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MOTIVATION

J Powerful tools in discovering data hidden structure

SINGLE- & MULTIPLE- VIEW SSR OVERALL ALGORITHM

| S SSSR d MSSR  Alternating Minimization

Kernel Methods
(Multiple Kernel Learning) ”

O Ve l—e S, 57
( —> %i_‘_: O:Izj ——>' Df: o % e ) D L;;Lﬁrg_ubi-pr)]robelzg
OO QCC)]:Q.O o <X O - /// Feature-Sign Search
0 EXPERIMENTAL RESULTS K(X,X)W,,

J Apply Kernel Trick to Sparse Representation?
» Naive solution:
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Feature vector in RHKS
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J New Benefits | H Caltech-256 Dataset
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Single Scale SIFT
ﬂ B=XW ”

ScSPM(1024) [Yang et al. 2009]
H KSR(1024) [Gao et al. 2010]
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» Conceptual interpretability
» More flexible dictionary design
» Easy for kernelization
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» Computational tractability
» Handle arbitrary kernels
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CONCLUSIONS

1 Readily generalized into reproducing kernel Hilbert
spaces for arbitrary kernels

1 Capable of identifying various nonlinear structure
information and sparse active components

J Enhanced visual representation ability, where
SSSR-Hellinger & MSSR work better

DLSM(1024) [Liu et al. 2013]
DLMM(1024) [Liu et al. 2013]
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