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Review on fairness in image recognition
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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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A A T F 2 X A [P R A 7 A g WL - i
Jei AR HAB R 2P PERT 5T (Park 45 , 20225 Seo 4%
2022;Zhang%5:,2022) , CelebA (532 Hbs X 2] T
W | A RS TR IR YE b BRI -
https://mmlab.ie.cuhk.edu.hk/projects/CelebA .html

UTKFace % 4% 42 (Zhang %5, 2017) J& — ¥4
20 K @ A R EoE 2 & 4RI (0~116 %) |
PES (B AL ARG (N R GRS (B A
HAh)FRZE . Jung % A (2022) 85 H5 | AN FEPERF 5T
Hh SRR FIAE B 23 S5 Sy D UL 14 E s T A
Horp AR5 325:0~19 % . 20~40 4 F140 %
DL s Mgl 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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5, Park %5 A (2021) . Hong F1 Yang (2021 ) U]
N R A O DL, A I BRI AE Sy E A
Forp AR R 43 R S AR BRI AR S Bl S 43
H N A . B 4 4% 42 R ¢« hitps://susanqq.
github.io/UTKFace/ .

IMDB (internet movie database) #{ #f# & (Rothe
4,2018) s — I A S AR AR 615K H 20 284131
2 N 460 723 g G, I XA S A 0 4T T b
o Kim %5 A (2019a) 1 5 I 2o 8 4505 78 5 152 11 &1
18 T A 112 340 R R 5T AA ST
o HERIVE R BARJE M AR R O UL JE 1 o 1% 8K
PWEME 3T . EBL(0~29 % LR 40 % L E
HHE) (EB2(40 % UL b4 M F10~29 % 54 ) FI ik
B2 CHER—4F4 JE G M T M R « BERAE EBT LIl
Rt 7E EB2 MR AE B R 2 0R8k . BERE R

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

dataset/IMDB,

Fairface 50#& £ (Kiirkkiinen 1 Joo,2021) J&—4>
TR (AT I R S| 420 - A A ) NG PR e A,
108 501 Mg A G, IF XS Bh R AF % A Sl E AT
ThriE . ZEURAER S R T IHERANIE AR
P TR0 T B B i UL o R AR BE 4R < hups://
github.com/joojs/fairface .

RFW (racial faces in the wild) £ ¥ 42 (Wang 55,
2019a) 52— F e i I 4R L T TPl LR IR
SIS TR0 Aol ) i LR JEE o B AR AL E N (B
FENARKEAMBANANTE BHITELTY
3 0004~ A4 17 g LB A ik, >R FH ROC i
2§ (receiver operator characteristic curve) Fl LFW
(labeled faces in the wild ) PS5 55 A4 F o 169 A
PUNPERE , B FHAS [R) e ) 11 R 2 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
Wl S ALY BB pame P e
H Filki

Colored MNIST(Kim %% ,2019a) i E R FH AR BE 60 K B 10 ARSI
Multi-Color MNIST (Li % ,2022) FEB YRR 60 K B 10 ey kul
Biased MNIST(Shrestha %5 ,2022a) LEP U T %5 60K By 10 A %Ié/ GEE
Corrupted CIFAR-10(Nam % ,2020) = ﬁud@}ﬁﬁ%{ﬁﬁ% I ek Ytk 10 PG T
9-Class ImageNet(Bahng % ,2020) HEE R 56.7 K LYINUN 9 Gpieil
BAR*(Nam % ,2020) REMARZAA ) 5o Sl 6 {3

53H%
bFFHQ(Kim%:,2021) i R HORBE 212K LS 2 P 5]
CelebA (Liu%,2015) TR 202599 {Z@lﬁ;ﬁgﬁ/%ﬁ 2 PRSI/
UTKFace(Zhang %5 ,2017) % E H 447 K2 20K OB AN AT 2 T
IMDB (Rothe %,2018) }‘mﬁim‘%,ﬁfﬁgﬂi 460 723 el 2 R

S
Fairface* (Kirkkiinen £l Joo,2021) %ﬁnd‘l‘;}ﬁgiﬁz T esk PESVFR AR 21719 AR RS F
RFW*(Wang2%,2019a) b ETHE LR 2 40 607 NisE=20s 12K A
BUPT-Balancedface* (Wang il Deng,2020) AE TR L 2 13M N2 28K B
BUPT-Globalface* (Wang Fll Deng,2020) B |z e 2M NIzl 38K A

T RN TR AR AR AR , ANl 3 il X ST I R B AL s i DL T A 25 KO 46 T 3k 4 o

WX E


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 Fl Deng, 2020) J2& A 15 571 €5 35 1% PR > 23 F-
PEVIZARAE A& AN B R AT 4 Fh
W, Hid, BUPT-Balancedface 1 752K H 2. 8 TN A
(19 130 J7 i IS, R R R 29804055 7 000 4 A

LAV B3 BLAT R U I 25 46 o 0 7 e i DL , ~F- 55 3
FEAE A A Fh i . BUPT-Globalface £ % 3. 8 J7 A
200 J7 g I8, LRI A 55 T N 1 B L5 03 A1
REBCRH TR, ARGy B S T A i DR . Bt B i
24 < http://'www.whdeng.cn/RFW/index.html

