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From MKL to IKL

Main Results

1. Multiple Kernel Learning (MKL) can be extended to an
infinite number of kernels (Argyriou et.al [1]).

2. A new Infinite Kernel Learning (IKL) algorithm (also a MKL
algorithm).

3. No performance gain by linearly combining kernels on many
standard benchmark datasets.

4. Using IKL with a much enriched kernel class (Gaussians with
arbitrary covariance) can improve results considerably.
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From MKL to IKL

Notations

> kernel k(x, x'; 0) with 0 specifies the parameters
and its type.

> O finite set
> O arbitrary set
> k(x,X') = Y peo, dok(x,x';0)

of the kernel
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From MKL to IKL

SVM — MKL — IKL

Needed
» Regularization Parameter C, kernel k(-,-; 6)
>
>
N
min, ol + C> &
s i=1
sb.t. i (vo, Po(xi)) +b | =1—&
§& >0
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From MKL to IKL

SVM — MKL — IKL

Needed

» Regularization Parameter C, kernel k(-,-; 6)

» Finite set of kernels ©¢ = {61,02,...,0k}
>

N
. 1,
S, 2 gl s

6cOf i=1

sb.t. yi Z (vg, do(xi)) +b | >1=¢

0cOf
£& >0

Y dp=1  dy>0.
0cO - o _
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From MKL to IKL

SVM — MKL — IKL

Needed

» Regularization Parameter C, kernel k(-,-; 6)
» Finite set of kernels ©¢ = {61,02,...,0k}
» Kernel parameters ©

N
1 2
- 1 R
qnin - min > Slwl®+ €&

0cOf i=1

sb.t. yi Z (vg, do(xi)) +b | >1—=¢&

0cOr
£ >0
D dp=1  dyg>0.
0c© oy S 2B
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From MKL to IKL

The Dual Program

N
max a;j — A
a,\ Z !
i=1
sbt. aeRV AeR

OSO‘I—SC7 I:177N
N

1
5 Z ajojyiyik(xi, xj;0) < A V0 € Of
ij=1

> X is the Lagrange multiplier for [o dgdf =1

» Finite number of variables, finite number of constraints
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From MKL to IKL

The Dual Program

N
rg,a)\x Za;—)\
i=1
sbt. aecRN XeR
0<a;<C, i=1,....,N
N

1
5 Z ajajyiyik(xi, x;;0) <X V8 e ©
ij=1

> X is the Lagrange multiplier for [o dgdf =1

» Finite number of variables, infinite number of constraints

[m] [ = =
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From MKL to IKL

The Dual Program

N
rga)\x Z ap — A
i=1
sbt. aeRV, AeR

0<e;<C, i=1,...,N
N

1
5 Z ajajyiyik(xi, x;;0) <X Ve ©
ij—1
T(Ea)

» )\ is the Lagrange multiplier for fe dpdf =1
» Finite number of variables, infinite number of constraints
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IKL algorithm

» Delayed constraint generation algorithm.
» |terate between
1.
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IKL algorithm

» Delayed constraint generation algorithm.
» |terate between
1. restricted master problem: («, b, dy, \) «— MKL solution with
O¢
2.
3.
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IKL algorithm

» Delayed constraint generation algorithm.
» |terate between

1. restricted master problem: («, b, dy, \) «— MKL solution with

O¢
2. Subproblem: 0, «— arg maxgeo T(6; &)
3.
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IKL algorithm

» Delayed constraint generation algorithm.
» |terate between

1. restricted master problem: (a, b, dg, \) « MKL solution with
O¢

2. Subproblem: 0, «— arg maxgeo T(6; &)

3. if T(0,; ) > A include 6,, otherwise stop
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IKL algorithm

The Subproblem

Problem

Given the parameters 0 < «; < C and training points {x;, yi},
i=1,...,N, solve

N
1
0, = argmax T(6; ) = arg max 5 § 1 ajcyyiyik(xi, xj; 0)
ij=
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IKL algorithm
The Subproblem

Problem

i=1,...,N, solve

N

Given the parameters 0 < «; < C and training points {x;, yi},
. 1 .
0, = arg ?eag)( T(6; ) = arg ?eaé( 5 Z ajajyiyik(xi, xj; 0)

ij=1
» T is not convex

Target Alignment [2]

Infinite Kernel Learning

» Subproblem is a weighted, unnormalized version of Kernel
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From MKL to IKL IKL algorithm Experiments
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IKL algorithm

Theoretical guarantees

Results from Hettich & Kortanek,[5]

Theorem

If for all € © and for all a € [0, C]N we have T(6;a) < oo, then
there exists a finite set ©¢ C © for which the Dual Program
achieves its optimum.

