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Adaptive Targeted Augmentation Strategy for Long-Tail

Visual Recognition

Student: Che-Wei Fan Advisors: Dr. Cheng-Hung Lin

Graduate Institute of Al Interdisciplinary Applied Technology
National Taiwan Normal University

ABSTRACT

The long-tail problem in supervised learning arises due to the inherent imbalance
in real-world datasets, where a few classes or instances dominate the data distribution
while a majority of classes (tail) have significantly fewer examples. This issue poses
challenges for traditional supervised learning algorithms, which often prioritize
optimizing performance on the frequent (head) classes at the expense of rare (tail)
classes. Among the recent proposed approaches, data augmentation methods like
MixUp, which interpolates two images, and CutMix, which pastes a cutout region
from one image onto another, are widely used to address the long-tail problem by
synthesizing more diverse training examples. However, to our knowledge, there has
been no research explicitly investigating which images should be paired or combined
for augmentation to achieve the best results. To address this challenge, we propose
Feature-Aware Score-Based Selection (FASS), a novel strategy that dynamically
selects and pairs images based on their feature representations before applying Mixup
or CutMix. Unlike traditional augmentation methods that primarily focus on enriching
minority class samples, FASS dynamically identifies feature-relevant target classes to
improve the model’s ability to distinguish closely related features. When integrated
with other advanced methods, FASS demonstrates superior performance on

benchmarks such as CIFAR-100 and ImageNet-LT, achieving state-of-the-art results.

Keywords: long-tail distribution, data augmentation
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S22] e e eg o RRCAE ORI B A FR A SIF AL S
TS R B AN R R DT K R PR KR o B R0 e
& ¥ hete B Y (learningtolearn) | e d - £ H i * 300 Hesgwtk A >

AR ERI AR o A R B LT A 4 B o

ok s ¥l B P Hops (Contrastive Learning ) 4R LR * 3 E B H-F 0 1F

SAt PR - BE R o BB Y 2 2[R N e T g B Y
LA - T AClE AR T A RV AE S
— 3 G Ae[16]5] ~ #F %] P (class prototypes ) 2 3 & sampling R v: 0 Fr R0

BAES A VEAY R EAR LA IR o 22| - HEFTEL A
BEE A Sl SRR AT Y EARY U AR B R T

Mo BEFRS AL ESFER R IR g o

SFELY S E o ?’%Iﬁ}f P H - Rex e AT e 87 Rk & (7
EodrB ER R BEEY B FY ~ S8 TR RME RSB G re-weighting
&0 AR L ERE B AR D RS ] o SR 2 2 R NS B G v H R
ENAE LR S NI IRE b s B8 4 LA e R

Ligd > T LRFI R RELET 71D
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AREL TR LAY 2k g B kAR B SRR LT

F IR T Al e A o B 2 ; = FASS (Feature-Aware Score-

/

Based Selection) » % & 7 TR £tk ~ B B FHEEP L E R L TR R A 2

FOORH S HCAI R B A ] e

3.1 WP TR AL
ALY 2 FRETRNL AR B AT TA gk Ak

BN EAEE 0 RIFBIIIRGET R e I RE Y o LA AN
Mul o BRVRE &L [y, B¢ x {ﬁ;fl)\ﬁ;j\ vy, €{1...,C}

e R B A EE N =35 n, 0 A AN Ao, &R

gﬁi

M % Fny >n, > - > ne 0 [F(imbalanced factor) 5 & 2g 384 &k ~ #ic & "f PR

BoRapulh AR Lo FR R IR A N et (1)
nc

1 i-1
me= - GO M

PORFORA T 2 IEERT i @ BRI E R AFEY
#* [14] #% 41 ¢ T Effective Number of Samples | & 34k = 2 o 7 B> Bk
APF VR G R PREEV A ERERAE W E L R NPT D

YRR BT K40 (2)

E(k) = %,Whereﬁ = N-1 (2)
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N-1 v oan o ™ N ¥ . a
Com LF kS Adce RN S RE D E AN

