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Review on fairness in image recognition

Wang Mei', Deng Weihong™, Su Sen’
1. School of Artificial Intelligence , Beijing Normal University , Beijing 100875, China
2. School of Artificial Intelligence , Beijing University of Posts and Telecommunications , Beijing 100876, China

Abstract: In the past few decades, image recognition technology has undergone rapid developments and has been inte-
grated into people’ s lives, profoundly changing the course of human society. However, recent studies and applications
indicate that image recognition systems would show human-like discriminatory bias or make unfair decisions toward certain
groups or populations, even reducing the quality of their performances in historically underserved populations. Conse-
quently, the need to guarantee fairness for image recognition systems and prevent discriminatory decisions to allow people
to fully trust and live in harmony has been increasing. This paper presents a comprehensive overview of the cutting-edge
research progress toward fairness in image recognition. First, faimess is defined as achieving consistent performances
across different groups regardless of peripheral attributes (e. g. , color, background, gender, and race) and the reasons for
the emergence of bias are illustrated from three aspects. 1) Data imbalance. In existing datasets, some groups are overrep-

resented and others are underrepresented. Deep models will facilitate optimization for the overrepresented groups to boost
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the accuracy, while the underrepresented ones are ignored during training. 2) Spurious correlations. Existing methods con-
tinuously capture unintended decision rules from spurious correlations between target variables and peripheral attributes,
failing to generalize the images with no such correlations. 3) Group discrepancy. A large discrepancy exists between differ-
ent groups. Performance on some subjects is sacrificed when deep models cannot trade off the specific requirements of vari-
ous groups. Second, datasets (e. g. , Colored Mixed National Institute of Standards and Technology database (MNIST),
Corrupted Canadian Institute for Advanced Research-10 database (CIFAR-10) , CelebFaces atiributes database
(CelebA) , biased action recognition (BAR) , and racial faces in the wild (RFW)) and evaluation metrics (e. g. , equal
opportunity and equal odds) used for fairness in image recognition are also introduced. These datasets enable researchers
to study the bias of image recognition models in terms of color, background, image quality, gender, race, and age. Third,
the debiased methods designed for image recognition are divided into seven categories. 1) Sample reweighting (or resam-
pling). This method simultaneously assigns larger weights (increases the sampling frequency) to the minority groups and
smaller weights (decreases the sampling frequency) to the majority ones to help the model focus on the minority groups and
reduce the performance difference across groups. 2) Image augmentation. Generative adversarial networks (GANs) are
introduced into debiased methods to translate the images of overrepresented groups to those of underrepresented groups.

This method modifies the bias attributes of overrepresented samples while maintaining their target attributes. Therefore,
additional samples are generated for underrepresented groups, and the problem of data imbalance is addressed. 3) Feature
augmentation. Image augmentation suffers from model collapse in the training process of GANs; thus, some works augment
samples on the feature level. This augmentation encourages the recognition model to produce consistent predictions for the
samples before and after perturbing and editing the bias information of features,, making it impossible for the model to pre-
dict target attributes based on bias information and thus improving model fairness. 4) Feature disentanglement. This
method is one of the most commonly used for debiasing, which removes the spurious correlation between target and bias
attributes in the feature space and learns target features that are independent of bias. 5) Metric learning. This method uti-
lizes the power of metric learning (e. g. , contrastive learning) to encourage the model to make predictions based on target
attributes rather than bias information to promote pulling the same target class with different bias class samples close and
pushing the different target classes with similar bias class samples away in the feature space. 6) Model adaptation. Some
works adaptively change the network depth or hyperparameters for different groups according to their specific requirements
to address group discrepancy, which improves the performance on underrepresented groups. 7) Post-processing. This
method assumes black-box access to a biased model and aims to modify the final predictions outputted by the model to miti-
gate bias. The advantages and limitations of these methods are also discussed. Competitive performances and experimental
comparisons in widely used benchmarks are summarized. Finally, the following future directions in this field are reviewed
and summarized. 1) In existing datasets, bias attributes are limited to color, background, image quality, race, age, and
gender. Diverse datasets must be constructed to study highly complex biases in the real world. 2) Most of the recent studies
dealing with bias mitigation require annotations of the bias source. However, annotations require expensive labor, and mul-
tiple biases may occasionally coexist. Mitigation of multiple unknown biases must still be fully explored. 3) A tradeoff
dilemma exists between fairness and algorithm performance. Simultaneously reducing the effect of bias without hampering
the overall model performance is challenging. 4) Causal intervention is introduced into object classification to mitigate
bias, while individual fairness is proposed to encourage models to provide the same predictions to similar individuals in
face recognition. 5) Fairness on video data has also recently attracted attention.

Key words: fairness; bias; debiased learning; image recognition; deep learning
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2022;Zhang%,2022) , CelebA AY433S HR X 2] T
W |y A RS TR R b BRI -
https://mmlab.ie.cuhk.edu.hk/projects/CelebA .html

UTKFace % 4% 4 (Zhang %5, 2017) J& — ¥4
20 K i@ A R B 2 & 4RI (0~116 %) |
PES (B AL FARPE (N R SR (B AHI
HA)FR%E . Jung %A (2022) % HG ] AN FEHERF 5T
Hh S R FIAE B 23 S S D UL 1 L TR A
Horp AEIR R4 325:0~19 % . 20~40 4 F140 %
DL s il o 428 N RN ORI AHIENE A
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https://github.com/clovaai/rebias/blob/master/datasets/imagenet.py
https://github.com/zhihengli-UR/DebiAN/blob/main/datasets/bffhq.py
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52 Bl , Park % A (2021) . Hong 1 Yang (2021) |
PR RIAE A Ot DL T M A 8 AR AR S H AR 8 Pk
Horp AEWR A 43 PR 2 AR BN AR s RG] 43R PR
H s N A . B 4 4% 42 08 ¢« hitps://susanqq.
github.io/UTKFace/ .

IMDB (internet movie database) Z #f# & (Rothe
4,2018) s — I A MR AR AR 605>k H 20 284131
2 N1 460 723 g G, I X AR i FE 5 24T T AR
o Kim 55 A (2019a) 1 15 I 2o 8 4505 78 5 152 11 5]
18 T A1 112 340 MR EMR 5N 5T
o MESIE R B IE P AR i LB P . 128K
PEEMLE 3N T4 EB1(0~29 % L1140 % L)
HHE) (EB2(40 % UL b2 A1 0~29 % 54 ) FI ik
B (MR8 TE B o MR . #EAIFE EBT Bl
It AE EB2 M AE B I Z O 8R . BEHE N

https://github.com/feidfoe/learning-not-to-learn/tree/master/

dataset/IMDB,

Fairface 50#& £ (Kirkkiinen 1 Joo,2021) J&—4>
AR (AT I R S| 4259 - A A B0 NG PG a4,
108 501 Mg A G, IF XS B AF % A i E AT
ThRiE . ZEURAER S R T IHERANIE AR
P TR0 e B B i UL o R AR B R < hups://
github.com/joojs/fairface .