[ 2

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

s il AT REORET RANE)

jEeagLi) (d) CelebAﬁE(Eﬁ: Zi’é; u%m
BRI A - PE R s B 7 161)

(b) BARERAE(Hbr: 2h1E; WM. 355D

2y
\ | iy ‘A,
- > 2

- 4’) " E
A N S
X L Y
@‘ |

51

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 ) SUEER T T 2R
FAERE bR, G5 LA (equalized odds, EOD) \HL
25 125 (equal opportunity, EOP) . A 13/ (demo-
graphic parity, DP) . 2 4 8t it Ay 1 2 F 1 (condi-
tional statistical parity, CSP) . J&HI A F £ (fairness
through awareness, FTA) | A & H1 A °F ¥ (fairness
through unawareness, FTU)Fl1Jz 35522 F-14: (counter-
factual fairness, CF)&F . SR, FIGH ohBR # A
AP b F2 BRI AR LRI 55 LS5
PUINRTT 22X 4 %0, PG, Ay R IX 4 Mg bRt Ay
A4, HABILAS 27 2T ARG AP b ] 27
Mehrabi % A\ (2021) i) TAE

DA, BRITETC AR B AU R 24
Sy P 2P HEFE B (Nam 55, 2020) o T 0 1 i 48
e i HAR-S i DL JC S BOREAR AU 465, Bl , e
Colored MNIST H , &~ 1 1 (04 St o 4= Bl L
(4 o TZF5 b 1] B 0L , RE 68 i 7 455 B 1) L S R E

BEAN AT AE g D0, oh 2 REAR 1 (TR S o T AP O
A E A UL . Nam 258 A (2020 ) ¥4 WL b 58 RE A 52 Ry
TC T FH Ot UL S A X A 200 1R 47 1 B T A A
A% 5 I s DT SFREAR 52 A AT R FH i DL s it
ATIER PN A REA . @& 3 i 7s , 7E Colored MNIST
F i UL X 5 R A sl 45 2 7Y e 4R 1 A ) P S 2
853 A R AR B B A T 2 8 I REAS T i L 58
P A ) ) Al (9 6l ) B3 €0 2 A+ SR 0 251 € 1R £
0 Gl L S REAS 0D i L b S R
AT YN it (P35 B LA mT LA sz e )1l 25 42 B4 i DL
FRIE) B S5 1) TR 5 A UL )& M 2R AT B bR 0 26
PRI, 5 i L p 2R AR R A7 U0 38 33T DA R
R FY) ELS H AR IR

2) JLFEZ(EOD) . Hardt % A (2016) F] i JL
RGN T . IR RS Y AR Y
Y B X0 i UL A A R E bR Y R LR A |
TEYIOAAET ARV BLZZ IS 19, B P(V = 1]4 =

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

MR , X T B A AN [ i DL 1 A A AR U Can S5 A
L) IEREARGE 70 € H AR A B R R 32 1
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RNZORARFER . HF 2, LA LAs i, F
% (true positive rate, TPR) Fl{E BH & (false positive
rate, FPR)TEHA A [a] (U J& Pk 0 B AR 22 1] 107 12 Ok
FEAHAE . PR, A LA TR0k A 1t 2P, AR

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

(1)
Krh, TPR, 3R 70 UL JE P 0 B AR A - (%) TPR,
FPR,_ 7 75 W& 1 R 0 B REA 1Y FPR, TPR .,
FORTENR LB VE R 1 EEAR (%) TPR, FPR . 7™ TE
P UL JE A T IREAS 1% FPR.

(ORI URUEEZN
€13 Colored MNIST Hfi I X 5 A A Flffg UL, v S AE AR 7S 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
BLES PS4 0B8R (4 T Y 6] fi 1L JaR 4 A
HArJE Pk Y L2355 I ROZ R 7R Y = 15
PEF LAY AR L B P(Y = 14 =0,Y =
)=P(Y=1]A=1v=1) XEKE HFHAR
Ivi) i UL Ja 2 ) A A R 108 (5 1 AN £ ) |, IERE AR B
IE#f A HEPR NOZE MR 1 . 5 2 a5
FE SCHR Y, EL P RAE B A S 6] s UL s 1k B AR A4 22 1]
POZPRFFAHAE o BRI, R DL TR 1 -1
HAK Ny

EOP =|TPR,_, - TPR,_,| (2)
K, TPR, ., F1 TPR,_, 53 5 3o 76 UL 1 0 Fil 1
PIREA 19 TPR

PRNFTr 2o Sy 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) $2 H i FH A~
() TR A TR 538 04 7 2 SR A i s WL E

4 BEBGIRANATEHEE

B LA 4 9 T AR SC I 2R B SR i B
7o, TREE 27 2 CHUR SR, JTAE RS EN s U K
R, SR, N R IAE N 55 1 O gl it
NI UR B 22 ) BRI e WL S5 . R,
B Ko VR R 2 2 118 2 A DAL B3 A 8 3 A2 B AT 1) %
o TEEMGU SR, 0 10 25 O WL ARk 222034
AL (FERAE) IG5 RRAE S5 | FRAE AR | B2
e o] IR A N RN e b B
4.1 EMR(ERFE)