N

ud
LS
=

Hoarie e i ihg s A g € AR A

EEAF (WwEPApmAES )
B % Bg e n, = 1000 >

L
o8
A=

P hE AR RS A Bola T 0 B -
AT emy =100 PIE $HR e E(k) §SEF R BT RS  F p

+¢

2o

ﬁ‘“mﬂ‘? WHER REHFBEED LRl i

B =
H g Fa

o

BT OEE A e > DIBUEARE-§ ILIE S B BN TR 0 B2

BRI E e > T TR A Sofik? 7 Pﬁiﬁﬁglﬁ“?\‘ﬁkﬁi}i c AT E &
HEAERER (ROS) ¥ it HREEE > 2777 > 2 HEMI R

jud
\\\?@r
o

Al

G

F\“

ke

X W] Ay Bt FHUEARY A ;?ﬁt P o

g
o

2 R

EHAR R 3 r 0 L s RGREIRE © 7 5 AT R TR

E_eTA A o D B ) Btfs é’ﬂ},%" 2R 2

,"J’ l:'ta \—EF e'J‘)' 4 o

5% (MixUp ~ CutMix ) & > { & %

J]:Eal&l’ta/vaALL /I)’l F}% i'ét._

3.2 #gu A ikt P RS Y E# B4 (Feature-Aware Selection )
o o THEBERBFLFE A PR A T N T
X oo %L j\/};ﬂia

<l
%E’i/’}i‘?ﬁéi/g/ *

. e

F_&
bl
*“-‘%

B ped S AR AR A R R A
FASS (Feature-Aware Score-Based Selection) # % » H 4%
FUEAR Y BOAIE L RN e s R S B R E g A iR A B Ap L ensE ] TE G

FLH 5 P R o I E L B AR Y o M B Y )

2>1 7
Eal

FRL o BT A4S ()
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1 i exp (Zj k) 3
S = — . ,Where p; = ' (3)
TN Z g Pi= SF exp (2 1)

B¢ oz LHAEE A J it logits » B8 Softmax Sl S 48
TR o A¥F B A CFASSEREF A Hconffn iTh P EEY > TR E
FARLE D LF BT T AR o 2 R A B

Bz B Y BT RGP Re gt e

it 7 A % (MixUp/ CutMix) BF » #F 3 F 5 # i X4 balanced re-

T

sample k& x, E#H- B "R EH kA x 0 AFT G R YRS N A B

FEERE ST P RN ER S N et (4)
Y; = arg max sy, (4)

A IR A xy, TR y, 0 AT BT AR Y PHE R R

wﬁ%ﬁytﬁéakﬁa “Eﬁ%ﬁﬁyﬁﬁfﬂﬁﬁ%i@rﬁ%w

A R TR E R R e B IR RR B - A
Sd e gz A AT A (NS AN A B ) Y B

(4 BHEs] > e £) N C (RETs 0 A R lhin) P
*tk ~ x, ground truth B3t ag s C o ® A ¥ s~ 840 S, = 0.55,5; =
01,5, =035 i ()(3) F 2 BgHTE 2 chBin Ao 2R 4 &
Hoapdser C g AGKALEFRE > SR Fa-FV A F2

fF e &) o

33 L &ErwnF ﬁliﬁ 5852 & ¢ (Score-Based MixUp / CutMix )
- BFAH R 2P o 4o MixUp[9]fr CutMix[10] - 3 5+ bj:d § 85
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Wi Hdoi_Beta A F ¢ B2 Ao AR 0 ARJIEE B A TR

P R BT A IR G B B33 A NIR & o R O S R Y ok

4

> Y -
Feosf

Aeie- BPRE 0 AR5~ 5w A #ic (score) TFG RIp o I - fAA

el oo b R &0k GI B FOARAR R A B RS i

w

AR ERERLGE & RER G ER] L ERE R o

A VDA L B A xp, BNy, BREHEES x B
P ARREN y o HREAEE S, S, ’E'Jj“ﬁﬁii%fﬂ@“w 554 (H):