RFW (racial faces in the wild) £ 45 42 (Wang 55,
2019a) 52— Ff - i I 4R L T TPl LR IR
SO TR0 Aol 7 1) i LR JEE o B SR AL A N (D
FEANARKEAMBANANTE BHITELTY
3 000~ A4 17 g LB ARG ik, >R FH ROC i
2% (receiver operator characteristic curve) 1 LFW
(labeled faces in the wild ) PIF ST 58 55 A4 F o 169 A
PUNPERE , B FHAS [R) e ) 11 R 22 S A4 i DL R E
BEHZ M < http://www.whdeng.cn/RFW/index.html

®1 ERANBEBRINATFHEHES

Table 1 Commonly-used datasets for fair image recognition

I T
Ml S ALY AER pame PR e
H Bk

Colored MNIST(Kim %% ,2019a) i R FE AR BE 60 K BT 10 TR
Multi-Color MNIST (Li % ,2022) X BB YRR 60 K B 10 ey kul
Biased MNIST(Shrestha %5 ,2022a) LEP U T %5 60K By 10 Ae égé/ R
Corrupted CIFAR-10(Nam % ,2020) = ﬁﬂd‘i}j{ﬁ%mﬁ* I ek Ytk 10 PEML T
9-Class ImageNet(Bahng % ,2020) LN 56.7 K LYINUN 9 Gpieil
BAR*(Nam % ,2020) REMARZAA ) 5o Sl 6 {3

53 H%
bFFHQ(Kim%:,2021) i E R HORBE 212K LA 2 P 5]
CelebA (Liu %, 2015) IO 202599 Wﬁéﬁjﬁ/%ﬁ 2 RESL/ A
UTKFace(Zhang %5 ,2017) 5 E H 447 K2 20K OB AN AT S 2 ) A
IMDB (Rothe %,2018) Iﬁim‘%ﬁiﬁwﬂi 460 723 53] 2 R

S
Fairface* (Kirkkiinen £l Joo,2021) %W‘gfgiﬁz T esk PESVF AR 20719 AR AR
RFW*(Wang2%,2019a) b ETHE LR 2 40 607 NisE=20s 12K A
BUPT-Balancedface* (Wang il Deng,2020) bR L 2 13M N2 28K P
BUPT-Globalface* (Wang Fll Deng,2020) B |z e 2M INisE=2l 38K A

TE RN TR AR AR AR , AN s il X GE I R B A s i DL A 45 KO 46 T 34

WX 4


https://susanqq.github.io/UTKFace/
https://github.com/feidfoe/learning-not-to-learn/tree/master/dataset/IMDB
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BUPT-Balancedface 1 BUPT-Globalface %% 5 5
(Wang il Deng, 2020) 2 A 1R 591 S50 38 19 P 4> 28 °F
PEVIZARLE & AN BN R AT 4 Fh
7%, ¥, BUPT-Balancedface £ %% H 2. 8 TT ™ A
(1 130 J7 i A5, R4 R R 29804055 7 000 4 A

(c) 9-Class Imagel\l‘ﬁﬁﬁ%(ﬁﬁiz Pk 0L 75RO

DAV B BLAT R U I 20 46 o 0 7 e Al DL , ~F- 55 3
FHEAN R % . BUPT-Globalface £3 7% 3. 8 J1 A K
200 J7 g I8, FERR I A 55 11 N 1 B L5 03 A1
RECAHIE) , LBy S S DU E o ot 4 4%
24 < http://'www.whdeng.cn/RFW/index.html

o
v

(b) BARYCHEEHER: B1E; fiihl: 7750

(d) CelebA¥fiEE(HAR: ZAO5; fhill: 5]
B2 ERN A R 4R 7

Fig. 2 Examples of some fairness datasets in image recognition ((a) Biased MNIST dataset (target: digit, bias:

color/ background texture/digit size ) ; (b) BAR dataset (target: action, bias: background); (¢) 9-Class ImageNet dataset

(target: object, bias: background texture); (d) CelebA dataset (target: hair color, bias: gender))

3 BRI FHEN IR

N HLER S ) SUEER T T 2R
SEMEFE bR , AL4E JL R 5 (equalized odds, EOD) AL
2 ¥4 % (equal opportunity, EOP) , A T3 (demo-
graphic parity, DP) | 25 4 8t it Ay 1 2 F 1 (condi-
tional statistical parity, CSP) 812y 3 1 (fairness
through awareness, FTA) . A~ TR s - PE (fairness
through unawareness, FTU ) FIU 21 (counter-
factual fairness, CF)&F . SR, FIGHH AhBR # A
PP b F2 BRI AR LRI 5 LS5
PUIRTT 22X 4 %0, PG, Ay R IX 4 Mg bRt Ay
A4, HAHILAS 27 2T ARG AP b ] 2%
Mehrabi % A (2021) i) TAE

DA BRITE O I a4 b AP A4
Sy P 2P PEFE B (Nam 55, 2020) o T fi 1 X 48
Je A8 i H AR5 i DL JE S BIREAR AU 4645, Bl , e
Colored MNIST H , &~ K0 1 1 (040 St o 4= Bl L
(4 o TZT5 b 1] B UL , AR 68 i 7 455 A 1) L S R E

PE AN A RLLE g DL b 2 B AR 1 8 TR0 8-t mT A R
A E A UL . Nam 258 A (2020 ) ¥4 WL b 5 RE A 52 Ry
TC T FH Ot UL S 4 X A 200 1R 47 1 B T ) A
AR 5 Il X SRR AR s SR AT LA O A e 2
ATIER PN A REA . @& 3 i 7s , 7E Colored MNIST
i L SRR A ISR 5 2 Y e R 2 0 ) SF- 2
534 TR FE R B HE AT 6 R REAS T i I, 1 58
PR AR DU FH Al (O ) 21 €2 3 A o SRR 1) B 1R A 7
B, 00 R i X SRR AR A B L i S
AR VEAT IR (5 35 A% B A8 mT A2 e D11 25452 A i D
FREE) AT ST 1] 405 O UL M R AT HL AR 025,
PRI, 5 i O p 2 AR R A7 U0 38 30T DR R
BEAL Y B AR 2k e

