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Abstract

In the early development stage of deep learning, research focuses on the balanced benchmark
data sets of categories such as ImageNet and CIFAR. However, in the real-world visual scene, the
data distribution often follows the power law distribution. This means that a few categories ac-
count for the vast majority of the sample size, while the vast majority of categories only have a
small number of observation samples. This long tail distribution is the normal state of nature and
human society, and widely exists in key fields such as species identification, medical diagnosis,
automatic driving object detection, and industrial defect detection. However, the traditional deep
learning model shows an obvious performance imbalance on the long tail data, which is due to
the head bias: driven by the minimization of empirical risk, the model will overfit the head cate-
gories with rich samples, leading to the deviation of prediction results to the head. Tail collapse:
for tail categories with scarce samples, the classification accuracy of the model often drops pre-
cipitously due to the lack of sufficient identification features. This phenomenon seriously re-
stricts the robustness and reliability of the artificial intelligence system in the actual complex en-
vironment. In view of the severe challenge brought by the imbalance of long tail categories, how
to build a robust recognition model has become a core topic in the field of computer vision. Based
on the hybrid expert model architecture, this research delves into the image classification prob-
lem under the long tail data distribution and proposes an innovative depth vision recognition
strategy. The main research contents and contributions of this paper are summarized as follows:
A method of adaptive integration in the test phase for multi-expert long tail image classification
is proposed. After introducing Test Time Augmentation (TTA), that is, image enhancement in the
test phase, two reliability scores are calculated: 1) Stability, which is measured by the average
cosine similarity of features between enhancements; 2) Certainty, which is derived from the nor-
malized entropy of the average probability distribution. And different weights determined by
these two reliability scores are allocated to different experts, so that each expert has a preference
for image judgment, and can better perform image classification tasks on data sets. This method
requires no additional parameters and has minimal overhead. It can effectively restrain unrelia-
ble experts, significantly improve tail class performance under the long tail distribution, and
maintain the overall accuracy.
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IRE & Z R (Mixture of Experts, MoE) {0y —FiRi Siistis 2844, ILEERul I RIRAUE. HAx
DR RN A CBRKT TR, BANEREBEWES A A F S, B L S
SRR GE LR, BRERZ N TR ZMBOERAREKES . et X L
P, AEAFIR A S TANIAR, 8 G AT (1 ff L )

&4t MoE 7EMI 1B Bt 2 2R f] B 1) PP ISR 1, 3K [ 5 S 2 A Sk i e X 2 e T, i R 7
BREM, HEERERFAZRSRE, SERKEDSFRPRMBER. BRMEZE. ik, AXEH
SRS RRTZIE SHIKE [1]J7 A HEZE R BRI b, SR H— b T A5 1 55 1 15 5 A0 1 2 A B
BT, BB ST FE, BARML ZON BAEA R TTHR, ARk & R, R TTH
Ve SIHERE T, FELRRF MOE i RUIE I [RII , SEEIL S A () Sk M R AR e, A R THC R B&R 70 R RCR

2. FHXTIE
2.1. KEE®%IRA

R UG R TH R AL Ak ) — A0 Bk AR, 32 B T 3 St S o A R R e D HCk
HBA R EREA, KRR RREA D o IXFPAT 7 T B0 GUIR 2 ) B (W 2T 250 KUK f
/M ERM ()11 Z5) 7 B g ] Sk 28 ) JRE P e d I Bt AL o ML 289 R vtk 505 S B 4% ImageNet-LT [2]. CIFAR-
100-LT [3]+ iNaturalist 2018 [4]. Places-LT 45, XUeHd i s s, HEsh 1 APl Sk ) sk 57t
ZALIEERY . METK R G IR BT O RREEIEER,  E 2023 4F Deep Long-Tailed Learning: A Survey [5]K#
J&, U NP K I . 2024~2026 fE(R], TR ORI R TAE, PEREEREME EAWIRIHT SOTA. 1E
ImageNet-LT 1 iNaturalist 2018 |, £5& R & & ZAE A (MoE) AL U 15 & KA U7 R OO T, R
HER R BT, (R A E E 3 17

AR, MOE JFaA#HE I N KR IR A, I TAEERER TR HEnE: 401, Fi%E MoE 76 KiE & i
2 (40 Mixtral [6])FIARSE RS v I R DD, HAEK R SEAT 25 h I S ARG THIR . BONSRTE R MERE . ST
Priz A g =