Sb
1= o ©®)

TSP AT HAHEA x, AR L p BNy, el aSh AT
BAHHE A x, M55 P BEEY y, 0 A fice b0 N WA H R 40k
Wy, iz dsd (R mti A EERT) PIETH N F I 6] & 48 HH 4
(A AB3T30 1) 5 ApF ¥ > FHAE P Y y, hi RIT8 F 3 R4
Bl AT ERATRASTHPER R P L €485 0.5 FEHL S T
AN e o FTEHCAE Y R

MixUp 93 3k & x,,, 2384038 (6) ¢

m = Axp + (1= Dxe (6)

CutMix 3 55 # & x, R =58 538 (7) ¢

x. = 00— M) +x,OM (7)
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He © Zfpfoghipgk M - ~@d QI gFHowE o
ek R RE A S b RBGePREBREEAIG v .

AL fRANTRELEACS B¢ e A i Al uiE- WAL AT

- # #-MixUp v CutMix & & & & (0 TE‘?-F RWEB T AR ot (8) #rT

Ym = Ye = Vb (8)
PR A EABG R kP RS A S H B T 0P RS 0 D
A W RSy, 2 ERR MR e st - ko HOA APV RUEAE Y HF Y A

ERINAE R M BT o i AR E SRR N o i - 58 1Y K s w] endE ik

* i A &2 Spw‘)’g’fi’s}’}o

-‘? K%_S\énlfzﬁﬂl s ﬂ\}fﬂﬂ 2 F )Il iﬁ batch 2 rr:ﬁ";ir\ IZ:}:;xif’? L f]’ - ﬁi 7]:"‘!;1[}%\
3.2 W6k T A P R Yo R AGEATS Y B - S A
xe S B EARE MixUp & CutMix e o fus 7 W3 4 1 ST 44 B Teeing

LA S RE - P RBEEY P o

3.4 ks 3df 4 K3 (Feature Separation Loss)
AT - HE T T H s #dp 4 (Feature Separation Loss, Lpg) > B ¢h
2
v

BA? RAnEER L iR 4 o T R T A

MixUp £ CutMix B2t &2 T e gt > trae- H 94 3
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PERA D A R R R RICAE Y N R B
Moo A BRERF L~ AR A G MERS o X2 bR R R T

EANRT o SRRk e S AT ] s Y e R -

Flpt o AR F e & FASS Wvi K- JEE A 98 Lpgo H30E - g
MixUp & CutMix 35 & 4 et A& > JEeh 32 B H o gdp 4 > @ {03 s i Rag

SESETE RS 2 TR TR ATE A S

PR

e - LRtk A EATREERZ TR (k) 0 2 5E MixUp &

CutMix T2 2 ek A A %] & Xm B X, > j\lﬂi‘“ i%#ij{{lxv\%’ﬁla}fi Z 5. (8) :
Lps = L(Zm! ym) + L(Zc: yc) (8)

HvY z, & MixUp tk 3 EHF] (s b’”rﬁa?l dten logits > z, % CutMix &k &
S D LCey) 5 R 2R 44 (Cross-Entropy Loss) > B # & it 44t
Yp o Bt B MixUp w2 § 977 b o B33 2 ¢ ERY R E L Ay, +
A=Ay, > @ 27 5 @LREEJERRA > Fujgxr TH- *%ﬁif’)ﬁ‘ 5
FodpafiAd y, S ERD R R ECRIH AR a4 o BRI
P’“"Ej"‘\"/ui'*‘])‘Jfijk Xg B RS a> SEGFH L (FHBEY) xgRERAS

’Eﬁ ’ '3/*7\ ?\fﬁ“ﬁ’ﬁt

w’<

MixUp # * x,, = 0.3x, + 0.7x5 ~ CutMix 4 x. 5 C
AR BN s C (V) T 5 3 IR AGE (7 £ - BEARGE A 4R A Ak