Theorem

If the subproblem T can be solved, the IKL-Algorithm either stops
after a finite number of iterations or has at least one point of
accumulation and each one of these points solve the IKL program.
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IKL algorithm
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Solving the subproblem

dimensional problems

» [1] devise a DC algorithm to solve optimally - only for low
» Give up on global optimality.

» We solve via gradient ascent for differentiable k(
using many different starting points

SR

0) w.rt. 0
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A Teaser

chessboard training data
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A Teaser

chessboard training data
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Dimension 1

» We learn with all kernels of the form (0 = {y1,72,...},7i > 0)

20
k(x,x") = Z dp exp(— Z Yi(xx = x1)?)
k=1
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IKL algorithm
chessboard training data
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» We learn with all kernels of the form (0 = {y1,72,...},7i > 0)
20
k(x,x") = Z dp exp(— Z Yi(xx = x1)?)
k=1

> dy, =0.98,0; = (1.1,3.2,0,0,0,0,0,0,0,0,0,0, .. .,0)
> dy, = 0.02,6, = (0,0,0,0,0,0,0,0,0,2.1,0,02,0,....,0)
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IKL algorithm

IKL step by step

chessboard training data
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Two signal dimensions Signal versus noise dimension
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Experiments

Kernel classes

Experiments
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1. (single) Gaussian with 1 bandwidth

K(x. X' 0) = exp (~0]x — x|
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Experiments

Experiments
Kernel classes

@0000

1. (single) Gaussian with 1 bandwidth

K(x,x':8) = exp (—0l1x — X?)
2. (separate) As (single) + kernels for each dimension seperately

k(x,x'";0) = exp (— 0k (xk — X/'<)2)
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Kernel Learning
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Experiments
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Experiments

Kernel classes
1. (single) Gaussian with 1 bandwidth

K(x. X' 0) = exp (~0]x — x|

2. (separate) As (single) + kernels for each dimension seperately

k(x,x'";0) = exp (— 0k (xk — X/'<)2)

3. (products) Gaussian kernels with arbitrary non-negative
bandwidths 6 € [0,30]X

K
k(x,x";0) = exp (— Z Ok (X — XI/<)2>
k=1

[m] [ = =
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Experiments
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Models

We compare three different models
» SVM: one kernel via CV

» MKL: with (single) + (separate)
> IKL: with (single) + (products)

Regularization parameter C estimated by CV.
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Experiments

Benchmark Datasets : class (single)

» Averaged over 100 runs

(single)
SVM MKL IKL
Dataset #dlm #tr /| #te err err ‘ #k err #k
Banana 400/4900 | 105+ 0.5 |105+05 1.0| 106+ 05 23
Breast-cancer 9 200/77 259+43|279+40 23 |269+47 29
Diabetis 8 468/300 | 232+ 1.6|242+19 28 |238+17 34
Flare-Solar 9 666/400 |324+17|351+17 19 |350+18 22
German 20 700/300 |23.7 £21|253+23 20 |253+25 34
Heart 13 170/100 | 152 +3.1 164 £33 10|169+32 25
Image 18 130/1010 | 3.0+ 06| 33+07 10| 34+06 53
Ringnorm 20 400/7000 16+01| 1.6+01 10| 1.6+01 1.2
Splice 60 1000/2175 | 10.6 £ 0.7 | 11.1 £ 0.7 20| 126 +09 2.0
Thyroid 5 140/75 40+22| 47+£21 10| 36+21 32
Titanic 3 150/2051 [ 229 +12|2244+1.0 11 |225+11 22
Twonorm 20 400/7000 | 25+01| 25+01 20| 26+02 2.0
Waveform 21 400/4600 | 101 +£05| 99+04 29| 99+04 25
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Experiments

Experiments
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Benchmark Datasets: classes (separate),(products)

