracy: 90.95±0.61

Support Vector: 38.23±2.34
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Localized Multiple Kernel Learning

f(x) =
P∑

m=1
ηm(x|V)〈wm,Φm(xm)〉+ b where ηm : RDG → R

Similar to (but also different from) “mixture of experts” (Jacobs et al., 1991)

Softmax gating

ηm(x|V) =
exp(〈vm,xG〉+ vm0)
P∑
h=1

exp(〈vh,xG〉+ vh0)

∀m

Sigmoid gating

ηm(x|V) =
1

1 + exp(−〈vm,xG〉 − vm0)
∀m
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Localized Multiple Kernel Learning

Primal optimization problem (Gönen and Alpaydın, 2008)

min.
1

2

P∑
m=1

‖wm‖22 + C
N∑
i=1

ξi

w.r.t. wm ∈ RSm , ξ ∈ RN+ ,V ∈ RP×(DG+1), b ∈ R

s.t. yi

(
P∑

m=1

ηm(xi|V)〈wm,Φm(xmi )〉+ b

)
≥ 1− ξi ∀i

Nonconvexity due to gating model

For a given V, problem becomes convex
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Localized Multiple Kernel Learning

Dual optimization problem for a given V

max. J(V) =

N∑
i=1

αi −
1

2

N∑
i=1

N∑
j=1

αiαiyiyjkη(xi,xj)

w.r.t. α ∈ RN+

s.t.
N∑
i=1

αiyi = 0

C ≥ αi ≥ 0 ∀i

locally combined kernel function

kη(xi,xj) =
P∑

m=1
ηm(xi|V) 〈Φm(xmi ),Φm(xmj )〉︸ ︷︷ ︸

km(xmi ,x
m
j )

ηm(xj |V)
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w.r.t. α ∈ RN+

s.t.
N∑
i=1

αiyi = 0

C ≥ αi ≥ 0 ∀i

locally combined kernel function

kη(xi,xj) =
P∑

m=1
ηm(xi|V) 〈Φm(xmi ),Φm(xmj )〉︸ ︷︷ ︸

km(xmi ,x
m
j )

ηm(xj |V)
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Localized Multiple Kernel Learning

1: Initialize V(0) randomly
2: repeat

3: Calculate K
(t)
η =

{
kη(xi,xj)

}N
i,j=1

using V(t)

4: Solve kernel machine with K
(t)
η

5: Determine step size, ∆(t), using Armijo’s rule

6: V(t+1) ⇐ V(t) −∆(t) ∂J(V)

∂V
7: until convergence

f(x) =
N∑
i=1

αiyi

P∑
m=1

ηm(xi|V)km(xmi ,x
m)ηm(x|V)︸ ︷︷ ︸

kη(xi,x)

+b

Can be generalized to other kernel-based methods
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Localized Multiple Kernel Learning
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Localized Multiple Kernel Regression

LMKL on regression problems (Gönen and Alpaydın, 2010b)

Motorcycle data set
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Global Projection Kernels

z = W>x where W ∈ RD×R

f(x) = 〈w,Φ(W>x)〉+ b where Φ: RR → RS

Primal optimization problem (Chapelle et al., 2002)

min.
1

2
‖w‖22 + C

N∑
i=1

ξi

w.r.t. w ∈ RS , ξ ∈ RN+ ,W ∈ RD×R, b ∈ R
s.t. yi(〈w,Φ(W>xi)〉+ b) ≥ 1− ξi ∀i

For a given W, problem becomes convex
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Global Projection Kernels

Dual optimization problem for a given W

max. J(W) =

N∑
i=1

αi −
1

2

N∑
i=1

N∑
j=1

αiαiyiyjk(zi, zj)

w.r.t. α ∈ RN+

s.t.
N∑
i=1

αiyi = 0

C ≥ αi ≥ 0 ∀i

global projection kernel function

k(zi, zj) = 〈Φ(W>xi),Φ(W>xj)〉︸ ︷︷ ︸
k(W>xi,W

>xj)
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Global Projection Kernels

1: Initialize W(0) randomly
2: repeat
3: Calculate K(t) = {k(zi, zj)}Ni,j=1 using W(t)

4: Solve kernel machine with K(t)

5: Determine step size, µ(t), using Armijo’s rule

6: W(t+1) ⇐W(t) − µ(t) ∂J(W)