K1 ETF A ha s niEd AURR y, FPEFA 0 AP 8 AR

LAY T DR C chgn| e o

B o MG AR S Ly B A RASTAE A TR G

4ozt (9)



Ltotal = L(Zi: :Vi) + aLFS (9)

Y QU B R4 Ly cnig S8 F o RABF 0 T £ €
TP TR S S SR Fa O CUCE SN SE RS

NHBEEMNFE LR LD a B (wEFLY e FIHES )

4 1:FASS ;% & ;2

Input: Dataset D,Model f, Epocht, Score S, Resampling R, Augmentation A
Output: Augmented Dataset Dy,

1: ift=1 then

2 Initialize S « 0.

3: endif

4: Dre—sample < R(D)JDaug < d)

5: for each(x;,y;) € Dye_sampie A0

6 Select target y, < argmax S; ,x; from y;
7

pIp—"
Sy, +Sy,
8: X« A(x;, x5 A)
9: Add(X,y;) to Dy

10: end for
11: for each class k do
N exp(fi(x)))

j=1 m # Update scores

12: S[k] < Nikz

13: end for
14: return Dy,

)
™
=
(=
R
:ﬁ
i
S
it
o+
P
I

1 e59 FASS ( Feature-Aware Score-Based
Selection) # v » #5d & TAF IR b 0 RER A g T RN £
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CEBE s TR EE e YA B 2 A PR Fokd BT

B 2 AR R AR SR TRl B AL K AT

Class |

Class 2
=4 Soﬂmlx'/\/\_ UNE e

Instance

~ Class Class 3
Imbalanced ¥ - S —
Distribution Dataset Model
/ Class K

Last Epoch

——» Logit 1 r—}
FS Loss
g )
s —! Logit2
_E, = ™ L ]A
"~ Class ]
Imbalanced & —+ Logit3 — Loss

Distribution Dataset . L i

Model
Current Epoch

Bl 2 %W
A ERDVRIFE g AR - Y Y AR L N T e e Al |

FREEN A Hedo o (EE ARTORB AT B o BFE LR A0 B E

—\

v

BhS B FHLND R F AR & 0 F RIREES A ML BB AR
Evb b Ao B X2 A E S S MixUp & CutMix 3 5tk & o FRE3 42

Yo@l 2 9T e

AET R REIGEE 2 S AP AR A FASS e fvinse o AR 1o
FASS 7 Wit #5pie sl # 4tk 4lie * - Hafu A doame e LATHAI(L 2 1

v

2.% 11-13 i7)» ¥ 1% 5 — 4 score-based F L3 3 Wk cnid * fre e (74 o

FASS Rz enf|3T2 jo W H T 2H St FTHRHELE - 2R EAF >
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) 4 (score-based ) ~ /& & ¥4 (dynamic A)~ F#cE Y (Lpg) = B~

AT HEBUEREAHEY SRR L BB BT

LU

R A 2
g% 7T FASS o SR TNl B 0 B F R o vl SR

® benchmark & & FHL P E S PE % o

I R A

22



AR R AU R LA FT P73k 01 2. Feature-Aware Score-Based Selection
(FASS) it fak b A FRE TR HRAM - 7L AFTHRP FHT HRX
TR T WA RS RS B B BT FASS A

CIFARIO0-LT £ ImageNet-LT FAlf F i sgscdk » ¥ & 5 R G e 7t
oo ¥ ARFCEEP AR TR L EEHEADL PP T FRML

MixUp ~ CutMix £ 35 e 3t 598 e 484 > 122 45 4 S0l bl fo s 48 5 2 42
ST o Bts 0 AFTF LT R KT % 0 444 FASS chipd it B

PRNEREE L -

4.1 TR &g Ty

% Bk7E AR 7 ¥k 1 2. Feature-Aware Score-Based Selection (FASS) i %
i F PERTNY ) AT TERBEALY IR ERG AT EERESAR
% > ¢ 3 CIFARIO-LT ~ CIFARI00-LT # ImageNet-LT ° izt FAL fia ¥ 7 F
SR B B A T HTARR o A ORI T AR P N AR EA T EH o £ 23