FEA T IR (FERAE ) S e B B i, o e
FHE) 2 WAL Z — o TEVNZRET a1 o >
B A G B s ) ASCER (A D /0 OB AR G SR R A
), I R ZH AR T BRA R (R 25 R )
SRR ) | H5 TR AR N A BOREA () S T FR B, BRAIK
XF Z BRSO/ MBS AL DL . JE4FR 41
DM O T A A= i A A (i 2 &
R AEAT ) LIFRFF 25 P . Nam 58 A (2020) AR
SUA 2500 DL 1 b B A I 1 B 45 5 o 2T B A
A S MR R A ORI M A T T, 177 3 A A A 1
BB B de o gt o BRUL, PR A i R e Al
UIBGS)  = 2N E 7 8P IT S ¢ = A0 NN TR ARG IEY = 7 N £
P PRSI R o At AT TR AR AR (R 453 % eR B % L
PEATEE AL, DT B T X fh D, v A AR 1) ST R
H T A A R i N 1 A A S O AR g DL 1) S PR 2 —
Park 55 A\ (2022) ] FHAS [R] AR Ao A A 00 R 2B WA
& TEILEEAE I, Seo % A (2022) W H AT LA [H] B2
JE GBS A R PR I K/ . Kim 58 A (2022)
LA T B2 4 SR (R 245 S A I 4R DL o ZE AR AR
FER FHFEAS Fo0 I ME FE R A= A EE . Ahn %5 A (2023)
Fl Zhao %5 N (2021) 57 51| 53 47 4 (out-of-distribution,
00D) K& (Huang %5, 2021) (/)53 % , WLEL 3 5 /3 A5
HMFEAZEARL, i DL i AR AS (R B BER AR A5, BRI I )
FH B AR G A AR BEAT B NAY . Li Ml Vasconcelos
(2019) W4 FEAAL T AE Ry — A>T 5 2] 1928 15, 44 O D,
B/ MEAER T INBUG BB e 2 iR
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T 2 N Hff 2 JBE 22 Ta) 0 L A9, O ol P R AL AR B2 T I
(stochastic gradient descent, SGD) A8 %5 ¥ B 73 A 4%
SRR A B UL o Amini 55 A (2019) 4
PR ME 55 55 48 43 B 8 4 i 2% (variational autoencod-
ers, VAE)Rll& LA ) Bdia B h T 441 SRS TE
YIZARIT 5 3 R b fifT 127 > 08 08 A 53 A >k A2 A o
Bruveris 55 A (2020) #H5 A [R] A4 (4 1 1 fi o)
AR PEATERAF , DT I A PR3 Bl L

PG EARGECE R IE R R 1T, HA S
Hhnat Z R 2g G o SR, BOINAS A O kO AT 1E
AT figp e ), ARSI A BOREAA R 3G
XF Z2 BRI G TR IR B RCRAER A IR . 53
A, HRAE I 5 BTN Z2 B AR BRI R AT 3R
L X HAEAT B 5, RORBAR 17X R A, 1
TG BRI B, A PT BEAE B TH 23 PP 1 [a] Fof R AT
iR
4.2 E%igE

SRy G S0 A AN P8 A R 1) g L ) R, 3
FEAR I ZHENE 380 TAES I A A O BT [ 2% (genera-
tive adversarial network, GAN) #E17FEA A= J, , DA 44
TN B A Y MR B0 . Kim 55 A (2021) F1 I 4
a3 AR B E ARRRAE A DLUARAE , OF SZ 3R AT A
i UL 6T 564 A i DL o A A 1) i UL AR AIE L 1) 2R
DO/ ITIESS - J I TE ¢ = o N il S QT T =2 SN A
i, AR S50 €] (class activation map , CAM) 2k
i 5 ) 3] 05 T A G T i DL e 5 DI, DA T
T 5 48 i i 1) ot v A S S AR A 1 AR
Ramaswamy %5 A (2021) Y11 Z5Az BT 9 26 A Bl 58
AR, JTH S — Tl A ORI 26 14 7 7 25 [ v
YL BT A 1) 28 ) 7 V6 oA B e 28 e 3 B i [ 4%
{18 i DL Je P, DT P A I 2585080 .- Georgopoulos 55 A
(2021) % F H & 0 52 4] 15 — 4k (adaptive instance
normalization, AdaIN) M ¥ £ 1 AN [A] J2 UK [A] s 4
EUZR I Z B @ P K 3R B0 Ja PR AR Rl 1 A i
T s 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 Jas 1 A <-4 11
YR LLTH BRI UL o Ge %5 A (2020) F] FH starGAN
(Choi 5% ,2018) , 7ER FF B I3 A IF OL T, 22 14
(EOEL I e NTOE B NS EEAVE 27 PN A2Vl
R ol % D DL 1) B 5 Yucer 25 A (2020) 3& F Cycle-
GAN (Zhu 25 ,2017) 52 BUAH @ VE 1 e A2 . % JEF
XFAFUREAS AT LLTE 2o 3/ B I8 3l ok 1R 5 3 S A 14 7