2) JLFE Y4 (EOD) . Hardt % A (2016) F F JL
R RAMT AT . IR AR TR AR T
Y B G DL A N EL AR R R Y R LRI )
TEY AT AR Y BB, B P (Y = 1]A =

0.Y=y)=P(Y=1[A=1Y=y).ye{0.1}. X

WRAE R T HAT AN [ i i 1 O AR U (L S P
k) IEFEARGE 70 S H AR A R R 32 1
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RNZORARF R o HE 2, JLER S LAe i, FH
% (true positive rate, TPR) Fl{E BH & (false positive
rate, FPR)TEHA A [a] (i U J& Pk 0 AR 22 1] 107 12 Ok
FEARAE . PR, A LA TR0 A 1t 2P, ARl

EOD = %UTPRH - TPR,.,|+|FPR,., - FPR,.|]

(1)
A, TPR ., 32 7R 16 O UL J&E 4 0 I FE AR 11 TPR,
FPR,_ 7R 751 WL & 24 R 0 BUREA 1Y FPR, TPR .,
FORTENR WLJE MR 1 EEAR (%) TPR, FPR . 7N TE
P UL JE A T IREAS 1% FPR..

(b) fh WnhgekEA
K3 Colored MNIST H i UL XF 754 AS i UL b 2 FEAS 7R 451

Fig. 3 Illustration of bias-aligned samples and bias-conflicting

samples in Colored MNIST ((a) biased-aligned samples;

(b) biased-conflicting samples )

3) P4 (EOP) . Hardt 28 A (2016) 42 Hi B
HLE B 454 2R B T Y B ) i DL i 1 A
HArJE Pk Y LS55 I ROZ R AR Y = 195
PR LAY AT L B P(Y = 14 =0,Y =
)=P(Y=1]A=1v=1) XEKE HFHAR
Ivi) i UL T 2 ) A AR 108 (53 1 A £ ) |, IERE AR B
IE#f 5 R RER N 2R AR R Y . 5 2, Bl 355
B SCHR PR AE ELAT S5 i UL 1 A4 22 [
POZPRFFAHAE o PR, R DL TR A 1 0
HAK Ny

EOP =|TPR,., - TPR,_,| (2)
A, TPR,_ FI TPR, -, 73 5 375 7E i UL J& 12y 0 FT 1
PIREA 119 TPR

PRNFT 20 Ny T IEGF A AR B AN [F] s L
JaE P AR A 2 ) ) e 2 S Ol 7 e g AL i 4 L 4
Z MR 29 ) , Wang A1 Deng (2020) 42 H i A~
() TR A TR S8 14 Ty 2 SR A i s L2

4 BEBIRANATEEEE

B AL 1 9 T AR SE DI R SR i B
7o, TREE 27 > CHUR SR, JTAE RS TEN s U K
M. SR, N EIAE N5 1 O gl it
NI UR B 22 S BRI e WL S . PR,
B Ko VR B 2 2 118 2 A DAL B35 A 8 3 A2 B ATT 1) o6
o TEEMGU ST, 0 10 25 J LRk 22203 h
AL (FERAE) MG IG5 RRAE IG5 | FRAE AR | B2
e o] IR A N RN e A B
4.1 FMR(FRHE)

FEAR T IR (FERAE ) S e B 3 i, o e
FHE) 2 WAL Z — o TEVIZRET i GE o o
B A G B s ) ASCER (4 D /0 OB AR 1 SR R A
), IR ZH AR T BRA R (R 25 R )
SRR | HR TR AR X BB () S T FR B, BRI
XF Z BRSO/ MBS AL DL . JE4FR 41
DM O T A A= i A A (B 2 &
R AEAT ) LIFR T2 P . Nam 58 A (2020) 0K
SUA 2500 DL 1 b A s 1 B 45 5 o 2D B, A
A S MR R A IO M A T T, 177 3 A R A 1
B IR B d o gt o BRUL, AR A 2 R e Al
DX S A AR B 4 2 R BT B /IS T A DL o S R AR 1)
P PRESE R o At AT TR AR AR (R 453 % eR B % L
HEATEE AL, DT B T X fh D, v A AR 1) ST R
HH T A A i N 1 A A OSSR g DL 1) S PR 22—
Park 55 A\ (2022) ] FHAS [R]FEAAR Ao A A 0 R 2 WA
& TEILEEAE I, Seo % A (2022) W H AT A [H] B 2%
JE RGBS A R PR 9 K/ . Kim 58 A (2022)
LR 75 B2 4 SR (R 245 SR A I 4R DL o ZE AR AR
FER FHFEAS Fo0IME FE R A= A EE . Ahn 5 A (2023)
Fl Zhao %5 N (2021) 57 1| 53 47 4 (out-of-distribution,
00D) K& (Huang %5, 2021) (/)53 % , WAL 3 5 /3 A5
HMFEAZEARL, i DL i A AS (R B0 BE R 5K, ERT I )
FH B B AR G A AR BEAT B INAY . Li Ml Vasconcelos
(2019) ¥4 FEAAL T AE Ry — A>T 5 2] 1928 15, 44 O D,
fe/MEAER T INBUG BB e 2ds iR
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T 2 N ff 2 JBE 22 Ta) 8 LU A9, O ol P R AL AR B2 T
(stochastic gradient descent, SGD) 38 5 51 B 73 A 4%
SRR A B UL o Amini 55 A (2019) %
PRME 55 5548 43 B 8 4 i 2% (variational autoencod-
ers, VAE)Rll& LA ) Bdia B2 h WA 4341 SRS TE
YIZARIT 5 3 0 b fifT 27 > 08 08 A 53 A >R A2 R o
Bruveris 5§ A (2020) 485 A [R]85 fi X6 A
AR PEATERAF DTN A TEU3 Bl L

PP EAGECE R IE R B AT, HA S
Hhnat Z R 2g G o SR, BINASAY O kO AT 1E
AT figp e ), AR A BOREAA B R 3G
XF Z2 BRI G TR IR B RCRAER A IR . 53
A, HRAE I 5 BTN Z2 B BRI R AT 3
L X HAEAT B 5, RORBEAR T R A, 1
TG GE IR TR B, A PT BEAE B TH 23 PP 1 [a] B R AT
iR
4.2 Ef%igE