G| E TR A R A B R R A e s SR B 7 T R%]S (Imbalance
)
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# ¢ 5 CIFARIO-LT ¢ CIFARIO0-LT 4 %|d CIFAR-10 £ CIFAR-100 3
Fas o BRI b IF BRI RIERT T ki nr® @
ImageNet-LT P2 EF £ EFTHE > 77 4B+ 47 > Eggn/R A 1 53 20

£

SR R HCA SRR B RN PR B FC BTRENRE

‘;\\}

e T 2w % FASS 2 2 AT HERE T THRAT HER o

22 FHRETR

Datasets Training Testing Imbalance Factor  Classes
Samples Samples

CIFARI10-LT 50,000 10,000 {10,50,100} 10

CIFARI100-LT 50,000 10,000 {10,50,100} 100

ImageNet-LT 115,800 50,000 256 1000

4.2 HA)| B R im &
“% 9 %% ** NVIDIARTX 4090 GPU < 5 F 34 {7 > #* PyTorch {=% -

SFERS AT AT ST AT k4 [8] ¢ Baseline S #ck %0 drd 3o

24



103 Ak

P CIFAR10-LT / CIFAR100-LT ImageNet-LT
-3 5 # ResNet-32 ResNet-50
it ®  SGD(momentum = 0.9) SGD(momentum = 0.9)
g;e:f;t 2% 107 2% 107

33
i ;p;_ 0.1 0.1
Y X Step decay : % 160 ¥ 180 epoch /& 4> ImageNet-LT benchmark
L PFE Y 23k 0.01 % @ step decay
o= %ol 128 256
PHEEH 200 epochs 100 epochs ( i# P& benchmark )
$ 1% % PyTorch + NVIDIA RTX 4090 PyTorch + NVIDIA RTX 4090

4.3 CIFARI0-LT ~ CIFARI00-LT F# # % %% %

AF2 7 % CIFARI0-LT ¥ CIFARIO0-LT & B5e & 2 FREEF 20
PRk =EeTd 2 FASS 2 a7 PARRFTH 2 T T aulit i S
1+ o CIFAR100-LT # % 100 #Fim4e it A 85 @ik > B2 F > ¥ ¥ W HRFL L
G B fEe s ;A CIFARIO-LT Rlsesgwlge” » e v ¥ 5 sk pr 04

MR A IR R A TR o

% CIFARI00-LT * > %% ¥ = 6% % Imbalance Factor (IF=10 ~ 50 -
100) » BTk R AR . P WH BT FASS H 4z 4 A
B T ehT 33 Top-1 accuracy ' 4% >t baseline #-3] - dor H p 2o L&
B R B g A vt ROE INER S G LA Fae - HBEIRG LR K de
CMO[12] ~ CUDA[I3] ~ RIDE[17] %@ &/ » £ 2 24 P REFFHS > %
IF=100 #&=3 58 ¢ » FASS #fe RIDE[17] #7B~{ ¢h Top-1 accuracy & i
51.73% > spd B s state-of-the-art B pF'y 7 P B B4 o HimE S dod 4 977 >
HeY AR BH AT TR RER PR ZHFET > 23R 2453 0 BT