∂W
7: until convergence

f(x) =
N∑
i=1

αiyik(W>xi,W
>x) + b

Common kernel functions

kL(zi, zj) = 〈zi, zj〉 = x>i WW>xj

kP (zi, zj) = (〈zi, zj〉+ 1)q = (x>i WW>xj + 1)q

kG(zi, zj) = exp(− ‖zi − zj‖22
/
s2)

= exp(−(xi − xj)>WW>(xi − xj)
/
s2)
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Local Projection Kernels
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Local Projection Kernels

zm = W>
mx

m where Wm ∈ RDm×Rm

f(x) =
P∑

m=1
ηm(x|V)〈wm,Φm(W>

mx
m)〉+ b where ηm : RDG → R

Primal optimization problem (Gönen and Alpaydın, 2010c)

min.
1

2

P∑
m=1

‖wm‖22 + C
N∑
i=1

ξi

w.r.t. wm ∈ RSm , ξ ∈ RN+ ,V ∈ RP×(DG+1),Wm ∈ RDm×Rm , b ∈ R

s.t. yi

(
P∑

m=1

ηm(xi|V)〈wm,Φm(W>
mx

m
i )〉+ b

)
≥ 1− ξi ∀i

For given V and {Wm}Pm=1, problem becomes convex
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Local Projection Kernels

Dual optimization problem for given V and {Wm}Pm=1

max. J(V, {Wm}Pm=1) =
N∑
i=1

αi −
1

2

N∑
i=1

N∑
j=1

αiαiyiyjkη(xi,xj)

w.r.t. α ∈ RN+

s.t.
N∑
i=1

αiyi = 0

C ≥ αi ≥ 0 ∀i

local projection kernel function

kη(xi,xj) =
P∑

m=1
ηm(xi|V) 〈Φm(W>

mx
m
i ),Φm(W>

mx
m
j )〉︸ ︷︷ ︸

km(W>
mx

m
i ,W

>
mx

m
j )

ηm(xj |V)
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Local Projection Kernels

1: Initialize V(0) and {W(0)
m }Pm=1 randomly

2: repeat

3: Calculate K
(t)
η =

{
kη(xi,xj)

}N
i,j=1

using V(t) and {W(t)
m }Pm=1

4: Solve kernel machine with K
(t)
η

5: Determine step size, µ(t), using Armijo’s rule

6: W
(t+1)
m ⇐W

(t)
m − µ(t) ∂J(V, {Wm}Pm=1)

∂Wm
∀m

7: Calculate K
(t)
η =

{
kη(xi,xj)

}N
i,j=1

using V(t) and {W(t+1)
m }Pm=1

8: Solve kernel machine with K
(t)
η

9: Determine step size, ∆(t), using Armijo’s rule

10: V(t+1) ⇐ V(t) −∆(t) ∂J(V, {Wm}Pm=1)

∂V
11: until convergence

f(x) =
N∑
i=1

αiyi

P∑
m=1

ηm(xi|V)km(W>
mx

m
i ,W

>
mx

m)ηm(x|V)︸ ︷︷ ︸
kη(xi,x)

+b
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Intermediate Integration Experiments

Protein stability change due to amino acid substitutions (Özen et al., 2009)

We extract a data set from the ProTherm database (Gromiha et al., 2000)

Repr. Original Feat. New Repr. New Feat.

SO ±3 Neighbors (±3Ne) SO∗ PAM250 (PAM)
Mutation (Mut)

T/pH

TO Mutation (Mut) TO∗ PAM250 (PAM)
Cα Contacts (CA) Cα B-Factors (BFA)

SA/T/pH Cβ B-Factors (BFB)
Cα and Cβ Contacts (CB)

ST ±3 neighbors (±3 Ne) ST∗ PAM250 (PAM)
Mutation (Mut) Cα B-Factors (BFA)

Cα Contacts (CA) Cβ B-Factors (BFB)
SA/T/pH Cα and Cβ Contacts (CB)
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Intermediate Integration Experiments

Classification results

SO SO∗ TO TO∗ ST ST∗

0.800 0.799 0.805 0.802 0.806 0.804

Knowledge extraction results

SO (0.19)1Ne + (0.20)2Ne + (0.23)3Ne + (0.27)Mut + (0.09)T + (0.03)pH

SO∗ (0.19)1Ne + (0.20)2Ne + (0.22)3Ne + (0.27)Mut + (0.09)T + (0.03)pH +
(0.00)PAM

