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Kernel Learning

AThe objective in kernel learning is to jointly learn both S
and kernel parameters from training data.

AKernel parameterizations
ALinear v B QU
ANonlinear:b B O B Q

ARegularizers
ASparsd,
ASparse and nosparse .,
ALog determinant



Kernel Learning for Object Detectio

AVedaldi,Gulshan Varma and Zisserman ICCV 2009




Kernel Learning for Object Recogniti

AOrabona Jie and Caputo CVPR 2010

Caltech-101 (p=1.01, 39 kernels)
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Kernel Learning for Feature Selectic

AVarma andBabulCML 2009

FERET Gender Identification Data Set

#  AdaBoost Balujaet al. OWL-QN LRSVM  SSVM QCQP BAHSIC  Linear Non-Linear
Feat [1IJCV 2007]ICML 2007] [COA 2004] [ICML 2007] [ICML 2007] MKL MKL
10 76.3°0.9 79.5°19 716°14 849°19 795°26 81.2°3.2 80.8°0.2 88.7°0.8
20 - 82.6° 0.6 80.5°33 87.6°05 856°07 86.5°1.3 83.8°0.7 93.2°0.9
30 - 83.4° 0.3 84.8°0.4 89.3°11 88.6°0.2 89.4°24 86.3°16 95.1°0.5
50 - 86.9°1.0 88.8°0.4 90.6°0.6 89.5°0.2 91.0°1.3 89.4°0.9 95.5°0.7
80 - 88.9° 0.6 90.4° 0.2 - 90.6° 1.1 92.4° 1.4 90.5°0.2 -
100 - 89.5° 0.2 90.6° 0.3 - 90.5° 0.2 94.1°1.3 91.3°1.3 -
150 - 91.3° 0.5 90.3° 0.8 - 90.7° 0.2 94.5° 0.7 - -
252 - 93.1° 0.5 - - 90.8° 0.0 94.3° 0.1 - -
76.3(12.6) - 91 (221.3) 91(58.3) 90.8 (252) - 91.6(146.3) 95.5 (69.6)




The GMKL Primal Formulation

P=Min,,q 1 1 6B 0(1 -(0) ahw) i H
s.t. "HN IN
A0, 0 O H{6) (6)nm "W O

A -0 and -} exist and are continuous



The GMKL Primal Formulation

AThe GMKL primal formulation for binary classification.

P=Min, pq 4171 8B, i H
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The GMKL Primal Formulation

AThe GMKL primal formulation for binary classification.

P= I\/Iinw’b’d” 51 "1 6B i 1 "H
s. t. ol {0) w p ,
& 'HN I

A Intermediate Dual

D=MingMax, 1'a —YaltYKYa + r(d)
S. 1. 1Ya=0
OCac¢C&™H



Projected Gradient Descent
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Projected Gradient Descent
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Projected Gradient Descent




Projected Gradient Descent




Projected Gradient Descent




PGD Limitations

APGD requires many function and gradient evaluations &
ANo step size information is available.
AThe Armijo rule might reject many step size proposa
Alnaccurate gradient values can lead to many tiny ste
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PGD Limitations

APGD requires many function and gradient evaluations &
ANo step size information is available.
AThe Armijo rule might reject many step size proposa
Alnaccurate gradient values can lead to many tiny ste

ANoisy function and gradient values can cause PGD to
converge to points far away from the optimum.

ASolving SVMs to high precision to obtain accurate funci
and gradient values is very expensive.

ARepeated projection onto the feasible set might also be
expensive.