SRy G S0 A AN P A R 1) i L ) R, 3 5
FEAR I ZHENE 3800 TAES I A A O BT [ 2% (genera-
tive adversarial network, GAN) #E17FEA A= J, , DA H4
TN BORE A Y MR B0 . Kim 55 L (2021) F1 I 4
a2 AR S E ARRRAE A DLUARAE , JF SZ AT A
i UL X6F 564 A i DL o S A 1) i UL AR ALE L 1) 2R
DO/ ICIESS - J A TE € = o N il /S QT =2 BN A
i, AR S 30E ] (class activation map , CAM) 2R
i 5 ) 3] 45 T A G T i DL e 5 DI, DA T
T8 5 48 i D 1) o e v A S S AR A 1 AR
Ramaswamy %5 A (2021) Y11 Z5Az BT I 26 A Bl 158
() G, -4 B — b A A 6T 470 0 285 1 9 A 5[]
YL BT A 1) S ) 7 V6 oA BT e 28 e e B i [ 45
{18 i DL Je P, DT P A I 258580 .- Georgopoulos 55 A
(2021) % F H & M7 52 4] 15 — 4k (adaptive instance
normalization, AdaIN) M\ ¥ £ 1 A~ [A] J2 VK [A] s 3 B
EUZR I Z2 B @ P K R B Ja PR AR R 5 1 A fi
T 88 v, DT 52 SH0RE A ] 1 5% 614 22 e (v AL s P 2 48
IS 2 HA R v, S A i i L Ja 1 A -4 11
A LI B UL o Ge %5 A (2020) F] H starGAN
(Choi 55,2018 , 7ER FF B I3 A S 1K OL T, Bl 22 &
(EAOEL I e NTE B NS E VS 27 PN A2V
R ol % D UL 1) B 5 Yucer 25 A (2020) 3 F Cycle-
GAN (Zhu 25 ,2017) 52 BN @ VE 1 e A2 . % JEF
XFAFUREAS AT LLTE o 3/ B I8 3l ok 1R 5 3 S i 14 7

DU, 451 Gn e 55 1 5 152 Ml 53 2 R o M LI, Zhang il
Sang(2020) 4 1 ] IR HURE AR Bl AZ BG4 i DL T
P, B BORE A A RE A B, . Al AT AR 5 308
BRI ERE et i N 5 s A DO 71 = 2N Y
ar AU ot REASA R R , AT DR XS HUAEAS 2 £k
PERES AT 55 T R , 4 T AR IR A 2 i L
ROR

TR« T A JORHT 00 2% 1 PR 388 5 T LA 280
b iff TR AN S ) R e ek DA 2 T T Il DL
AR TP PRI PR A AL TR S pm ) H R el T
RS A BS80S0 5 B X B 2 2T, A ORI 0 468 1)
WZAATERE , I B2 5) BB P85 55 ] el
4.3 A

ST AR ik 1 SR BRAE B9 #0142 R TR R A
J2 T AT 3 98 A O V3 AR 4 O DLAR R AT
Pah Mgk , T 2905 S A B8 1L 73 51 5 S A A
A, AT/ NP IS R 0T T i DL Jes PR A , B2 7
2P DusE N (2021) 76 AN 2R R fiF 42 s 13 15
OUT RIS 53 5 R AR DI 2503 26485 , ( H BRI R 1)
A i UL R AR A B A A S0 . Bk UG A AT TR
B~ HAT R [R) H A 288 531 T A ] i L2 ) B AR A 1)
FRAE , IF X P R R HEA T INAF- 24 2k A5 3 3 53 5 1Y
FRAIE , 38 2o 29 SROHG 5 5 REAE 1 T 4345 5 1 5 9
53 ECH AP 2 DR — B, TS A 232 2 % T
s UL A IE AN FBUES . Chuang AT Mroueh (2021) 2 H 78
SR _E R AT A [R) AR 2500 T A ) i L2531 14
P FEAHEATIR B4 4F (MixUp) D SESURRIE S 5
TE LIS A LL ) JEAT RRAE IR & R 00T, -1 29
SRS A AR R — ZAY T 25 2R, )M I %of T
A5 o Nuriel 55 A (2021) A Ry HE 2845 I (AnS03H)
AT DL KURS A5 L, PR, 661 1 3 07 S 461 05—k
(Huang Fl Belongie , 2017) , % [f] — 1L ¥ P 19 7 > A
AFFAEHEAT AR A5 2 (R JZ R SCAE B2, P
DU FEAS 1 i UL P i 5 B ARRALE 38 5, O 2 SO Y
REAS LE B 73 21 5 BRI R T B P o0 S T o
SUH i DL

WIS A T MR 0 R RS s A I 2507 ik
RS RE o BB IR Z e REAE T — E R
A 5 s DL AR A R AR e . AR R Y
FRAE T SCPE IR BRI AN 5 5 HL 25 Fi e AR 1 o 1 7 vk
ATHERATRT B, 345 5 RO RFRE Z REPE ARG AS 2 o
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4.4 HHERRHE

FEAE R e FH Y 25 LS T  BTEAR IR 2
8] H i B E A P AU UL & 1 0 I, F24 2T 3]
P DTG B ARRRAE , DT (i A3 455 80 (9 TR0 B A A
Z W LB . Ragonesi 25 A (2021) 5] A A5 B (1)
SEAR AT IS B AR ERAE A D0 AR 25 22 6] /Y B A
B, T 25 B H b JE PR RRAE 0 DA S o Zhu 55
N (2021) F) FH [R5 PR 45 Ry B 2 1) 1) s 2 )
B BAG BANTTAS , 3w/ B AR RRIE R R UL REAE
Z A EAF B o Sarhan %8 A (2020) 4351 %F H FR4EAE
I LR AT A , 5 A S5 KA R 0 B H A
FEAE A D UL A B T A B T A8 2 HE W (varia-
tional inference, V)32 Wi 2845 1E A9 1E 281, 1 —
A EATRRE AR . Park %8 A (2021)3IA 0, T Hix
e Rl DL e P ) e BRI, TCVR R P 3 8 A AR
PRI Al AT P {5 Bt S5 3] A i DL R 28 AR R 34
RRAE 43 (0], I P2 A AL i £ BOSE BARAE Hh i A
FE R BA BARERE L R A TR0