TO (0.19)Mut + (0.56)CA + (0.17)SA + (0.05)T + (0.02)pH

TO∗ (0.21)Mut + (0.23)CA + (0.12)SA + (0.06)T + (0.02)pH + (0.00)PAM +
(0.23)CB + (0.07)BFA + (0.06)BFB

ST (0.04)1Ne + (0.03)2Ne + (0.04)3Ne + (0.21)Mut + (0.45)CA + (0.15)SA +
(0.06)T + (0.02)pH

ST∗ (0.02)1Ne + (0.02)2Ne + (0.03)3Ne + (0.21)Mut + (0.21)CA + (0.11)SA +
(0.06)T + (0.02)pH + (0.00)PAM + (0.19)CB + (0.06)BFA + (0.06)BFB
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Combining General Purpose Kernels

Acceptors and Donors ⇒ human splice site detection

Arabidopsis and Vertebrates ⇒ translation initiation site detection

Polyadenylation ⇒ polyadenylation signal prediction

MKL versus RMKL with (kL-kP -kG)

MKL RMKL
Test Acc. SV Test Acc. SV

ηL-ηP -ηG ηL-ηP -ηG dL-dP -dG

Acceptors 90.45±0.42 50.12±1.11 91.19±0.38 44.90±0.82
0.30-0.70-0.00 0.00-0.00-4.59 1.00-1.55-0.47

Donors 94.77±0.28 27.78±0.47 94.78±0.21 26.25±0.45
0.11-0.03-0.86 0.17-0.00-0.73 1.00-1.52-1.06

Arabidopsis 85.29±0.84 62.32±1.10 85.92±0.85 62.39±0.98
0.25-0.75-0.00 0.00-0.00-5.16 1.00-1.00-0.44

Vertebrates 86.22±0.22 53.84±0.72 86.15±0.30 40.86±0.44
0.20-0.80-0.00 0.70-0.15-0.00 1.00-1.42-1.16

Polyadenylation 68.25±1.24 72.14±1.02 68.70±1.34 72.81±1.06
0.01-0.16-0.84 0.00-0.00-1.09 1.00-1.54-0.96
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Combining Domain Specific Kernels

Protein function prediction

Different kernel functions

Kernel Explanation Data Source

kPfam Pfam kernel Protein sequences
kPfamE Enriched Pfam kernel Protein sequences
kTAP Diffusion kernel Protein interactions
kPhys Diffusion kernel Protein interactions
kGen Diffusion kernel Protein interactions
kExp Correlation kernel Gene expression profiles
kExpG Gaussian kernel Gene expression profiles
kSW Smith-Waterman kernel Protein sequences

We compare MKL, RMKL, EMKL, and RWKL
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Combining Domain Specific Kernels
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Representation Selection

cost =
N∑
i=1

1(αi > 0)

︸ ︷︷ ︸
the number of
support vectors

P∑
m=1

1(ηm > 0)
dm
P∑
h=1

dh︸ ︷︷ ︸
the total normalized

cost for active kernels

dDyn = 1.00 dSta4 = 1.00 dSta8 = 2.00 dSta16 = 4.00

Data Set Test Acc. SV Total Cost ηDyn-ηSta4-ηSta8-ηSta16

Pendigits (0vs8)
99.50±0.11 10.70±0.11 10.70±0.33 0.24-0.16-0.33-0.26
99.30±0.32 5.80±0.42 2.90±0.21 0.48-0.38-0.14-0.00

Pendigits (1vs7)
99.90±0.11 9.70±0.53 9.70±1.33 0.32-0.31-0.31-0.06
99.70±0.32 3.00±0.42 1.50±0.21 0.45-0.51-0.04-0.00

Pendigits (5vs9)
99.30±0.11 12.90±0.95 12.90±0.04 0.35-0.12-0.10-0.44
99.50±0.11 10.30±0.11 2.58±0.03 0.64-0.36-0.00-0.00
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Data Set Test Acc. SV Total Cost ηDyn-ηSta4-ηSta8-ηSta16

Pendigits (0vs8)
99.50±0.11 10.70±0.11 10.70±0.33 0.24-0.16-0.33-0.26
99.30±0.32 5.80±0.42 2.90±0.21 0.48-0.38-0.14-0.00

Pendigits (1vs7)
99.90±0.11 9.70±0.53 9.70±1.33 0.32-0.31-0.31-0.06
99.70±0.32 3.00±0.42 1.50±0.21 0.45-0.51-0.04-0.00