N 5] G e 55 e s a5 o 0 26 Ol L, TR , Zhang
Sang(2020) 4 1 ] IR HURE AR Bl AZ PG i DL T
P B BORE A A RE A B, . Al AT AR 5 308
H AR RS 2S48 i DL M 23 28 & RO SRR A 2B 1
ar AU ot REAR-A R R , AT DR HUAEAS 2 4k
PERES AT 55 T R , 4 T AR IR A 2 i DL
ROR

TR« T AR JORT T 09 2% 11 PR 388 5 T LA 280
b iff TR AN S ] R e ek DA 2 T T I i DL
i A S e AR R e T A LI (SR S
RS A S5 0 31 e B X B 2 2T, A ORI 0 468 1)
WZRAATEE I H 2 5) BB S5 ] el
4.3 fHEIEE

ST AR ik 1 SR RV, BIF 58 #1142 TR R AE
J2 T AT 3 98 A D7 A AR 4 O DA R AT
P MG , T 2905 S A B8 1L 73 51 5 S A R
A%, DT/ NP AR XS i DL S 1 ) A e , 2 7
PP Du N (2021) 76 AN 2R R fiF 482 B s 1 15
OUT RIS 53 5 R AE I 2503 26485 , (1 H BRI R 1)
A i UL A AR A B A A S0 . Bk UG A AT TR
B~ HAT R [R) H A 28 531 T A ] i L2 ) B A A 1)
FRAE , IF X P R R HEAT I A 24 2k A5 2 44 53 5 1Y
FRAIE , 38 2o 29 SROHE 5 5 REAE 1 T 4345 5 1 5 9
53 B8R AP 24 DR A — B, AT A5 73 2 g X T
s UL A IE AN FBUES . Chuang AT Mroueh (2021) 2 H 78
SIS XA AR TR B AR5 AN [F] 0w W2 50
PN FEA AT IR A 4 (MixUp ) DA SE BURRAE 3G 58
TE LA ] LL ) AT RRAE IR & R 00 T, A3 29
RSl AR LA — S T 25 R, el g L %o 50
A5 o Nuriel 55 A (2021) Ak FE 2845 I (AN S0
AT DL KURS A5 B, PR, 66 1 1 3 0 S 461 05—k
(Huang Fl Belongie , 2017) , % [f] — L ¥ P 19 7 > A
AFFAE AT AR A5 B (RIS JZE 25 B) - %, LA
DU FEAS 1) i UL P TG 5 IR ARRALE 38 5, O 2 SO Y
REAS LE B 70 21 5 5 BRI A T B P o0 S T o
SURA i DL

WIS A T MR R R RS s 1 2507 ik
RS RE o B IR Y Z e REAE TE— E R
A 5 s DN AR R AR e L AR R Y
FRAE T SCPE IR BRI AN 5 5 HL 25 Fi e AR ok 1 7 vk
ATHAR I (a7 B Y5 5 AR E 2 RE AN AN A2
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4.4 HHERRHE

FEAE MR e FH ) 25 WS T  B RS IR 28
B H i E b P AR UL & 1 0 I | F24 2T 3]
i DTG ) B ARRRAE , DT (i A3 A55 80 (1 TR0 B A N
ZW LB . Ragonesi 25 A (2021) 5] A A5 B (1)
SRR AT IS B AR ERAE A D0 AR 25 22 6] /Y B A
B, T 25 B H b I8 PERRAE 0 DA S o Zhu 55
N (2021) F) I [R5 P9 45 R Ry B 2 1) 1) s 2 )
e b BAG BANTTAS , IF /N B ARRRIE R R UL REAE
Z A EAF B o Sarhan 28 A (2020) 53051 %F H bR 4EAE
I UL REAE 4T A5, 5 A S5 R AR R 0 Bk 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 2814, 1 —
AT RRAE AN . Park %8 A (2021)3IA 0, T Hix
JaE PRl DL e P ) v B , TV P 3 8 2 AR
DRI Al AT P 45 Bt S5 3] A i DL R A8 AR R 34
RRAE 43 (0], 1 P2 A AL i £ BOSE BARAE Hh i A
FE R BA BARERE L R A TR0

] ), — S8 BIF 52K X 4T 2% 2 (Tzeng 55, 2017;
Ganin fll Lempitsky, 2015) 51 A2 50k, 1L
O O LR AE N B BR AR AE v 25 B, T4 R R 25 i) 71 ¢
Bk . Alvi 58 A (2018) F1 Kim 45 A (2019a) {16 —
A4l B 43 2 S U 3 s L8 1 TR RO AR R A 2
TRV B Bh o 25, A IE 0 D J A T I
B2 3B Al B A S AR AR AE SRR B R B 2 )
AT E ] WL JE &Y HARJEME . Gong 25 A (2020) ¢
TG REAE SR A B Oy AR M BRI 4 FhRRAE
75 A R AR TR AN 32 A% P ) 0 1 0 DL 194 52
Wi o SR B R A ] Bk 7 e AT R R g 2 20
rEME, AR AR IR A 0 A 545 A L %
O3 B TR A 5 . Dhar 55 A (2021) 1 X bt 2% 2J
Xof T I 255 50 v i B 1) ARG R E A T 25 O, o G
e 55 380 i U, T S 4 R AE 25 1]