25



# 4 :CIFAR-100-LT %%

Method IF=10 IF=50 IF=100
CE 56.5 43.38 38.1
CMOJ12] 60.2 47.0 41.8
CUDA[13] 59.5 46.2 42.0
DODA[14] 59.9 48.0 44.5
CMO+DODA[14] 59.5 49.3 44.9
Ours 60.69 47.70 43.15
CMO-+CUDA+Ours 61.92 49.94 45.06
LDAMIS] 57.5 472 43.2
LDAM+CUDA[13] 57.9 50.8 47.1
LDAM+DODA[14] 57.9 50.5 48.3
LDAM+Ours 57.85 48.22 43.50
LDAM+CMO+CUDA+Ours 59.77 52.23 48.71
BCL[16] 58.9 49.1 44.2
BCL+CUDA[13] 62.6 52.7 48.8
BCL+DODA[14] 62.7 53.6 51.0
BCL+Ours 63.29 52.28 47.20
RIDE[17] 61.1 52.2 475
RIDE+CMOJ12] 60.1 53.1 50.0
RIDE+CUDA[13] 59.9 52.1 49.6
RIDE+DODA[14] 60.8 52.6 50.2
RIDE+Ours 62.79 54.37 50.91
RIDE+CMO+CUDA+Ours 63.16 55.78 51.73

@ & CIFAR10-LT } » ¥ @L% 3] FASS it & baseline F & kP g el g 5

26



£ ot IF=100 &7 27 > FASS 4c » (5 BB 322 6 3.5% » 5 L4
1 4e LDAM[8] ~ CMO[12] $ € 4cfE= 2 2L » B 8 2 % 2dichfpj o
EEL o ipd A FASS £ ZLWE R e BE 4 freniEir o A o] Al @ik
PR G R TRt 1o CIFARIO-LT h2 ft i % 4ok 5 97 o &

dIHFRE-HREN AR TEFHETEE -

# 5:CIFAR-10-LT %%

Method IF=10 IF=50 IF=100
CE 86.40 74.80 70.40
Ours 89.65 80.98 76.45
DRW+Ours 90.30 83.62 78.76
LDAM+Ours 90.22 83.33 78.87

4.4 ImageNet-LT FH 3 R %5 %

SEEART S AN R E HE h RHE R AN EAY Gug v B

2t 4 AR Rtk e FASS 22 B 1 ImageNet-LT AL o 3254
FLE3 P TR ALT > PFnadE e G REEEY Y AEPRM

ik - o SFMRFRAN FERER BT HEY RS o AP RApE R
PR A o AT R A S Z 87 1 Many-shot (4238 100 3R A ) >
Medium-shot ( 75 20 I 100 ;3:7\ i ) ~ 11 %2 Few-shot ( LA 20 %:,}%\ A ) o

BTSN B - R HCA IR ¢ BLR IR i Bt B

FEG R4t 69577 > AP A ARFRT 2B F FL 8% 0 A d FH
PLOGEE & 2 f 7 A E B o A Top-1 % sz kf » FASS H bt » pre
w252 LDAM[8] ~ BCL[16] % kigHpsipd vk > kgr 2 E 482 7 L3k
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£ 4 i AP @ Eie— # 2 & RIDE[17]  CMO[12] & CUDA[13] % ¥4
P RS (- Hded D 54.8% > BB R AL 2 F o 4p
Vot I PR AR AT T B AT P R e 5L 2 > FASS i AR A &SI B
AL FERA > E- HRFIFIERRAEFLRALUL -

% 6 :ImageNet-LT % %

Method Head Medium Tail All

CE 64.0 33.8 5.8 41.6
CUDA 67.1 47.1 13.4 47.2
DODA 67.4 47.5 13.9 48.1
CMO 67.0 423 20.5 49.1
LDAM 60.4 46.9 30.7 49.8
RIDE(3experts) 64.9 504 344 53.6
RIDE(3experts)+CMO 65.6 50.6 34.8 54.0
RIDE(3experts)+CUDA 66.0 51.7 34.7 54.7
Ours 63.8 44.2 21.6 48.5
CMO+Ours 63.9 46.2 24.7 49.9
LDAM+Ours 60.8 46.9 31.6 51.0
RIDE(3experts)+Ours 66.7 51.2 31.8 54.8

45 F gy B A1

SN ER AR TR A RS R SRR S TR AR
CIFAR100-LT (Imbalance Factor=100) % A#H:E{7- (7| i 2% - p L&H
FTALH S Kt cne S FREE > B %40k 7970 > A7 #FREHR* MixUp
2 CutMix 3= & ¥ #c3 baseline $c3)2. B s > jaa 'Fﬁ‘ EL 0 pF o a %k B

