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(A-1) BRITTIERIAFERIRICEET MR

KBELEMBEF AL TH T ARTEN S EBERTT—40 5 A AR RZER
DHHHMERINT ZHEZEHFELE. 512, IMNABEH—NR—TH+ARTOREEDOM
fEHRITHESIZ HSIC Lasso Z#h3E L 1= Block HSIC Lasso Z#I2ZFELT-. ARILIRICLY, HEEIX
/ST EDTEL D DTz GWAS T—ADDIEMIZIEREBERDOHIEHMERIRTEDLLSIC
ot (FR1).

K1, KRBT —RIHBITHERER.

F—5 BEER (U T)LER Raw LARS  HSIC Lasso
RA 352,773 3,451 0.671+0.002 | 0.572+0.002 | 0.767  0.004
T1D 352,853 3,443 0.671+0.006 | 0.569+0.004 | 0.788 = 0.002
T2D 353,046 3,456 0.609 +0.004 | 0.565=+0.005 | 0.675=0.003

5[, 2ZE L= Block HSIC Lasso D Python 3—KR(pyHSICLasso)% Github TEEf 9 5, #
WEEUNOHRELRBITHEZEESIIL.. ChoOMEMRE, by Tov—FILTHD
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AIREE LD EZHATFL TV, HSIC Lasso D7 )LTY X LBRFEAFICIZ, HSIC Lasso D
BB E (Consistency, Support recovery)ZBASL ML -, AL R (X, AISTATS 2020 [Z
WEFETHS.
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- d _ k) pyHSICLasso
m%RI}i 5 L_ZakK + Allely = github.com/riken-
acRy k=1 F aip/pyHSICLasso

$ pip install pyHSICLasso

1. pyHSICLasso /Sy —.
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o EIRAIMITMEFRTE : Hilbert—Schmidt Independence Criterion(HSIC)Z FAL V=@ R A HE 36
Fixhsiclnf)ZBA%. (AISTATS 2018)

o FEIRMW-IEXRKTE Maximum Mean Discrepancy (MMD)Z FAUL - @IRMIHEERF %
(mmdInf)ZBfFE. (ICLR 2019)

o ERMEEERRTE Kernel Stein Discrepancy (KSD)Z AU V=EIRBVHESR F % (ksdInf) %
FAF. (NeurlPS 2019)

K2IZ AT T—%I2$[1% True Positive Rate (TPR)E KU False Positive Rate (FPR)D#ER%
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