BxXc—109

FZAREMRERE (HEHAREMBE) ARBRBEE
VR 25 4 6 A 5 HEUE

HEIES : 12601
HRER - HEFHE (B)
BAZEEAME - 2010~ 2012
AEES 22700289
MRRER (X)) T

— S RETREEFE FEOER S CA

HEEEREL (EX) Theory and applications of cross—data—type machine learning methods
MERERSE

gk  KZE (SUZUKI TAIJI)

HEKE - KZRERBIZAMER - B

AEEES : 60551372

WFFERCR OBEE (Fn3) -

MKL (Multiple Kernel Learning) (% Lasso <> Group Lasso # & Tp/A\ 7 7 ADIEHIL
%22/22?3?)%6 EGFRR ERE 2 RIS THWO N TWS . AIFZE T, MKL O#EEH
P 2 — R 72 P A TIEBA L, £ &9 72 1ERIE 2 W AUE R E 2 B 5 22220 T
?Jﬁ’*‘f:. F72, MKL O~A X\Eﬁﬁ@%%ﬁb EIDRENGRAF T oo D FE D Fedi I A ki 72
T ELAERLEZ, SHIT, RET—ZICBT oEMEALFEICERRA v F 4 D
Alternating Direction Multiplier Method #4242 L, % OUUHIZEET 2% BRI 72 E 4%
Bz 7.

WFFERC R OB (530) -

We have investigated statistical convergence properties of Multiple Kernel Learning
(MKL) with various types of regularizations. Moreover, we proposed a Bayesian
variant of MKL and showed that it has optimality without strong assumptions on the
design which are assumed in conventional theoretical analysis of MKL. We also
proposed an online optimization method that is useful for structured regularization. It
was shown that the proposed algorithm converges in the mini-max optimal rate.
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