] 5}, — S8 B 52K X 4T 2% 2 (Tzeng 55, 2017;
Ganin Fl Lempitsky, 2015) 51 A5k, 1L
O O WLRRAE N B RS ARRAE H 25 B, 4 o R 25 i) 71 ¢
Bk . Alvi 58 A (2018) F1 Kim 46 A (2019a) fit1£ —
A4l B 23 2 S U 3 s DL M TRD RO A R 1 2
TRV B Bh o 25, L IC 1 0 i D J 1 R A T I
B2 B4l B 4 S AR R AE SRR B B2 )
AT E ] WL TE & HARJEPE . Gong 25 A (2020) %
NG REAE SR A B Oy AR M RN 4 FhRRAE
75 A R AR TR AN 32 A% P ) 0 1 0 DL 19 52
Wi o SR B AR A ] B ik 7 At AT R R g 2 20
FrEME, I AR AT IR B A 0 A 545 A L%
Sy BT FUA 5 . Dhar 55 A (2021) 1 Xt 2% )
Xof T I 255 750 v i B 1) ARG R A T 25 O, o
e 5 58] g LG 56 IR R R 25 1]

TS < FRAE AR ) 7 1 RE A% A Bk i DL A0 o (1]
(R RE Sk, A A DL TG G A 57 () ERRAERAE , DT
FEAR I fif Ui UL TR, BRMT , RRAF MR B A A
T I P R ST (AU PRI B S 0 1 T
AR TCIRARIE , 5 A R B e 55, D) H AR AR AE 758k
T2 B O LA B, L 20 DL A8 R AN 5 2 R R B i
e ] BR i Bt 2 Bl R 1 b 25 B, TS ) H A
SYRIPERE . IR, AE SRR R ERAT 55 b, M DL JE 1
S FBR & P 0 — 853 o BAnE AR U3 v, e

J2 T AR B 0305 S — &8 53, QR 4 2 ) gt R G
FRAE, U0 5 2332 Wi S0 B
4.5 EEF3]

g T ALAASRIAR s b Ja P 1 A F i UL A
G328, — T e BOWL ) ARV B0 R B o ) {45 B
A HR TR A A AN ] O LS 1 P AR A S
FAT AN TR) AR T P AR [R)Di D Ja 1 F F A A ak e
2o Hong 1 Yang (2021 ) A& BELTEA I U 452 A (1) ¢
A [a) vhy  REAS 2o AR O UL TS P Tl B AR R A kAT
A, KU, o Tk A X R R DR Y SRS AR
RIREUE AR I H b Js P #E 47 7325, Al ]2 T SupCon
(supervised contrastive loss) (Khosla %5, 2020) £ 47 X}
o> O B BOEREA XS (B, K AR ) H AR 2850 i
AN T i DL 2 500 A RE AR SR TE RS, LS/ INE AT Z 18] 11
BEEg o Park 28 A (2022) W) B A SRR AR A9 B0, H
AN TR A 28 590 1 A ] i D 286531 i) R AR R Ry B0%6T, LA
B EATZ BB . Zhang 55 A (2023) 1 5EFI
AttGAN (attribute GAN) (He 45,2019 ) X R4 #E 4734
5, TEORFFHAD B PEA A 0T, 45 A U S
A AT AN R 1) i DS P 5 SR ) ) RS Lo ) i
AR RLOCAL K D P A A= 1l ) RUGAE DA LEX R FLAT
AR ] i UL J 1 B AN ) AR AE S 7% o Jung S5 A
(2021) $2 H A —A 2 A 1 A I UL A B AE S 2
Uiy, Z& i — A A AR Sy T ARIE A
T2 18 0 [ B A AT 5 T e K44 1 2% 53 (maximum
mean discrepancy, MMD )7 /7 5 A5 50 AU 1) 21 2% 4
UE3 A1 USSR 1) 20 - S5 R A A T B B
T2 A AR rp ELA AN [ i DL R A P A A o) BT A
AU eh ) HARZE A RAESE AT

I8 B A ) YRR UL, LR RAIE 2
) HEAT 290, (A5 5 A AH ] E AR 50 T A [ e U2
Sl R A B B AT, DT PR TR Y 1) H 452028 5
WIBPETC G o SR, 17 ¥6 X8 Mt DA 28 1) 4 i 7
AR SR, AR i DR 2 i 2 I, 325 I e Rk
4.6 RERIEN

T X 22 S A0 IO AEAS RIS, B — P R T
T il J2 A AR B A (8 8 R 5 5K, DT A 7545
BRI RE SO AR EVERE R S IR R EOR AP
1, —SERFFE R, B2 i AR AN [ A A 1Y) 1 7
REMSTE— R BE b0 J A AR A TR 19 25 Ml DL 75
R Shrestha % A (2022b) 5 T B 461 7] 2, 42
G — TR BE (S 2 BE) 1) I 28 X Pl A AR AR R A 727
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AR TR NP o R T HEBEREAR U, A 1)
Ry TR BRI 25 K S T AT M) X 24 220 s G A O Ik T
o P, AT I T TAIL R B 3 R A R R AR Bl
AR ZETRIE o TR U 8 % i UL 5T, Wang
1 Deng (2020) % BRI £ AF A K - i 1 0 1
YIZRAR 2] 09 NSRBI AL A AS [ R e R AIE (4 28 i) ]
OIVEATIORANTR] o PRI , AT 2t X A 2 1 2 A i
A7 3R RE LA AN R R 5 oK . ROk,
P T — i TSR Ak 2 2 Y BT 47 9 25 (rein-
forcement learning based race balance network, RL-
RBN) (Wang Fll Deng,2020) , 51 A5 fb2% ) X K [a] #
1K PREL (Deng 55,2019 ; Wang 55, 2018) 1 9 [] #E
ZRIAT AGE AR AR o IR 4R TR B S T B A
HENAE B NS HA R RS 1) AT 23 14 22 54 Sy
ARZS P T AR TR) R AR BRRE 1) A 1 4 A 2l , AT 428
R 8 2 T e e, (45 AU B AT AH AL A 8] Rl o3
SO N R (B 7 F R B S v o v R
2% (meta balanced network, MBN) (Wang &5 2022),
W BB SR Ry — A ] 5 2] By A8 i, R TN 2 Fn Ak
JE TGP 3 AR b SR A A S ORI (R) B S 8, 4Ok
b, TESNEEER (/NS - 18 Te s Sk T
it 2 TR ) i DL, 6 Ml DL JRS RN 488 R A T B A
AR RER 3 A B TR A R I A TR R 2
B Gong A5 A (2021) Jg B A Ff IR AL 1A 388 1) 45 A7
A A A% 30 T T 7 BT, DT 50 52356 b s A
(7] F9 T 408 DX Js LA 1 3RS0 9 A2 A D R4S ) )1 24