SPG Solutior Spectral Step Length

N7

AQuadratic approximation:¥2 6 6 "Ho Q
© o6 mh o )

ASpectralstep length ._

Original Function Approximation



SPG Solutior Spectral Step Length
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PGD Limitations Repeated Projectior

AAcceptP(Z) if it satisfies the Armijo rule o 7
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PGD Limitations Repeated Projectior

AAcceptP(Z) if it satisfies the Armijo rule
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PGD Limitations Repeated Projectior

APGD might require many projections before accepting a |
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SPG Solutior- SpectralProjGradient

ASPG requires a single projection per step ® 7




SPG Solutioa Non-Monotone Rule

AHandling function and gradient noise.
ANon-monotonerule: "go i "@o)) | Adio ) 1 | @)l
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PGD Limitations Step Size Selectiol

AThe Armijo rule might get stuck due to noisy function val

P — : . . .
N Global Minimum
1436} “ PGD
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SPG Solution SVM Precision Tunine

A

SPG
< PGD




SPG Advantages

ASPG requires fewer function and gradient evaluations du
AThe 2d order spectral step length estimation.
AThe noamonotone line search criterion.

ASPG is more robust twisy function and gradient values
due to the nommonotone line search criterion.

ASPG never needs to solve an SVM with high precision d
our precision tuning strategy.

ASPG needs to perform only a single projection per step.



SPG Algorithm
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Results on Large Scale Data Set:

A Covertype Sum of kernels subject tog regularization
A Number of training points 581,012
A Number of Kernels 5
A SPG time taken 64.46s

A SPG took 26 SVM evaluations
A First SVM evaluation took 44 hours

A Only 0.19% of SV were cached



Results on Large Scale Data Set:

A Sonar: Sum of kernels subjecti@ regularization
A Number of training points 208
A Number of Kernels 1 Million
A SPG time taken 105.62s

L
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Results on Large Scale Data Set:

A Sum of kernels subject to  regularization

Adult-9 od @p 50 35.84 4.55 31.77 4.42
Cod-RNA 59,535 50 Z 25.17 66.48 19.10
KDDCup04 50,000 50 - 40.10 - 42.20




Results orbmall ScalPata Sets

A Sum of kernels subject tw regularization

Wpbc T TP Q8 pPuLU X& oy px ¢ 18
Breast-Cancer @ X @o v&p P C P& LX U U TIE
Australian oyyoo @ PTTWTIP CHP C W XP p Tt TR
lonosphere PG T Xp yat piXPp@® powqcy 0w e

Sonar PT OUpC WHC WO UL At — ¢ X 0@ Bl




Results on Large Scale Data Set:

A Product of kernels subject v regularization

Letter 20,000 16 18.66 0.67 18.69 0.66
Poker 25,010 10 5.57 0.49 AVAY) 0.96
Adult- 8 22,696 42 Z 1.73 Z 3.42
Web-7 24,692 43 Z 0.88 Z 1.33
RCV1 20,242 o0 Z 18.17 Z 15.93
Cod- RNA 59,535 8 Z 3.45 Z 8.99




Effect ofindividual Components

A Sum of kernels subject tog regularization

Australian o @ @8t OCCOomW& o PPOOPE R T @ VWY X3t pPH PCp
Sonar XU TXP (Mt @Em@ pR CCQOQT B ¢t Oy T QuBt P& CTGX

Breast-

Cancer Cox W PTTWUL D@ TP PPpUXPp B c& OULOXU® c§ CTTQ
Diabetes X@&® od@ CWoOTY@® B CWwQo e ® CBH PCOWIP T@ @ WU
Wpbc T8 p@ PTOXGPR p @ Wwo P yYcd Ty T T pg T8 X W




SVM Precision Tuning

A Sum of kernels subject tng regularization

Adult-9 32,561 50 31.77 8.33 4.43
Web- 8 49,749 50 4.27 1.73 0.87
Sonar 208 100,000 53.91 3.35 2.19




SPG Scaling Properties

A Scaling with the number of training points
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Conclusions

A Developed a generic and efficient MKL optimizer.

A Experimented with four different MKL formulations and
solved both small and large scale problems.

A Combining spectral step length and Aomonotone rule
gives best performance.

A Quasi Newton methods not suitable for MKL problems
due to noisy gradient.
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