TS < FRAE AR ) 7 1 RE A% A Bk i DL A0 o (1]
(AR Sk, A A DL TG G A 57 ) ERRAREAE , AT
FEAS T b A i WL IR) RS . AR, RAF A S s A
T I P R ST (AU PRI 5 S 0 1 T e
AR TCIRRIE , A5 R AR B e 55, D) H BRARAE A58k
3 B O LA B, L 250 DL SR AN 5 2 R R B i
e ] BR A 8t 2 Bl R 1 b 25 B, TS ) H A
SYRIPERE . IR, AR R R ERAT 55 b, M DL JE 1
S HAR & P — 53 o BAnE AR v, e

J2 T AR B 0305 S — &8 43, QR 4 2 ) R G
FRAE U0 5 2332 Wi S0 R T
4.5 EEF3]

g T ALAASE R AR g b T P i A F i UL A
G328, — T e BOWL A ARV B0 R B o ) {45 B
A AR TR A A AN ] g AL S 1 F) A A A S
FAT AN TR) AR T PR [5G D T 1 1 4 A A sk e
2o Hong 1 Yang (2021 ) A& BELTEA I UL 452 A 1) ¢
s 1) vh  REAS 2o AR A i UL TS P Tl B AR R A kAT
R, KU, o Tk A X R R DR Y SRS AR
RIREUE AR I H b J P #E 47 7325, Ml A1 2% T SupCon
(supervised contrastive loss ) (Khosla %5, 2020) £ 17 X}
o> O S BOEREA XS (B, B AR ) H AR 2850 i
AN T i DL 2 590 A AR A SR TE RS, LS/ INE AT Z 18] 11
BEEg o Park 2 A (2022) W B A SRR AR A9 B0, H
AN TR A 28 590 1 A ] i D 286531 i) R AR VR R B0%6T, LA
BEMEATZ BB . Zhang 55 A (2023) 1 56 FI
AttGAN (attribute GAN) (He 4% ,2019) X R{% #4734
5, TEORFFHAD B PEA A A 0T, 45 A U S
A LA AN R 1) i DS P 5 SR ) RS Lo )
AR RLOCAL , K D P A A= 1l ) RS D X R FLAT
AR ] i UL J 1 B AS 5] AR AE S 7% o Jung S5 A
(2021) $2 H A —A 2 A 1 A I WL A B AE S 2
Uilp, Z& 0 — A A AR Sy T ARIE S
T 72 18 A [ B A AT 5 T e K44 1 2% 53 (maximum
mean discrepancy, MMD)$i7 i/t 5 A5 50 Y 1) 21 25 14
UE3 A3 IS Y ) 20 - S5 R A A [ B B
Tt A AR rp ELA AN [ i DL R A P A A S o) BT A
A eb ) HARZE A RAESE AT

I8 B A ) YRR UL, LR RAIE 2
) HEAT 290, (A5 5 AT AH ] E AR 50 0 A [ e U2
Sl R A B BT, DT PR TR Y 1) H A5 2028 5
WLIBPETC G o SR, 17 ¥6 X8 Mt DL 28 1) 4 i
ARH O, A Y fin WLAR A Bl A I 1207 1 W R R
4.6 RERIEN

T X 22 S A0 IO AEAS R A4S, B — P R0 T
T il J2 A A B AR (18 8 R 5 5K, DT A 7545
BRI RE SO AR EVERE R S IR R EOR AP
I, —SERFFERE ), B2 rm AL AN [ A A B 3 7
RERSTE— R EE b0t e A AR A TR 1) 25 Ml DL 75
3K Shrestha 55 A (2022b) 3T B 1 361 7] J5 34, 42
WG — TR BE (S 2% B ) 1) I 28 X Pl A AR AR R A 727
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AR TR P o R T HEBEREAR U, A 1)
Ry TR BRI 25 K S T AT M) X 24 220 s G A O Ik [
2o P A ATA AT TAIL I B 3 R R R R AR Bl
AR ZETRIE o TR U 4 % i UL 505, Wang
1 Deng (2020) % BRI £ AE A K - i 1 00 1
YIZRAS B 09 NSRBI AL A AS [ R REAIE (4 288 ) ]
OIVEATIORANTR] o PRIt , AT 2t X6 A2 1 2 A i
A7 3 R LA AN R R 50K . ROk,
P 0T — B TSR Ak 2 2 Y BT 457 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 [H] HE
ZRIEAT AGE AR AR o ISR TR B T B A
HENAE B NS HA R RS 18] AT 23 14 22 S A Sy
ARZS P T AR TR R A AR RE 1) P 1 4 A 2l , DA 428
R 8 2 2T e e, (45 AU B AT AH AL A 8] ml o3
SO N R (B 7 F R B S v o v i
2 (meta balanced network, MBN) (Wang &2 2022),
W BB SR Ry — A ] 5 2] By A8 i, R TN 2 Fn Sk
JE G I 3 AR b SRR A S ORI (R) B S 8, HLAAOR
b, TESNEEER A /NRY - 8 To s Sk T
it 2 TS AR ) i DL, - Ml DL JR RN 488 R A T B
AR R 3 A B TR A R A Y TR R 2
B Gong A5 A (2021) Jg B AR AL 1A 38 1Y) 45 A7
A A A% I 1 T ) BT, DT R 50 52356 b s A
[Fi) #9408 DX s LA 1 3RS0 9 A2 A D R4S 1) )1 24