TR« AU [ 30 5 1 T 1 2 45 1 i 2
BEAT P 2T, il LS Al S Z AR AR T2 Y 2
P W7 AR ES A o SR, H R RY 5 3 R AL A 2
FERAE 55 EREAT TR, I AR, B B i
P i ARAG BB IE
4.7 Ja4hiE

BT R AL BRAY 25 0 DB % (Hardt 55, 2016) JE7E
AN Gt R ETHE T X5 I 25 J5 A A5 B Bl A
R TR0 285 SR AT AL 3, LA BRI 2R 2 Hh 3R AR 1A
AP Terhorst % A (2020a) 42 Hi F—4> 2 -4 5K
Bl A 28 ) 285 3 2 e ok AR AR AU R KR, T LA
PIAS NI BOHRFAE o FEIZ 3 2R BN R B 201
PRES AR AR, 38 A [R) R 18 3 B o A AR L
AT il 2D AN T[] B % Y 1 BE 25 5 o Terhorst 48 A
(2020b) #2 i —Fh 7 BbRHEALTT ¥, R ZRAEAS 04T

RN WA REE S LSRR (equal error
rate, EER ) (%[5 {EL A 31 25 8 4 A 5531 ] 1) A7 {03
I, SR A BObR WE AR LR T Wang HFAN
(2020) £ 11, 76 4 Wiy i 20 48 WA E E A AN 7] g UL S8
PR AR T ST Y i R AR Y 5 7 FH S 560
JHE DT SR U B UL AE L . Kim 28 A (2019b) fdi Hl— 4
/INFRASTERCHE S ok w1 IR SRS R 0 g DL, O R
TN R RY AT i A3, 1] FH e A R ok 3 43 2 g
1392 53 2 8516 HLAT N[ROSR M A4 1 A 317
i 4

TS T 5 A Y 2 A DL Bk AT LA AS el AR
IR RGO T, SEBBE ALY L UL . X TR &
BRI U, Ji A BB AR SR A AR A R B A2
IS, AN BRI 2R ) SR Al 1 4 T e, 4
FET R, SR, J5 AL B —Fh = e Ah RO . R
SRT LAZE A oAt 2 g DL 33— AR, DA B s 72
H R B 1 g UL ARIAS 28 S LR o e 41 25 4 4 A
TR 1) 1A O DL A A o e D 3 )5 2 O s B
R UL, A BT H A 5 5 T AR B WF Y T AR IR A
JRIBE
4.8 FRHFEELHNKLER

UL A S AT A T K R 1, 28
PERITEAG R IE M R G — o RIS SRS 6] 1 B
EHEATPEREVPAS 5 BT L W] —Ba 4 b, BT R 3T
W pr -t AS AR ] 5 B R B 0% 508 48 Fn A0 4 b
AHTA), Bt 42 i A 1 7 =X Can il 2R . v s DT 5 i D
DL GEREA () L)) AN —FE o R, BB BEARXEXT
RN TR IE R RE T 58— XS LA B, AR
AN TG AR A LA E AR
SRR Es R N 22— S PN, DME KB T 24
R, Hoh, 2 P s 51 A Zhang %
A (2022) il Park 25 A (2022) () TAE ; % 3 Y 25
51 F F Hwang 8 A\ (2022) 9 T A ; 32 4 FI3 5 iy 45
L5 H Wang 55 A (2022) F1 Gong 55 A (2021) )
TAE.

K2R T 6Fh F Ak W7 7E Colored MNIST
Corrupted CIFAR-10 Fl1 bFFHQ f4 Jo i 3 4 _E (i1
SR DA R AN () i o B e | PRI I R 3 A D,
() 25 WL o AR 2 0T LAE 2 A AT ]
F A UL T3 e RS TR 1 TG O 1) A i S 4 Ml D
T 118 8 R (i DL o AR A LU A8 ) 0/ N ) TR AT o
X 6 2 WA, LEF (learning from failure ) (Nam
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45, 2020) SR J H I AL R 4% 2 J6 i 458 5 SelecMix
(selected mixup) (Hwang %5 , 2022) 7£ K% )2 10 £ 47
1B A (MixUp ) LS BP0 3 5 o T i 24 il
FHTRHIE R p AR . SR 2 S R T LI,
TR P {5 8 i RS e A 15 T AT S5t 4 T I fi
MHAEE Ry, [, 6 X 6 Aoy kvl DLk
i, ReBias(removing bias with bias) (Bahng ZE 2020)

£ Colored MNIST _I A% T A% 09 M DL | i
SelecMix (Hwang 5% , 2022 ) #£ Corrupted CIFAR-10 Fl1
bFFHQ b HUAS T e R A 2o DL, 3B T K&
SRR SRS ik A R . R LR (Nam 5%,
2020) AT U Rl A 5 2R, EL S B0 B sk o 5 2R Y
HIMAT EETEBOA T WUAR 2 1 50 ] DLSE T
LA S

%2 ZAEFiELE Colored MNIST. Corrupted CIFAR-10 #1 bFFHQ i & & izt £ _F B3R 51 2=
Table 2 The accuracies of different methods on unbiased set of the Colored MNIST, Corrupted
CIFAR-10 and bFFHQ datasets

/%

Colored " , bFFHQ

" MNIST i 4 C ted CIFAR-10 B84k -
Sk Hodnte e Fdinte
p=05% p=1% p=2% p=5% p=05% p=1% p=2% p=5% p=05%

Vanilla(He 5,2016) 35.71+0.83 50.51+2.17 65.40+1.63 82.12+1.52 23.26+0.29 26.10+0.72 31.04+0.44 41.98+0.12 56.20+0.35

HEX
(Wang %§,2019h)

ReBias

30.33+0.76 43.73+5.50 56.85+2.58 74.62+3.20 13.87+0.06 14.81+0.42 15.20+0.54 16.04+0.63 52.83+0.90

71.42+1.41 86.50+0.97 92.95+0.21 96.92+0.09 22.13+0.23 26.05+0.10 32.00+0.81 44.00+0.66 56.80+1.56

(Bahng % ,2020)

EnD (Tartaglione %,
2021)

LF(Nam % , 2020)
DFA (Lee %£,2021)

SelecMix (Hwang %,
2022)

56.98+4.85 73.83+2.09 82.28+1.08 89.26+0.27 22.54+0.65 26.20+0.39 32.99+0.33 44.90+0.37 56.53+0.61

63.86+2.81 78.64+1.51 84.95+1.71 89.42+0.65 29.36+0.18 33.50+0.52 40.65+1.23 50.95+0.40 65.60+1.40
67.37+1.61 80.20+1.86 85.61+0.76 89.86+0.80 30.04+0.66 33.80+1.83 42.10+1.04 49.23+0.63 61.60+1.97

