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Abstract: Data distributions in real-world scenarios commonly exhibit long-tail patterns, causing deep models to suffer from head bias,
where performance is biased toward head classes while tail classes are poorly recognized. A simple and effective strategy to alleviate this
problem is to balance data distributions by augmenting tail-class samples. Although most methods following this strategy achieve a
quantitative rebalancing, the generated samples often suffer from semantic shift and insufficient diversity, which leads to dispersed feature
distributions and biased decision boundaries, thereby limiting overall model performance. To address these issues, this study proposes a

sample-feature collaborative learning framework for long-tailed recognition, aiming to construct classification models that are insensitive to
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data distribution imbalance. At the sample level, a “magnitude augmentation” strategy based on the Fourier transform is introduced, in
which amplitude shifting is employed to modify the style of augmented samples, while preserving their original semantic information. At
the feature level, a “feature collapse” loss inspired by neural collapse theory is proposed to align class prototypes into an equiangular tight
frame with maximum separability and to encourage features to converge toward their corresponding class prototypes, achieving maximum
inter-class separation. By jointly addressing head bias from both the sample and feature perspectives, the proposed framework enhances
intra-class compactness and calibrates decision boundaries. Experimental results across multiple benchmark datasets demonstrate that the
proposed method significantly improves long-tailed recognition performance.

Key words: long-tailed recognition (LTR); Fourier transform; neural collapse (NC); data augmentation

IRFEHZE N4 (deep neural network, DNN) 7E R 4325 M, HARKIN B0, 8 SCo3F0 1% 2 AN 2 US98
PR R, X 5 RIS A bR 50 2 AN AT 43, X Se e % Ad T L A B8 H A IR A5 53 50, S
U CIFAR'HI ImageNet 545 4. SR1, 52) 12 A7 1 IO A o A 500, B0 S I P vl 0 0040 36 8 S AT K R oA - /D 8
FAAA KB FEA CRERIS), THT A 1 KB A A B IREA (RO Wil 1(a) FioR, fEISL 5,
BT R PR AR R o i T R, SRR BT EE 2L R AR R (BRI A I B =2 A8 B 52 4 A vl DA
WiFe o2 21, N L R S0 T2 S ) BB, B 2% S EURERY S FE iy TSk i 78 BB 8 LR A 12,
Rk, & IR (long-tailed recognition, LTR) {E45 1T FE K2 B 2 5.
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e CIFAR10/100-LT 542 ™ CIFAR10/100 1355 60000 7k & A, Hh 50000 7k FHFI1Z%, 10000 5K F T,
SR 10/100 AN, NHEAT A B, A SCSR R K A CIFAR $idi4E, B 5 Zada 25\ PGB E A,
B I R A2 BRI B R AT PR B R A R LK AR AS CTFAR10/100-LT, 1 5 7 1) A 46 AR KR
ANAR. KA HE, SEIS BN PAT 253 518 =10, f=50 F1 5=100.

o ImageNet-LT 545 ™: ImageNet-LT 2 Jf 4 ImageNet-2012 Fdi £ (K FEARA, i 4% BR Y 462077 5t 7
18 a=6 K FAEBHT KR BH, ©HKH 1000 K000 115.8k kK, B4R 5052 1280 5k, FK 58D 5 k.

e iNaturalist2018 ¥4 4 "!): iNaturalist 2018 J&— /A H 4R 2 5OW 52 AE 10 2 FEVERT 5 S8 BT H0 35 5CE (¥ SR A
SRR ZEAR AR PRSP, FREAE KR AR, A 8 142 AN AR 437513 5KE R 8, BdE g+
18 F A P-4 L 28 B T a2k 500. S5 56 A F IR BOR AR M G AR AR S I B AE 3R 1.

R KR HEHRER MRS E R

EISEES R R L i BRERST KRS AFERE T ERMTS
CIFARI0 50000 10000 10 5000 50-500 10-100 S
CIFAR100 50000 10000 100 500 5-50 10-100 S
ImageNet-LT 115846 50000 1000 1280 5 256 S
iNaturalist2018 437513 24426 8142 1000 2 500 533K

(2) LR E. 7E R IR BT, AT BT S0 #E ) DAR-BN B 45 F 45 1 BN 2, LR
WAL R . BT A ARG SGD PRALZRFIAE SO AR R HEAT I 2k, Foh B B E N 0.9 FIALE RN 2B-4. FiTl
SEE6 % PyTorch 1.8.0 7E Ubuntu 20.04 #:4F &4t L f#H NVIDIA 3090 GPU #E47 5256, SEI6 1 T B R0 & M
LRI, TEFTA LI, $1KR Ly FRESE B e 8.