TR« AU [ 3 0 5 1 T 1 2 45 1 R 2 L
BEAT P 2T a] LS Al UG Z AR AR T2 Y 2
P W7 AR ES A o SR, H AT RY 5 38 R A A 28
FERAE 55 EREAT TR W AR R, B B i
P i ARAG H R IE
4.7 Ja4hiE

T AR PR Y 2 0 WS 12 (Hardt 4 ,2016) 2 7E
AN G R ETHE T X5 I 25 J5 A A5 B Bl A
R TR0 5 SR AT A 3, LI BRI 2R A2 Hh 3R AR 1A
AP Terhorst % A (2020a) 42 Hi F—4> 20 -4 5K
B A 28 ) 285 3 2 e ok AR AR AU R KR, T LA
PIAS N BOHRFAE o FEIZ 3 28 BN R B 201
BRES I ARG AR, 38 A [R) R 14 3 B o A AR
AT il 2D AN T[] B % Y 1 BE 25 5 o Terhorst 48 A
(2020b) #2 i —Fh 7 BbRHEAL T ¥, RN ZRAEAS 304 T

RN WA REE S EWERTIRE (equal error
rate, EER) A9 5 {H A 21 25 18 2\ 56 TF B A0 AR AL
I, SE IR 4 BObR WE AR LR A Wang HFAN
(2020) 4 H , 7EHEIRr I 18 i 4R iR B AT AN ) i UL
PE BB L ST YR TR BT AY , I 0 FH e 55 I F%
I TR T B A LA B . Kim 55 A (2019b) fifi FH — 4~
/IR SRR 4 ok H 3 T GRS Y 1) Qi DR B, I XoF
TN A AL AT e b B, ) FH e A e 7 25 40
{1592 53 S AR AE A AN [F] Ot U Jag 1 ¥ A4 b 3k 318
15 1) 45

WS« BT e b B Y 25 e WL SAE T DATEAS s
YR RGO T, 52 BT Y 2o W, . %F TR &
REALR U, J5 Ab BREE AR E A A R B HOR 4%
R, AT 22 FR I 2R SR MG AL 1 T o U, 42
T TR, SR, JE AL PR —Fh R e kbR . R
SR AT DA At 2l UL 382 — k2 A, LA BR A A
rHBR B A O DL RIS 2P (R B e 1] i i sl
AUEE 0 [ O D084 5L DA 3 5 21 T B B o
PRI, A bE T LAt T 925, o A B A 5 TAE 36 LA
5] 538
4.8 FREEE LHNRER

BGPTSR 3, 8-
PERITPPA AR M ARG — o SRS e A (] 1) Bl
EHEATPEREVPAS 5 BT L W] —Ba 4 b, BT R 3T
Bragbnd A AR ] 5 BEAR 09 %58 5 A1Vt 45 45
AR, Fcte B i A 3 =X CnIl 2R 8E v s DT 5 0 D
DL RAEA [ LD A —FE o BRI, SRR BeARMEXT
SR PHREIL P RE AT 5 — 0 X LU AT L3, AR
VAN EILS SR | R ST 15 /N I = R € 2 | g 91 € S
AR A N 2—3R S PR, DME KRBT 24
HIRE K. Hidr F2 2 25 55 I A Zhang 55
A (2022) #1 Park 55 A (2022) (19 T4 ; % 3 h i 45
511 A Hwang 55 A (2022) 1) TAF ; 3 4 FIR 5 iy 25
L5 H Wang 55 A (2022) #1 Gong 55 A (2021) f
TAE.

FK2ER T 60 4 W, J7 1% 7E Colored MNIST
Corrupted CIFAR-10 Fl1 bFFHQ 4 Jo i 38 4 _E i1
R DA AN ) 53 o0 68, | PG 0 s R S A D
1A WSO . DS 2 8 AT LA, 2SS A o]
F g UL 5 I AL 1 TG O PR 1) 5 i o B Tl
TR B A3 K (it DL v AR AR LB A i/ N ) TRV . 7E
X 6 2 W, LEF (learning from failure ) (Nam
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45, 2020) SR JH H I AL R 45 2 J6 i 458 5 SelecMix
(selected mixup) (Hwang %5 , 2022) 7£ K% )2 11 £ 47
1B A (MixUp ) RS2 BP0 3 5 Ho T i 24 il
FH TR R R AR . ISR 2GS R T LI,
TR P {5 8 i R ARAE g A 25 T AT S5t 4 T I fiv
WA Ry, [, 6 X 6 Foy sk ml DLk
i, ReBias(removing bias with bias) (Bahng ZE 2020)

£ Colored MNIST _| A% T A% 1 M DL AL | i
SelecMix (Hwang 5% , 2022 ) #£ Corrupted CIFAR-10 Fl1
bFFHQ | HUAS T e R 2o DL, 3B T RI&
S FVRFAE RS 0y 2 A R . R LF (Nam 5%,
2020) AT U R A 25 2R, EL S B0 Bk o ] 2R Y
HINAT EETEBOA T WUAR 2 15 50 ] DLSE T
LA S