SEEE o LMRFF DG EE LA ST AT MixUp 4 T f eng vl

28



FRER A CutMix R BN LA > A 4 1% i LG oA F
s A
2T ARFHEEB 2L RT %

Method Accuracy
Baseline 37.06

w/ CutMix 40.52(+3.46)
w/ MixUp 41.51(+4.45)
w/ MixUp + CutMix 44.03(+6.97)

v

57 RESRM N2 FASS f03 03 2k AR EiR6 T £ B4 FASS fn

( Feature-Aware Score-based Selection) & i3] % 2 %1 o S5 B 404 80 A
% FASS PHZ S AT F o B et B3R yER G AT
T :d;gd 51~ F i epoch #774%2 softmax ~ # T > 51 EFHEH >
DA R A L

4 8 :FASS #w 2 i 7 %

Method Accuracy
w/o FASS 42.27
w/ FASS 44.03(+2.24)

peh s AT AP A S i? o AR S HGET A 45 0 11 E #E Feature
Separation Loss & 4o~ #f4f 2 B enB G Ef Y - % 5% 2RF 3 %
= 08 FFAIREE > B DE M F s Yok 3 0 BR R € ATV
B ML b R ETE 0 B EREHE B RFE-HRETHES BEFY P RO

A e
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Parameter a vs Top-1 Accuracy

45.0

445 1

44.0

43.5 1

Top-1 Accuracy

Y S N

Moo W

o w o
1 1 1

41.0 . . .

49

01 02 03 04 05
Bl 3 7 drs Sl b

06 07 08 09 10

a 2. Top-1 Accuracy

C
F U > 7 Tif B FASS i ook AL FRERG S > LER Y FE

FoFATAHEAE VS TE BR KT -
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Top-1 Accuracy
F= = =Y F =Y F = F=
= ] ] w w B~
W o w o u o

FASS Ratio (p) vs Top-1 Accuracy

41.0

43.15
42 41 42.52 42.48 42.38 42.46 42 .42
42.08
41.67 41
01 02 03 04 05 06 07 08 09 10

Bl 4 K& * 455 p 2 Top-1 Accuracy
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IR BmAEIREY

AR L £4E k& F (Long-Tailed Distribution) # % 5L endd o X 22 4% &
2 @R AR o B - B E G ERLR oan 4 e s 4] Feature-Aware Score-based

Selection (FASS) > 7 >t @AW kg A RBEREFE L Tk 2 0 4

Fran TREGEL ) PR B8 A Bge s - TALE S RO o
W S EIEAEFT { 2F LRSS I RK gé‘r—» gLl % T

FHAEE R B DT ARG P RRERAEE  BRNE A DG

@ 5%> % » AF 33 CIFARI00-LT ~ CIFARIO-LT 12 % ImageNet-LT % &

E?ﬁﬁiéﬁﬁﬁﬁﬂﬁ’jﬁ?RﬂmwzﬁRSMMOﬁgiég
Ho % lT i@ THAEA T o FASS i ek 2 Ay o 24 %
CIFAR100-LT (IF=100) T # % £/7 ¢ RIDE & & sehh iz 2 % » BRH &
AR Y RARE FAERNA I > T A i f§ § o0 CIFARIO-LT T B

1+ > FASS 7§82 4t~ baseline 23R > T BRI B R el hfF & A o

AET TSGR AL e m?;ﬂ*kr% » # 7 MixUp ¥ CutMix
3 AT s @ SBordf 4 T st s FASS WEamE s ~ 0z H R S
PR FHET P HERTFE-#L DEERTPHET o FPAD R

AAMEHY LR Porap g s o

(\s.

Fyoarfdiz. FASS 2% k3t B4 B Rl * Bty Bl » 2 &7

Pl

B R G, g EF L ES 7B I

SE SRS IER I o B E T G TRAT R B T BR Ao T

& PR et A EE R 2 E RS R 2 % I

32
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