(separate)
SVM MKL
Dataset #dim  #tr [ #te err err #k
Banana 2 400/4900 | 10.5+0.5| 105+ 05 1.0
Breast-cancer 9 200/77 259+ 43| 267 +42 45
Diabetis 8 468/300 | 232 +16|245+16 4.0
Flare-Solar 9 666/400 | 324 +1.7|343+21 29
German 20 700/300 |23.7+£21|251+22 83
Heart 13 170/100 | 152 +£3.1 | 167 £41 9.0
Image 18 130/1010 | 3.0+ 06| 3.0+06 1.6
Ringnorm 20 400/7000 16+01| 1.7+01 26
Splice 60  1000/2175 | 10.6 + 0.7 | 6.0 + 0.4 24.1
Thyroid 5 140/75 40+22| 47+21 10
Titanic 3 150/2051 | 229 +12|224+1.0 1.9
Twonorm 20 400/7000 25+01| 25+£01 38
Waveform 21 400/4600 | 10.1 £ 0.5 | 102+ 04 9.7
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Experiments

Benchmark Datasets: classes (separate),(products)

(separate) (products)
SVM MKL IKL
Dataset #dim  #tr [ #te err err #k err #k
Banana 2 400/4900 | 10.5+0.5|105+05 1.0 |10.7+05 3.7
Breast-cancer 9 200/77 259+ 43 |26.7+42 45 |257+41 161
Diabetis 8 468/300 232 +16|245+16 4.0 |243+18 223
Flare-Solar 9 666/400 | 324 +17|343+21 29 |328+19 26
German 20 700/300 | 237 £21|251+22 83 |246+24 46.1
Heart 13 170/100 | 152 +3.1|16.7+41 9.0 | 201+ 36 28.2
Image 18 130/1010 30+06| 30+£06 16 | 14+03 271
Ringnorm 20 400/7000 16+01| 1.7+01 26 21+02 163
Splice 60 1000/2175 | 10.6 + 0.7 | 6.0 = 0.4 241 | 3.1 £0.3 7238
Thyroid 5 140/75 40+22| 47+21 10 414+20 127
Titanic 3 150/2051 | 229 +12|224+10 19 |224+11 52
Twonorm 20 400/7000 25+01| 25+£01 38 3.8+ 04 362
Waveform 21 400/4600 | 10.1 £0.5|102+04 97 |11.4+06 33.7
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Multiclass Datasets [3]

» One-Versus-Rest, averaged over 20 predefined splits

(single) (separate) (products)
SVM MKL IKL MKL IKL

Dataset err err ‘ #k err #k err #k err #k
WAV 156 +12|1554+06 27 |158+07 21 |164+17 136|180+ 1.0 351
SEG 65+10| 68+09 28| 69+09 37|50+07 84 | 3.0+05 180
ABE 11+03| 08+£03 25| 08+£03 30| 07+x03 113 0.7 £0.2 338
SAT 104+ 04 |102+03 36 |101+04 40 n/a n/a
DNA 77+07| 78£07 14| 77£08 20 n/a n/a

Dataset #dim  #tr / #te #cl

WAV 21 300/4700 3

SEG 17 500/1810 7

ABE 16 560/1763 3

SAT 36 1500/4935 6

DNA 181  500/2686 3
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From MKL to IKL Experiments Discussion and Conclusion
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Discussion and Conclusion

Main Results

1. Multiple Kernel Learning (MKL) can be extended to an
infinite number of kernels [1]

2. An Infinite Kernel Learning (IKL) algorithm (which is also a
MKL algorithm)

3. No performance gain by linearly combining kernels on many
standard benchmark datasets

4. Using IKL with a much enriched kernel class (Gaussians with
arbitrary covariance) may improve results tremendously

Technical Report available [4].
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Discussion and Conclusion

Future work

» How much is lost by approximately solving T(6; «) ?
» Efficient ways to solve T(6; «).
» Application to structured kernels (under submission)

> learning the spatial layout of a pyramid match kernel
> Dictionary learning as Kernel learning

livingroom 27 subwindows MITinsidecity 22 subwindows
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Discussion and Conclusion
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Discussion and Conclusion

IKL algorithm

Input: Training set X, Regularizer C, Kernel Class ©.
Output: The classification function f(x) : X — R.
1: Select any 6, € © and set ©g = {0, }

2: t«—0
3: loop
4 (a, b, dp, \) — MKL solution with ©; > Solve MKL
5: 6, «— argmaxgpeco T(0; @) > Solve subproblem
6: if T(0,;a) > X then
7: @t+1 = @t @] {9\,}
8: else
9: break
10: end if
11: t—t+1
12: end loop

u]
o)
I
i
!
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