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Data analysis for high-dimensional data with discrete structures
and its applications

HRARE
SR 5Hf8 (KAWAHARA YOSHINOBU)
KBRKEE - EEBFHER - B
HREES : 00514796

WFZER OB T (Fn30) : AL, WD CTRIRTT/R T — Z I BT ARG R 2 £ 5 I
BWT, BE (MATEFET 2850 SR OBMEEZRIAT 5 HEIC L0, KIkW 72 St
B RPOMRONRPETRC, B E 2 ek & LT 2179 12 O3 EICEE I 2 ki o
BRE ZOIGHICBT28AEORGEEZ BN ET L0 THD. AWFIETIERRIC, HiEREK
WZBT DI T HHE Y = T E I D E A B OBESEIEICE B L, 1ERITEEIC
HETHHENNEES L E 2 SN TE-R8E (NP NEERIE R &)~ K,/ Pl s i o &
BOTDDON OOFMENT VT Y X LAOWFEEZ{To 7. E-BREICNIET 5 Bl E % 5
AIENGR & L CRIT 2F T, 2R0 - @RE A EGHE 2 R8T 5 HIEICBE L T EE21T
Sle. LT, BIGFT —H N2 EDWL OO BEE RS HA~EH « BiE21TV, SR
HRAMEIZOWTHHEREZITH- 7.

WFGeR RO EE (3530) © The main goal of this research is to develop methodologies for
efficient searches of solutions with global optimality or for incorporating discrete
structures as prior knowledge in combinatorial analyses with high—dimensional data.
Moreover, we aim at its evaluation of the usefulness in applications where combinatorial
computation plays a central role. We developed some fundamental algorithms to calculate
global/approximate optimal solutions in problems that are known to be difficult to solve
(such as, NP-hard problems). Also, we studied a framework for the calculation where we
can incorporate such discrete structures as prior knowledge into data analysis for
efficient and accurate combinatorial calculation. Furthermore, we applied the developed
methods to several applications and investigate the usefulness of the framework.
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