%FF CIFAR10/100-LT ¥4 45, 3475 Zada 25 A\ "Y1 Zhang 25 N\ PO s236 % E, i1 WideResNet-28-10 £y
W25 1. ARSI % E mini-batch ]S54 128, M HBILGEE Y 0.1 IIE P 3208k 2] 2, SR J5TE epoch 24 160 F1 180
A B SRR 0.01. TERT 5 /N epoch EHE T — PRI TR SJ BER, DA —RuF2R 5 7328, RS e Xt pri sy
IR /N, EBJ5 40 4 epoch {# ] ASFC.

%} T ImageNet-LT I iNaturalist2018 #4fa£E, STIRAEH ResNet-50 1E & T MAIR R F 1 BN 256, aiEH
0.9 FIRE LKA SE-4 f) SGD AL A VISR, HIUh 2% S1 2 SE-2 [FiB A 8% 21 2, SR )5 73 HIAE epoch A
160 A1 170 TEIK 10 f%5. ASFC #HEIR £l 5 40 4 epoch.

4.2 1EBIMHREERER

(1) XL 2. ARSI 5 PR BT R

o JEZR VA 240 KU e /M (ERM): E AN AT A0 28~ 467 SR (40155 1 R P 328 SO 8 2 B AT I 5 SR
SIS D BB AT I SRR E P EOE A IX LR 2R T R S AR SO RVE S AR R B R S RN R 4 SR

o FRiT 7. HLE P R4 B I BT 725 LDAM-DRWE* 0 MisLASP**2 I fih T Mixup HI 77
cRT+Mixup™, LWS+Mixup™™. b4k, Z5256 105 4 Al (56 T 2B 48 (57 M2m™P!. OPeNPY, CSAPY,
FFENM9F1 CaUIRL™8E4T L5

(2) 7E CIFAR10/100-LT ##4E [ sCis 48 B AR R4 2R 2 12t 45 FmT LUK I, A SCHEH ) ASFC AVATE
AN RS B A RIS P4 256 R SR I AR T At 7 vE 1 1 8. AT =, 7F CIFAR10/100-LT #l4E b, AP
E A8 10, 50 #1100 B, ASFC AHE T PERE AL 7250 AIERFE T 0.4% (3.7%)~ 0.6% (3.9%) F1 0.9% (3.9%).
HE— MR M, ASFC fE T M 3755 (BRI TH7 2678 ) AT B E RS, XM T ASFC AN A FE A F47
AE AN 5 7 AR AN P-4 I R, TR IG 53R 7 A5 2 ()92 AL R

(3) TE R MU ELHE 45 TmageNet-LT 1 iNaturalist2018 | 5236 45 R LW, A THITAS AT ik i 2t 5z ik
fit H7, A SCHE H B PR I KB 2 ImageNet-LT Al iNaturalist2018 047 7 X EL 286, 45 R0k 2 s, ol
DAL 523, ASFC T Fr A % i T AR Fr e L P R, JCHAE 1 SR ALY iNaturalist2018 Hdi4E b, H A A0 T



REZ F: R 69 K EIRA Sk 9

Bl B AR KRR, 1245 Rtk — 2D UL, AR SCHTHR A AR5 ik 1 R AL LE AN [R) AR5 AN R G A 2 (1 Mot 4R E
PR BTG N RE T), BEWS AT R PR T3 55t v DR S0 2 A AN Y4 o i S PR 2R i 22 i L.

F2  BAEUELE L Top-1 MEMIEMELER S R (%)

CIFAR10-LT CIFAR100-LT

Ji B=10 B=50 B =100 B=10 B =50 B =100 ImageNet-LT iNaturalist2018
ERM - 83.6 79.6 - 524 45.1 44.6 612
KA - 82.2 75.1 - 48.0 42.5 45.1 64.7
LDAM-DRW - 85.3 80.5 - 526 46.8 48.8 68.0
M2m - 85.5 81.3 - 529 46.5 — -
MiSLAS 91.3 86.9 82.6 67.9 55.8 52.1 — -
cRT+Mixup 90.1 86.3 81.1 63.9 524 482 51.7 70.2
LWS+Mixup 91.2 85.7 80.0 63.7 53.0 46.9 52.0 70.9
OPeN - 87.9 84.6 - 56.3 51.5 524 -
CMO - - - - - — 49.1 68.9
CSA 90.3 85.4 82.7 68.3 532 46.1 49.7 -
FFN 89.4 85.8 83.1 57.6 493 46.8 50.5 -
CaUIRL 92.5 89.1 86.5 72.1 57.4 526 53.9 71.0
ASFC 92.9 89.7 87.6 75.8 61.3 56.5 54.1 713