Pendigits (5vs9)
99.30±0.11 12.90±0.95 12.90±0.04 0.35-0.12-0.10-0.44
99.50±0.11 10.30±0.11 2.58±0.03 0.64-0.36-0.00-0.00
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Kernel/Representation Selection

Protein location prediction with (kSW -kB-kPfam-kFFT -kLI -kD-kE)

Kernel Explanation Data Source

kSW Smith-Waterman kernel Protein sequences
kB BLAST kernel Protein sequences
kPfam Pfam kernel Protein sequences
kFFT FFT kernel Hydropathy profiles
kLI Linear kernel Protein interactions
kD Diffusion kernel Protein interactions
kE Gaussian kernel Gene expression profiles

(dSW -dB-dPfam-dFFT -dLI -dD-dE) = (1.41-1.41-1.41-1.41-1.00-2.00-1.00)

Task Test Acc. SV Total Cost ηSW -ηB-ηPfam-ηFFT -ηLI -ηD-ηE

Membrane
86.30±0.61 84.42±1.03 75.34±5.09 0.28-0.31-0.11-0.05-0.00-0.15-0.10
85.40±0.55 71.33±1.67 37.81±5.09 0.00-0.26-0.06-0.00-0.07-0.00-0.60

Ribosomal
98.99±0.26 18.56±1.56 6.86±1.96 0.01-0.00-0.00-0.16-0.03-0.00-0.80
99.07±0.18 18.61±1.46 6.08±1.96 0.00-0.00-0.00-0.01-0.03-0.00-0.96
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Combining Multiple Feature Representations

Multiple Features (MultiFeat)
digit recognition data set

Separate small (‘0’ - ‘4’) digits from
large (‘5’ - ‘9’) digits

Name Dim. Data Source

Fac 216 Profile correlations
Fou 76 Fourier coefficients of the shapes
Kar 64 Karhunen-Loève coefficients
Mor 6 Morphological features
Pix 240 Pixel averages in 2× 3 windows
Zer 47 Zernike moments

Method Test Accuracy Support Vector

SVM (Fac) 94.97±0.87 17.93±0.91
SVM (Fou) 90.54±1.11 28.90±1.69
SVM (Kar) 88.13±0.73 33.62±1.31
SVM (Mor) 69.61±0.14 61.90±0.49
SVM (Pix) 89.42±0.65 46.35±1.64
SVM (Zer) 89.12±0.63 26.27±1.67

SVM (All) 97.69±0.44 23.36±1.15

MKL 97.40±0.37 32.59±0.82

LMKL (softmax) 97.69±0.44 15.06±1.03
LMKL (sigmoid) 98.58±0.41 15.27±0.92
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Combining Multiple Feature Representations

Internet Advertisements
(Advert) data set

Predict whether an image is an
advertisement or not

Name Dim. Data Source

URL 457 Phrases in the URL
OrigURL 495 Phrases in the URL of the image
AncURL 472 Phrases in the anchor text
Alt 111 Phrases in the alternative text
Caption 19 Phrases in the caption terms

Method Test Accuracy Support Vector

SVM (URL) 94.67±0.24 83.32± 1.89
SVM (OrigURL) 92.04±0.26 96.16± 0.51
SVM (AncURL) 95.45±0.31 64.90± 5.41
SVM (Alt) 89.64±0.38 87.73± 1.17
SVM (Caption) 86.60±0.09 96.65± 0.42

SVM (All) 96.43±0.24 41.99± 1.76

MKL 96.32±0.50 35.82± 4.35

LMKL (softmax) 95.78±0.46 41.72±11.59
LMKL (sigmoid) 96.72±0.46 34.40± 1.51
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Combining Multiple Input Patches

Gender recognition experiments (Gönen and Alpaydın, 2009)

Method Test Accuracy Support Vector

SVM (x = 4× 4) 93.28±0.65 21.70±0.93
SVM (x = 8× 8) 97.50±1.16 20.13±1.04
SVM (x = 16× 16) 97.03±0.93 19.91±1.01
SVM (x = 32× 32) 97.97±1.48 23.71±1.39
SVM (x = 64× 64) 97.66±1.41 25.94±1.01

MKL 99.06±0.88 22.19±1.00

LMKL (softmax and xG = 4× 4) 97.19±2.81 16.65±3.34
LMKL (softmax and xG = 8× 8) 97.19±2.48 22.54±4.56
LMKL (softmax and xG = 16× 16) 99.22±1.33 16.38±1.50