%2 ZAEFiELE Colored MNIST. Corrupted CIFAR-10 #1 bFFHQ i & & ik £ _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

o MNIST %45 4E C ted CIFAR-10 $idi 4 "
Sk B e orpte B e
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%ﬁ ,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)

LfF(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 2 5 e R AG 2R, p FRom O UL th SAEATE N SR PR LL 51

3R T 10 B K i W5 35 AE CelebA Y
EOD Z5 5, DA B A [7] 7532 060 1 ) F0AT 0% fi DL 14 2
I LA . o, MFD (MMD-based fair distillation )
(Jung %%, 2021) . SupCon (Khosla % , 2020) 1 FSCL
(fair supervised contrastive loss) (Park %5 , 2022 ) ] /]
Ji 1 2 2 PEATAR A 2 i ; RNF (representation neutral-
ization for fairness) (Du %5, 2021 ) 2K FH4F 11 4 i i 15
53 A5 6 WLAF BN U3 DI(domain independent
training) (Wang 5 ,2022) 5& T 5 b B A ST
P 5 O 1k X508 AR 0 i R 174 SECAEL T 5 Bl DL A5 5L
AT SENE . ISR 3 RS SR AT LUA o~
IR 3G 50 | 5 IE i R RS A0 B2 BE [ IR CelebA 11
EOD, 1 BR AR 3 FAF 3% ff UL o RIS, X HE 3 10 Fh 5
LT LB, B 2 2] B FSCL(Park 55, 2022)
TE 5 AT 55 b U S A3 19 20 DL SR, | T 2 14
1iF f# A% 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, AR 1iE
it H A P =l E O U Ja Pk R A T SRS IRk, K LA
H58 777 125 5 5 BUS B I CR

F AR5 5o T {f 1 BUPT-Globalface Fil
BUPT-Balancedface #f 17 Y11 Z5 3-8 1 REW £ 47 1] i
I, 6 A 25 i I 7 12 78 AR UIAT: 55 b X8 ol 1% s AL
BRGSO E S, T STk NS ]
MRy 22 0 Sz WA Y () 2 PP AR i . o,
Re-weight (Ren %5, 2018) 2R JT1 5 A 5% B 25 s UL
Adv (adversarial learning) (Alvi %5 , 2018 ) 1 DebFace
(debiasing adversarial network) (Gong &5 2020) 1
I AR T I o X TR 1) 52 ) 5 AR T i 18R
PR H R AR TP R 4 R S s SR nl LA
B E A R AR RN 35 Y A R B
UMY (1) 23 -, BEARAE B ZE R [l Bl E A 1R

=
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F3H, WBEE, BR/ AREGIRNNAFERRER

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

£3 AEFHIETE CelebA LHJLEELER

/%

ik =517 T=&k T=KE&F T=HR4E T=WINH T=%%k T=KE&F TR
B=tE5]  B=tEH  B=PkHl  B=MHl  B=AEE  B=AER B4R 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 RS 5 e LA R, T4 HAREYE , B R fi WLE 1k, =" 2 REEA T

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

/%

Jrik FA A REA BA TP PRI 2%(1)
Vanilla(He %,2016) 97.37 95.68 94.55 93.87 95.37 1.53
Re-weight(Ren 47 ,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 A5 N e e 2R 17 s (EROGBAE , | FoR (B RN

£5 AEFHi%E{EHBUPT-Balancedface il Z7E RFW 1B & FRIE RN G R
Table 5 Debiasing results of different methods which are trained on BUPT-Balancedface and evaluated on RFW

1%

ik FHA RN REA RN PRI WA 2%()
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(Wang%,2022) 96.25 95.32 94.85 95.38 95.45 0.58

T IR TR R A5 N e 2R 17 R (OGBS, |7 FoR (BB N

HRIr2E o RIS R HIX 6 My vk al LUK BE, A L T
TSRV g , 570 ) 3 RO 7 NI TR 4 25 i DL

fE55 LRIELF . H e, PR AR 2 e R R A
IR Z B EAT AT . IR, O 1 AR Nl B R
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WA, A PR E S B B i . HOR, SRy
V5 U o XA G R T R B ASCER i 45 A
I Grad 2 B SC A A SR, 7 AR
o AR E ) T A R IR b 3205 2 0 iz A PE g
AR AR A R . BT 1 3 0T RE e o 0 2% 45
HE IR 2 B 11 3 O 8 il R A TR R B0 R R S
SR R i R A R 22 S5 P R ) i AL )
I, AT AR B B A 4 2% O LR, o

5 HB5Hk

SR 2 AR TR EUG R B ASF-HEF 538 22 U
TR ABATS A A 45 Bk I AR DR ) i 5
E— 2 K

DEAREFTEM A fF o8 % . Tk, 2
AR B W B 1 LA 5l DL TRD R, AN 3R 1 TR L AR
117, A L Je P AN B B € 75 5% Bl R R i
AR AR . IS B R LR 2 R 2R
RLIL, BN 22 R 1 2 - A e i DA SR TE &
Z= (A DL TR A8 JRCVR, BRAT P ST s 4 1 e e
J5 SAPAFAE 25 5%, G0N, 76 B 0T i O D 7 50905 2
o R R 43 7 AR TR, REW (Wang 25, 2019a) ¢
PGS 43 AN B EE N AR RN 425 T
Fairface ( Kiirkk:iinen £ Joo, 2021 )5 F iz Xl 43 S 25 IF.
NN R YNNG L NN E NS Y NNED: PN EYN
73 HJE VPR BR M ARG — AN ] O UL AR
YUAS ) 19 50 2 RVEAN 8 b 12047 530 1k 0 E , HL e L
XoF 5 A 0, b 2 BE A B B A AR R AR TR, 33 % e 5%
FPEAG AN 1] 25 DL 580 10 45 1 s i R