4.3 HRELAFR

(1) AN EEAHF

AFITE CIFARI00-LT (8 = 100) 44 L% ASFC H [ SCEEZH - 3EAT T Y RITE 72, o “w/o AmpAug&FC %
JRAR LA FH AR [R50 B BT OPeN Siik. 45, A5 it — 040t 718 3 FARRIZANNSF L RHER =, 35 k36
P CENINZRREAR>100). 382 GEANIIZRREATE 20-100 2 i) M Few-shot 25 &N INZRREA<20), LLEE 41T
fili Bt AR AR 2R 3 BIoR AU SIS T LUK IR, A9 SCHE HE 09 BT A AR50 e i 4 s B ek . it dh, {8
“AmpAug” M“FC7I, BRI/ JUEMI R MHRTH T 2.6% M 4.1%, XL AT LUA SR 25w Sk Bl 28
RPN EON AR E it

# 3 1E CIFARIO0-LT 44 RS R (%)

Bk e S eSIES JSEIN
ASFC 76.9 58.4 342 56.5
w/o AmpAug 77.4 57.6 32.1 55.7
w/o FC 76.2 57.9 33.6 559
w/o AmpAug&FC 78.1 52.0 29.5 53.2
(2) FRAE AT AL 2

N B HLEGAIE ASFC 2 3] BT HREE (9 5 &, A5 35T t-SNE (t-distributed stochastic neighbor embedding) %
CIFARIO-LT #UIRARTE B = 100 FIAPHTZR B E F IRHE 734 BEAT T "I AL 2317 W& S(a) i, Oversampling J7
B Z R Z, 58U AL 2 AT R B, JE T SRR AE R D 5 b i S ek e A L T SRR v, R
# OPeN (& 5(b)) 1 CaUIRL (& 5(c)) JiERETE— AR LIRF R E I R G AR, (AR E M FEA 5 3k
SRR NETRVE . AR A SCHE ) ASFC J572: (P 5(d)) Xof LA AT AR AL 45 SR AT L, Sk 2o R 2R b S0 Hh o 0k
{11258 P 43 A R B S5 B £ 25 ) T B 3 18 B ASFC R U sk JRE R AIE 1) 2% =3 , o T HE 3 AR AUE 40 A1 o) B A8 P S 0
Gy FREERI NS FE.

(3) AR AL 4 R

FRNEAE ASFC J7TETE AR L i« $RTH RS8R A It 5 J7 T IAE H, 471572 CIFAR100-LT %
P EX 45 B — 2R (K 40 RUE R SR AT T AT AT, B 6 25 SRR, ASFC JivATE L4 K 2 MR 35 RESE = 4%
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ARSI oo et S e

FUETR A R EAE A2, BEAE FONREAR SR (I, ASFC iR I VE BESE TH I B 30 2 2%, R WIZ J7 i0
ASHRH G R AR AT R B RO X — IR UL, ASFC BeWs A BOSCEE R ALEC R /0 A0 T B ) I 22, 45
Xt S AU R 0, AT 7E 24 590 22 T b — 20 U 5 HC A S v 4 i e ) 280

80 0 F -
60 60 | N 2
40 - 40 b 3
20 0| & 1
of of ’
0L % 20 4
a0l : —40 b
: -60 |
—60 o : ) ) J%’JS% sob . . R L=
~75-50-25 0 25 50 75 ~75-50-25 0 25 50 75 ~75-50-25 0 25 50 75 ~75-50-25 0 25 50 75 100
(a) I KFE (b) OPeN (c) CaUIRL (d) ASFC
5 {£ CIFARI0-LT ##a4E I, {4 t-SNE 3R A R R ELENHRGE AR T Ak 45 R
i TRFE ==mASFC ---- B4
1.0 0.04
" 0-8 it 0.03
# 0 h 00 &
E 04 TR
M
0 || ||| ||| |||| Il [ 1l 1l i il
1 10 20 30 40 50 60 70 30 90 100
B
Kl 6 7& CIFAR100-LT 45 b, AR 7773060 B AN 28000 1 Top-1 4 FUERH &
4) TREIR A S5 o FHAERIVERE )52
AR 9) H, TS o H TEHIEESE E: o EERK, R BT BrE SC8 =5 BUIAFEA BRI,

TR REEAG, [Z, a (EBRIN, DUIHG BB EEER . O T ER FCIRAE IG5 R X AR AL PR R A2 I, AR I I Y o SRR
FAETIAE CIFAR10/100-LT di4E F A RE k. MR85 & 7 Fros pIvERe B AL 2R AT LA HH, 24 o (H /NS, AT 14
FEAR XA, 12 B T A B B A5 B LU BT, SEEET FEAR N Z PR 2, M LA SR TR A7 (L RE /7. BE
F o BB, B EERD BTt SR, Yo BUEESE T 1 B, BEALPERE 22 R R 3. X AT o B KH,
BB IR (5 B 5 R IEFE A 2 Jid ok, S804 4 I B A o] BEAE ARSI KUK, IR 24 5] 56 Rk 4y
T, 2ETCRFFR I IS L R, AR SO S35 0 =0.7, LLYEZ RV 518 X — Bt 2 [R5~ F 4.