LMKL (sigmoid and xG = 4× 4) 99.22±0.93 22.72±1.83
LMKL (sigmoid and xG = 8× 8) 99.84±0.44 26.88±2.24
LMKL (sigmoid and xG = 16× 16) 99.38±1.34 21.65±1.44
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Combining Multiple Input Patches

(a) (b) (c)

(a) Φm(xm): features fed into kernels

(b) ηm: MKL combination weights

(c) ηmΦm(xm): features weighted with
MKL combination weights

MKL uses the same weights over
the whole input space
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Combining Multiple Input Patches
Softmax Gating

(a) (b) (c) (d)

(a) Φm(xm): features fed into kernels

(b) xG : features fed into softmax
gating model

(c) ηm(x|V): softmax gating model
outputs

(d) ηm(x|V)Φm(xm): features
weighted with softmax gating model
outputs

The softmax gating model generally
activates a single patch

Eyes or eyebrows depending on the
subject
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Combining Multiple Input Patches
Sigmoid Gating

(a) (b) (c) (d)

(a) Φm(xm): features fed into kernels

(b) xG : features fed into sigmoid gating
model

(c) ηm(x|V): sigmoid gating model
outputs

(d) ηm(x|V)Φm(xm): features
weighted with sigmoid gating model
outputs

Multiple patches are given nonzero
weights

Drives a high-resolution “eye” to
regions of high saliency

Mehmet Gönen Localized Multiple Kernel Algorithms for Machine Learning May 25, 2010 50 / 59



Combining Multiple Kernels

Wine Quality (WhiteWine)
data set

Concrete Compressive Strength
(Concrete) data set

Method MSE Support Vector

SVR (kL) 0.59±0.00 66.83± 0.57
SVR (kP and q = 2) 0.54±0.01 66.22± 0.67
SVR (kP and q = 3) 0.54±0.00 66.14± 1.13
SVR (kP and q = 4) 0.52±0.01 66.55± 1.03
SVR (kP and q = 5) 0.52±0.01 66.27± 1.24

LMKL (softmax) 0.52±0.01 18.66±13.41
LMKL (sigmoid) 0.51±0.00 38.29± 2.34

Method MSE Support Vector

SVR (kL) 120.61±2.15 44.31±3.46
SVR (kP and q = 2) 92.57±4.19 36.22±1.24
SVR (kP and q = 3) 58.32±3.66 73.16±1.21
SVR (kP and q = 4) 63.83±9.58 52.52±2.40
SVR (kP and q = 5) 61.26±5.31 52.17±2.23

LMKL (softmax) 44.80±6.33 64.28±4.02
LMKL (sigmoid) 48.18±5.22 49.20±2.05
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Visualization Experiments

 

 

Male

Female

direction#1

direction#2

PCA

direction#1

direction#2

gating

LPK
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Classification Experiments

We compare PCA, LFDA, GPK, and LPK

USPS digit recognition data set

Separate even digits from odd digits
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Classification Experiments

USPS digit recognition data set

Separate small (‘0’ - ‘4’) digits from large (‘5’ - ‘9’) digits
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Convergence Analysis

Convergence parameter τ

stop if (objective value)(t) > (1− τ)(objective value)(t−1)
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Outline

1. Introduction

2. Multiple Kernel Learning

3. Localized Multiple Kernel Learning
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Conclusions

Regularized Multiple Kernel Learning
I optimizes regularization parameters using RSM

I obtains smoother decision functions

I uses fewer kernels and support vectors

I has advantage of RSM over grid search

Cost-Conscious Multiple Kernel Learning
I includes the costs of kernels

I eliminates costlier data representations
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Conclusions

Localized Multiple Kernel Learning
I computational complexity

• complexity of canonical solver & number of iterations

• Armijo’s rule

• improvement in test time

f(x) =
N∑
i=1

αiyi

P∑
m=1

ηm(xi|V)km(xmi ,x
m)ηm(x|V)︸ ︷︷ ︸

kη(xi,x)

+b

I knowledge extraction
• data-dependent relative importances

I regularization
• regularization on locally combined kernel

• no overfitting with increasing number of kernels
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I using RSM on validation performance for model selection problems

I Bayesian reformulations of LMKL and LPK

MATLAB source codes

http://www.cmpe.boun.edu.tr/~gonen
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