2) B X A DL ) TS R A R . AE I
S SR R LR BT R B AN Y SEPR Y . 3k
BT Qi DL %) ST 36 R A A LA PR M, 7 2 T T
P UL A TR DL M E AT T bRl X AR
S E o HTR, HLSREE 2R 7. R, FENAR S AN L 5
D1 DL AR B 18 LT SEAT A RO A M2 2T S
AU T T I ) B SEPE PR o Seo ZE N (2022) Al
Jung 55 A (2022) FI| FH RSN Bl 3 2588 I RHEAR
) D DL Ja P A AR . L% N (2022) FI ] & P2
b i U Bv S AWl B S S /A O i s B N 8
DU KAL EOP A H A5 oK & 88 22 70 HLA A i W, , 53
AR BTEW PR LB Z BRI . Jeon 26 A (2022)
WRLEE 1) J22 FEAE AN 2 RE P B AT 1) AL A1

W, AT THEAS S T 0 WLAR 2 175 000, 3 DA 9 4
A5 A AR 0 43 2 R AE A IE 58 1E 0 Ak ke 52 31 25 i AL
¥

3)YER NP1 B AT TR S R el . TR
BRI B 2P b B T 2RI BR AR ALTE 3R
X A [ i DL e e ) A AR 1 R 56 22 S B [ I B A7
TE—TTSE B AR - 0] R OR AR I 7E SRR A 55 1 Y
ER I | 35 G AR A5 Y O 0 P (R T S L Y ] I
SR, AN RSB AP P A I 5% L 8RS, 2P NG
M e 2 8] A7 AE BUAE IR 3% (Zhao FT Gordon , 2022
Gajane Fl Pechenizkiy, 2018 ; Fish 55, 2016) , & = &
B PEAEAE DA RE AR . 1 TP
PEREAR AT B, PRI RT 2 AT IR AT, LA
BNV S St B B 2 A W 5 22 ) AL AL, O
BT L REUE 7E f R AR HE PRI PERE AU TH D0 B 42 THEE
BRI

4)BEXF AN IME S5 AR R R HIT IR £ . TR
BI& 5 26 (9 23 7 PEF 58 b, IRR + T (Holland,
1986) 851 A, LAHE S IEAf 0 PR 2R O 2% b A B0 A4
I8 O DL i 1AM EE R R 0 P W A B . 9 40, Zhang
AFN(2022) $2 i, FEVIZRIE A CERRFAE A4 i L
FEAEAEZH T B A T RER T ORI B A CHR R AT 25
B U 3 Wang 55 A (2021) FI| FH—> PR VE 2 0B
AR R REAS B i O H AR XA T B . 7R Ak
AN R G R S DO R 3 /NS B DL T A IR
o AT, — 2 TAE (Sun 55, 2022) FFAR SR TE AR
S, SRR AL S X RSN, B EAT AR LA
A AR IZAS B AR R B

5) IR A B . IR 19 25
P WA 52— 3 X HL S 4, AR
— I T /B (Choi %, 2019; Hazirbas %% , 2022) [l %1%
AR FE . AN, £ UCF101 (Soomro %5 , 2012) il
HMDB-51 (human motion database) (Kuehne 4§ ,
2011) A AR AR T, SR 55 5 52 2 5 i
WS o Ry B THR Y B 24 P, Choi 55 A (2019)
H % B 2% >0 R 4 A O B e UL Y A TE AR
RESOUND (representation unbiased dataset) (Ii 2§ ,
2018 )t F F IS D7 3k A - 1 K 3l £ 03 A5 L AN
(2023 ) 4 i —1> 15 AL A8 AL AR 3R 498 558 07 VR R R T D
U o 7E & PR T 0 AN R 5 $55k, Hazirbas 58 A
(2022) 2 Hh — LB 4R R iZ 80 48 B
T I 8 TR RN TR S B A ] AF
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F3H, WBEH, K/ mEEKIRRE A TERRHER

W IR € 5 i DL
6 % iE

LA PR T R 3 A B s —,
WL AT A5 N TR RE Y B AR O3, ST B A A5
Y LARTIESA I 04 70 O PR SR D ) P15 R0 7% 4t
AR WA B2, HAT R R SCRI I . AR SO ]
TGRS 458 2018 4F 245 LK (14 25 fiw L 3
WAL FOIA (R AR ) PR i PR AERS 9 F Al
iR R ) R RS AR B T SRR I
Sb A A T IZ AU RS SRR R
XHZ U 1) PR AREAT T R ZE 4 Hh AR TS
Jrla) e Ay Bl AR SRS T AU T AR
VAR e AR S O (B 2 P4 AR
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