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84 A4 E KL

®1 EF—RAWLERICLE>TCIFARI0 ZFEF LIETILDOSHNT—4 (SVHN, LSUN, ImageNet, CIFAR100) D

AUROC OttE. RPHRBRWMEZAFTRLTWS.

method Test acc.(%) | SVHN LSUN ImageNet CIFAR100
standard 93.50 89.22  88.61 82.68 84.88
cutmix [5] 95.00 83.74  87.26 79.24 83.18
mixup [6] 95.31 82.91 8741 76.63 78.09
APR [4] 95.21 98.13 92.94  84.46 88.45
RFC (proposed) 94.07 98.15 91.03 83.04 85.83
RFC (proposed) & APR 94.71 98.59 93.82  85.17 89.02

b, SO OWHRETHERS (SEERS) & A
ZHWT
Lmiz = f_l(zl) + f_l(z;l) (2)
Trnio = F 1 (2]) + F*(zn)
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L, 200 =Ry 7 ETHEE L. 77— XIBROFIE
1%, FARM7% RandomCrop & RandomHorizontalFlip
DT — RYLIE & standard & L, FHITHM X T
cutmix [5], mixup [6], APR [4] OFHEZEH L 7z
7 — X YLER, X 51T APR [4] £ RFC %58 M L 7=
T=RIRICE D, ZNENET N FEE I L.
ST — & ¥ LTIE SVHN, LSUN, ImageNet,
CIFAR100 ZH W, A7 — 2 AN E 71
DB FRID softmax JED O fEZ #HW, 7
MHT =X 500 _MEHZITS. ZLTE
D _AEFHDFHATERE © LT Area Under Receiver
Operating Characteristic Curve ({'F, AUROC) %
Huwz., &7 —-XLROFIRLE ZhIiT L o TH
HLU7ETVORE, AUROC DfEZE 1 1Z/RT.
mixup [6] % cutmix [5] 72 ¥ DFGEFA FE2HIVE Lz
ZERITEIR D 7 — KRR FIRIX, AR IR 7 — X5k
@ standarad £ D BFEEIIRVH DD, DT —
XD E 2R AUROCIE FAoTWa. Zh
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