70.00+0.52 82.80+0.71 87.16+0.62 91.57+0.20 39.44+0.22 43.68+0.51 49.70+0.54 57.03+0.48 70.80+2.95

T R TR IR S I I AR, p Rom O UL th FAEATE N ZREE PR LL 51

3R T 10 B £ i W5 35 AE CelebA Y
EOD Z5 5, DA B A [7] 7532 00 1 ) AT 0% A DL 14 2
Tt WAL . Horft, MED (MMD-based fair distillation )
(Jung %%, 2021) . SupCon (Khosla % , 2020) il FSCL
(fair supervised contrastive loss) (Park %5 , 2022 ) ] FH
Ji 1 2 2 PEATAR A F2 i ; RNF (representation neutral-
ization for fairness) (Du %%, 2021 ) 2K FH 4711 48 i i 75
53 2L A5 5 WLAF BN U3 DI (domain independent
training) (Wang 5 ,2022) 5& T 5 b B AR SE LA
P 5 LA Jy 1k 25 008 AR o i R 174 SECAEL T e Bl DL A5 5L
AT SN . ISR 3 RS SR AT LU e )
IE 3G 58 | 5 IE i R R0 S A0 B2 BE [ IR CelebA 11
EOD, JH B 5 FAF I O UL o [RS8 HE 3 10 B 75
LT LB, B T 2 2] B FSCL(Park 45, 2022)
TE 5 A AT 55 b U S A3 09 20 DL SR, | T 2 14
1iF f# #% B9 AdvDebias (adversarial debias) (Wang 4§ ,

2019c) WAEFR AT 5 L UG e 4 R . By
TERFAE 2 (8] 29 oA [ AE A [ (9 BE B, A5 1iE
it H Ar P =l E O U Ja Pk R A T SRS IRk, K LA
H58 777 1% 5 5 U B I RCR

F AR5 35 JoR T {1 ] BUPT-Globalface Fil
BUPT-Balancedface #f 17 Y1 Z5 31 {8 1 REW #4711 i
I, 6 A 25 i I 07 12 78 AR UNAT: 55 b X8 ol 1% s AL
ESEURE S SO E S, Sk 3 NI ]
MR B ARy 22 ) S WA A () 2 PP i . o,
Re-weight (Ren %5, 2018) 2R JT1 5 A 5 B 25 s UL 5
Adv (adversarial learning) (Alvi %5 , 2018 ) 1 DebFace
(debiasing adversarial network) (Gong &5 2020) 1
S AR T I o X TR 1) 52 ) 5 AR O i 4R Y
PR H R AR TP AR 4 3R S 4 SR nl LU
B EIIA RE AR ALY [ 3 Y A R B
UMY (1) 23, B AR B ZE A [l R E A 1R

=
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Table 3 The equalized odds results of different methods on the CelebA dataset

£3 AEFHIETE CelebA LHJLEMELER

/%

Sk =517 T=&Xk T=KE&F T=HR4E T=WINH T=%K%k T=KE&F T=RE
B=tE5]  B=tER  B=PkHl  B=MHl  B=AEE  B=AER  B=AFIR B=AER
Vanilla(He %,2016) 26.24 40.82 23.93 15.00 20.52 4.05 18.49 12.70
AdvDebias(Wang%,2019¢)  11.56 33.44 15.96 - 10.48 3.74 7.12 -
GRL(Raff 1 Sylvester,2018)  24.90 - 14.00 6.70 14.70 - 10.00 5.90
LNL(Kim %,2019a) 26.43 33.17 28.07 5.00 19.19 5.14 16.54 3.30
EnD(Tartaglione % ,2021) 24.64 33.73 22.04 - 21.57 3.91 17.65 -
MFD(Jung%F,2021) 20.17 38.84 28.86 8.70 22.00 5.16 16.12 5.20
DI(Wang %,2020) 23.01 7.76 15.89 - 17.17 4.66 10.64 -
RNF(Du%,2021) 40.15 24.01 23.58 - 22.42 5.23 14.36 -
SupCon(Khosla % ,2020) 30.50 - 20.70 20.80 21.70 - 16.90 10.80
FD-VAE(Park %,2021) 15.10 - 11.20 5.70 14.80 - 6.70 6.20
FSCL(Park %,2022) 6.50 - 4.70 3.00 12.40 - 4.80 1.60

TE R AR R 5 e LA R, T2 HAREYE B R WLE 1k, =" 2 REEA T

*4 AREFEERBUPT-Globalface i)l Z: 7 RFW #iE & FAI RN ER
Table 4 Debiasing results of different methods which are trained on BUPT-Globalface and evaluated on RFW

/%

Jrik FA RN REA BA TP WIARTT %)
Vanilla(He %,2016) 97.37 95.68 94.55 93.87 95.37 1.53
Re-weight(Ren %% ,2018) 96.35 95.32 94.25 93.48 94.85 1.25
Adv(Alvi%,2018) 96.63 95.27 94.17 93.70 94.94 1.30
RL-RBN(Wang fil Deng,2020) 97.08 95.63 95.57 94.87 95.79 0.93
MBN(Wang %:,2022) 96.87 96.20 95.63 95.00 95.93 0.80

T IR AR A 9 e e 2R 17 s (OGBS, | FoR (BN

£5 AEFHi%E{EHBUPT-Balancedface il Z7E RFW B & FRIE R E R
Table 5 Debiasing results of different methods which are trained on BUPT-Balancedface and evaluated on RFW

1%

ik FA EMEA  REA BA TR WUIARTT 2%(1)
Vanilla(He %%,2016) 96.18 94.67 93.72 93.98 94.64 111
DebFace(Gong%,2020) 95.95 94.78 94.33 93.67 94.68 0.83
RL-RBN(Wang #l Deng,2020) 96.27 94.68 94.82 95.00 95.19 0.73
GAC(Gong5,2021) 96.20 94.98 94.87 94.77 95.21 0.58
MBN(Wang4,2022) 96.25 95.32 94.85 95.38 95.45 0.58

