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2. Class Balanced Loss

long tail problemg ‘|2 4 QA= Y=
re-sampling, cost-sensitive learning, logit
adjustment, transfer learning, data augmentation,
representation learning, classifier design, decoupled
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effective numberzt ZBEX] ¢ sample?]
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7} 71&0] sampling=] & datao]] 2gE &, LIFEX]
% 2k, B = S Zolth. sampling® datas2
A4 2= Q710 ojnf FEE|X] 9t= sample®] volumeg
effective number2 7*9]3stct.

2 Qo= HA class B2 sample 520 xlo|7} ¢
= UUbAQl data set} class .2 sample 4:0] xpo]7}
+ Imbalance?lt data set2 0] &3] st5S RISHA|A 1 X}t
o] 2 AtmE Zlo|tt, 1 § UuhAQl Class-Balanced Loss,
7129 Class-Balanced term2 Al&-st ¥A Q1 Squared
Root Class-Balanced Loss, 7]&9] C(lass-Balanced
term& A|Fst H{A QI Squared Class-Balanced Loss £
371X] WA O =2, Loss function® Softmax, Sigmoid,

Focal % 371412 ol §sto] 452 54stn 4% Zolc
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train epoch2 200,

128, evaluation batch sizes= 10002 XAX35191,
momentum<  0.92 AA35IC}t.  data seto 2=
CIFAR-10 data set2 A}823}¥ 1L, imbalanced$t data
version9|A]= imbalance factor2 0.022 AfL3i1,
balancest data versiono|A]= imbalance factorE
None©O 2 4A3ic}. learning rate?] 3¢ £7]91 0.12 A
A5t th7E 160 epoch, 180 epocholA] 0.01H9¢] = 7hAsH
T2 MAsHY Tt Balanced data set®] 739 betax= 0.0,
gamma:= 1.002 AAst H loss function? Z&F=&
softmax, sigmoid, focal2 #7357t Hd=2 EA5IYcH
Class-Balanced term2 A 8354 ¢4L imbalanced data
set9] 732 betax= 0.0, gamma*= 1.0, imbalance factor
= 0.022 AASE H loss function? £/FE softmax,
sigmoid, focal2 HASH7IH d55 5735t 371X H
A19] Class-Balanced termg A-83F imbalanced data
set9] 79 beta:= 0.9999, gammat 1.0, imbalance
factor= 0.022 AAst ¥ loss function? Z&F&
softmax, sigmoid, focalZ ¥735171H H=2 EAst Tt
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Dataset Name CIFAR-10
Imbalance X 0(0.02)
Softmax 0.8535 0.769
Sigmoid 0.9286 0.7724
Foc;al(gamma: 0.8581 0.7727
1.0

# 1 long-tailed CIFAR-101} ¥4t CIFAR-109] tsf
C}QFst loss function@ 2 &r&5A]71 ResNet-32 RE19]
Classification accuracy

I 1S HYH Imbalancedl long-tailed CIFAR-10XTH
balancedt ¥¥F CIFAR-10 dataset®] accuracy’} Z=
loss functionof tjsfl =2 215 =T 4 ot o]& i
class ©2 sample47t T2 imbalancest data set9] 73
& A Ads°] ©ojA|= long tail problem& QIS 4 Q)

o},

Dataset Long-Tailed CIFAR-10(Imbalance=0.02)
Name
Class-Ba X CB /CB(sq | CB*squ
lanced uare ared
term root ver.)
ver.)

Softmax 0.769 0.7805 0.7692 0.6086
Sigmoid 0.7724 0.7854 0.7782 0.6402
Focal(ga 0.7727 0.7901 0.7737 0.6595
mma=1.0

E: S 2 long-tailed CIFAR-109] ojisf kst

Class-Balanced term2 A-£X]7l loss functiono g gt

4 Al171 ResNet-32 239] Classification accuracy
I 25 Y9 Imbalance$t long-tailed CIFAR-109]] Tf
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