88.0
87.6

87.6 | o 874875
_ 872 TSk-- Al
S 872} 87.0 4 87.3
s s6.5 569 57
2 868 | e
= /
% 864
Z 8641 A.862

86.0 k7859

gsol— L
0 01 02 03 04 05 0.6 07 08 09 10

K7

a
(a) CIFAR10-LT

56.8

56.5
56.4 56.4
56.4 Sf'3 56.2 Sf;"’/"\\fﬂﬂ
S 56.0 -0 AT
~ 56.0 p’ .
= 5577
E 556 ~ 55.7
= 553,/
ssaf N
“54.9

54.8 . . :
0 01 02 03 04

05 0.6 0.7 0.8 09 1.0
4

(b) CIFAR100-LT

7£ CIFAR10/100-LT ¥4 45 b, RNEHESE o WHERIM:AE 52

(5) HTFEA TR &5
N T BN /RAE A FET 0043 200, A SO0 A2 38 FEASHEAT AT AL, Wik 8 o, 18] 8(a) 3R H o



KB E S R 69 KB AR A Bk 11

FEA RBARLLAE ), B 8(a) FRISRAMEAR (RALIRELE D) TX T N — 4T 0L, HARFEASZ K 8(a) T,
MRAMEAZ A 8(a) . y Fom HARFEA RN BANEA AR TR £ BB, PR RO SRR AMEAS (iR B U o7 B AR
AHERBL, BEAE v BIIER, HARFEAS 1018 SOBORBR BT AMEA, KIEHE N 7 HARFEAR Z . It — D3 1
FET X T/ BERBEA G (A7 Ak

0
50
100
150
200
250
300

0

50
100
150
200
250

100 200 300

(a) HFR (1%%M) FEA (b) y=0.2
8 fSHH FFT 19 21/ HS ) FEA AT AL 45 51

100 200 300

(6) TRALBAT SRR T
NT B IRAIE AT AR ASFC IITHRCR, AR SCIE K PG 4 ImageNet-LT Hl iNaturalist2018 _Fid 3Z7E
52 BrBAT — MR (batchsize=64) AR 7755 F5 IS TE] (s). 36 4 Goit 72T #0538 1) CaUIRL J7iEFI 48 3¢
J5 35 T 75 R TRI G IR 1) 7 2K 1, o rpr CaUILR 1 A Universum 38 R #5255, R & B, A1 LLF CaUIRL J7
2. ASFC KGRI Tl /b, HL g 0 25 3 i ) g R 1k
F 4 RFEFBIBAT— DR A R Top-1 73 25K

_y ImageNet-LT iNaturalist2018

g i 1A (s) FERE (%) i} 1E] (s) KEEE (%)
CaUIRL 0.114 53.9 0.098 71.0
ASFC 0.109 54.1 0.093 71.3

5 B 4

AR MBEAS RIS IE 5 A J2 R 22 23 2570 ) 3 ASFC 757925 DA -1 R R 3 v AR 4 22 il FE. AT 5, 7
REAJZ T, JE T8 B AR — Pl B3 ) Hems, HAE 5 R AR 2 R 1 5] ) 008 G v SUUEARS XU
TERFAE 2 TH, SZANAPHREIR E R, AT —FrRiEPHE 1R 0%, B 75 (R ERE i A0 28 R B 5% 2 B AR IR K
AJ 345K, AR SCHE 4 N SEERR SR RN RT3 AT T T2 SR, A4E: CIFAR10/100-LT. ImageNet-LT
A1 iNaturalist2018 ##i 4. SLIG 45 REK W, ASFC fig i & 5 m KR UUINMERE, IFA AR R0 K2 ) (4.

TE R 5 R 40 R P J7 T, RS A ST Hh I 7 VA R S 3 H s M R, (R 5 5 T s 3 I O R AL, HPE R
FUBEAR AN I SRSCR 05 E S8 745 (8], E RN A E T, A H AT EEEE TIWEKERINES. Rk, TATHI
1T T E R R T AR KR B 2 ) 5K RN s, SRR TE 2 G A S S tk. thab,
AR SCHITHR H I RRIE SR 40 2R B B BB I W AR, T E— B R T 2 AN B SO AN B bk S 5 ). il TE
B 2] LA R P HER S RIS N [ — 15 SRR AE R 2% 8] A% 55 45 5 G, AN 30 SR B A 4 LA 110 8 2
55, BA &R E.
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