T IRL AR A5 N e e 2R, 1 R (OGBS, |7 FR (BB N

HRIr2E o RIS R HIX 6 My vk al LUA L, A L T
TSRV g , 578 ) 3 7 £ I TR 4 25 i DL

fE55 LRIELF . H e, FRAE AR 2 7E R R A
IR Z R EAT AT . IR, O 1 R4 Nl B R
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RTINS S e CEIRTE 5/ T I R N 01 ]
V5 Ul e XA R i R B ASCER i 45 A
I Grad e B SCTEA AR SR, 7 A R
O AR E ) T A R IR b 3205 2 0 iz A PE g
SRR T A R o BT [ 3 0 RE A e o ) 2% 4
HEY IR 2 A 11 3 O 8 il A TR R B0 R R S
SR T P fifp R A R 22 S P DR ) i AL )
I, T AR B BG4 2% O ILABCR, o

5 HB5Hk

SR 2 AR T EUG R B ASF-HEF 58 . 22 U
TR A ABATS A A 45 B I AR DR ) i 5
E— 2 e

DEAREFTE M8 A fF o8 % . Tk, 2
AR B W B 1 LA 5l DL TRD R, AN 3R 1 TR L AR
117, Al L Jag P AN B B € 75 5% 0Bl UG i
AR AR . IS B R LR 2R 2 AR
R, BEI0 Z2 R 1 2 - PR AT o i DA SR TR &
Z= QR DL TR A8 JRCVR, BRAT P ST s 42 1 ey e
J5 SRAPAFAE 22 5%, G0N, 7 B 0T o i d D 7 50905 2
A R K23 07 SR TR], REW (Wang %5 ,2019a) 4
PGS 4y AN CEDEE N AR TSR N 425 1
Fairface ( Kiirkk:iinen £ Joo, 2021 ) B F iz X143 S 25 IF.
NN N VNN L NN E NS Y NNED: PN E YN
73 HJE TP R RR M ARG — AN [ KO UL AR
YSUAS ) 19 50 2 R VEAN 8 A 12047 530k 360 E , LA L
XoF 5 A 0, b 2 BE A B B B A R AR ], 33 % e 55
FPEAG AN 1] 250 DL 587 i 10 45 1 s s R

2) B X A DL ) A TS R A R . AE I
S R LR B BB B AN SEPR Y . 3k
ESCTE A Qi D %) ST 36 R A LU S PRI M, 7 2 T T
P UL A TR DL M EA T T bRl X i 4R
S T HTR, HLSREE 2R 7. RE, ENAR S AN it 5
T 1) DL AR 25 018 LT SEAT A R A 2 2T S
AU T T I ) B SEPE PR o Seo ZE N (2022) Al
Jung 55 A (2022) FI| FH RSN G Bl 3 2588 AR
F14) O DL Ja P A B PR 28 . Li 46 N (2022) FILH & LA
1B iU Bv S AWl B S S /A O i s B E M 8
DU KL EOP A H A5 oK & B8 22 70 HLA A i WL , 43
AR BTEW PR LB Z BRI . Jeon 26 A (2022)
WRZE 515 J22 FEAE AN 2R P B AT 1) AR A1

I, AT THEAS S T 0 WLAR S 17 00 T, 3k DA 9 4
A5 S A AR 0 53 2 R AE A IE 58 1E 0 Ak ke 52 31 25 i AL
¥

3)EGH AN DA TR S5 o el . TR
BN B AR5 b B T 2RI R AL E 3R
X A [ i DAL o e ) A AR 1 R 56 22 S A [ N B A7
TE—TTSE B AR - 0] R OR 5 A I AE SRR A 55 1 Y
HER I | 5 G AR A5 R O 0 P R I 1 S L Y ] I
SR, AN R HU AP P 5 L 8RS, 2P NG
M e 2 8] A7 A8 BUAE IR 3% (Zhao FT Gordon , 2022
Gajane Fl Pechenizkiy, 2018; Fish 55, 2016) , & = &
B PETEAE DA RE AR . B T2 P
PEREAR AT B, PRI RT ZEHE AT IR ABEE , LA
BN AV S St B g B 2 A W 5 22 ) AL AL, O
BT L REUE 7E e R AR HE PRI PERE AU D0 B 2 THEE
NS G

4)BEXF AN IME S5 B AR R FEHIT IR £ . TR
BI& o 28 (19 23 7 PEF 58 b, INR + T (Holland,
1986) 851 A, LAHE S IE B 09 PR 2R 56 2% b S B0 A4
I8 O DL i 1AM EE R 5 0 I W A B 940, Zhang
AFN(2022) $2 i, FEVIZRIE AR CERRFAE A4 i L
FEAE AP B A T RER T ORI B A CHAR R AT 25
WD UL 3 Wang 55 A (2021) F| FH— PR R 2 0B
AR R REAS B DG T H AR XA T8 . 7R AR
AN G R S DO R 3 /NS B DL T P GHEUE
o A, — 28 TAE (Sun 55, 2022) FF AR R TE AR
P SRR AL S X RSN, B EAT AR BLA
A AR IZAS BAR L) R B

DY NGE NS BEEIE YA S SR T CHIUES
P WA 5 — A 3 X H S e, ARk
— 6 T /£ (Choi &, 2019 ; Hazirbas 45 , 2022) Bl 2% 1%
AU R FE . 4N, £ UCF101 (Soomro %5 , 2012) il
HMDB-51 (human motion database) (Kuehne 4§ ,
2011) AR R A R, SRR BT 55 5 2 21 53t M
WS o Ry B THR A B 24 PP, Choi 45 A (2019)
H % e 2 >0 R4 R 3 B e UL Y S TE AR
RESOUND (representation unbiased dataset) (Ii 2§ ,
2018 ) it F H SIS D7 3k A - 1 K 3l £ 03 A 5 L AN
(2023 )4 i —1> 15 AL A0 AL ATURSC 3R 498 558 07 VR R R e O
UL o FE Ja P R R NS U 458K, Hazirbas 56 A
(2022) 2 Hh — LB 4R R iZ 8 4 B
T I 8 TR RN TR B A ] AR
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E3, PEY, HFH/ @EEGIRMNNAFERRER

4 IR € 5 i DL
6 % iE

LA PR TR R 3 A 2 s —,
L AT A5 N TR RE Y B AR O3, 1 ST B A A5
Y LABRTIESE I 04 0 O PR SR D ) P15 R 7% 4t
AR WA B2, HAT R R SCRI I . AR SOR ]
TGRS 4508 ] 2018 4F 2458 LK (1% 25 fiw L 35
TRAE FOIA (HRAE) PR fR 5 FRAERS 3 F il
iR R ) R RS AR B T SRR I
Sb A A T AU RS SRR R
XHZ U 1) 5 PR ARHEAT T R ZE 4 Hh AR T
Jrla) e Ay Bl AR SRS T AU T AR
VAR e AR S OB 2 P4 TAR
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