2.2. MM B EN MRS

76K B 1% 1R 51 (Long-Tailed Visual Recognition) /1, Vi &% ZX 5 (Mixture of Experts, MoE)ili it £ 4~
R R (U0 Sk R R 2] A ) AN 2 B AL SR AR S ANl I /. AT, BLHAIY MoE 72 IR B 22 K H
6] 5 24 B (Average Weighting) B[] 5@ IAUER B SRt 3K Fhish 2 SR M 2B T S N FEA AN A 22 57
(WS . AT E), FECKILREFHM. BAoTmkeines, DA MRHERZE . NF X — )
R, T B Sh A AL Rl (Test-Time Dynamic Weighted Fusion/Adaptive Weighting) Wiz i 4= : 3 T4\
FEA SIS 5 (W AT FE 08 4 sl SUMMBLE) ShaS v SRS L KA, S8 B & R 4 KA e
IR B sh 25 A i 5 10 M & st 98 T 42 1k 2% =1 (Ensemble Learning), {E7E I 2 >J IR B B A IS FF 45 i
Mg, SRR B2 NER SR, W R ESE B, B BE .

TEIRA T AL N FH R R, MOE RARIE & A IIBLRL A« I 5 I 2% 1 28 AR5 0S54t
MRRFY BGE w] 33— 5 FH Test-Time 155 (0 Logit Entropy. SHERAZREL OOD 20 %) 1HEALE, #9114
B B P ] i B

& N B AS IR B () R B I RE I R

B FF i MoE 2 T./E(f1 RIDE. BalPoE) £ H [Fil i& B ] H I AL AR B, 2h 214 B - 1 5 Balanced Product
of Experts (BalPoE [7]#1 5 T4F)#& ! Product of Experts (POE)WLH, it sRANEE B L S, 847
BimE, (AAEEEE.
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Ji SRR I B (Test-Time Adaptation, TTA) 242, 41 TENT [8]. MEMO [9]45, 25 1 REAR T 24 5k
R Git; [, 76 MoE W i BIE FE A E, Wi i B0 il AHE 51\ PR & A 5
&M, W MEID [10] (2024)EARAIK B H I Bh A P

BTSSR A BN E R, TR MR OB 7E T XEEE %N 7 (Difficulty-Aware)
I “H N4 527 (Input-Specific) B E 1145 : {4 Test-Time {55 (235 . Logit Entropy) & X EEAHESE
RN MEREAIR TR L X E., 454 TTA R, SR Z NN 3125 84 K 5Tk .

AR SCHRE AR — Pl T R M R A P A A AN B 1 3 I i SR, X R L AR AN R T T R
BT EEIE F7, B3 5 T B SR A2 AR ), B AU RO OR T R R AR B, S5k K B
i, HAMELTREE, LEKEREE.

23, KA S SR

ARSLAAAREE Ay 1) B A (AR A Lo R, FL S FPTE 12 20 4D 60~70 SEANHIME B R U, 1%
TPV S AN R R R e M AR SLAE R B E AT 5 T — Bk

sim(u,v)zﬁe[—l,l] (1)

€ CIEIATE T H 7 AR e —— H O & 1 5 [T AN 52 8 FE e, A R R R s 1 R AR
WRIR B . BEBIRES IR, ARSZARBURE B L Ll B b AT H S Ak, RO T AR AE 2% 8] B2 2 ) b
HEF7 250

RIZARE R RAE L )L HERA T XA SEERR, kg TF-IDF + RZALE & UK
RIFEAE TV, 3R T — A0 RRe . AIIERA AR LIRS SR AL . Sk s B R S Y A i gy
], P A ) AR ACLRE oA AR (it o AR T RR IR BE 85, AR S AR AL 7 o 4 A% i 25 Hh th R L o
FoE -

FEVRFE S 2] 7 1A b, 284 k4% (Siamese Networks) Al = JG2H 451 2 (Triplet Loss) K &A% F A2 AHILE ;. £
RS 2 ) [ B SCUL R (A CLIP [11]) R R 2 A LR X 55 H b FE % 2] (Metric Learning) s HAEH
P B R R AR

AR SCAE R GZAALE T 7, B SRR R R OC R ik T BRI L, R
SAFAE W S RS O ] e DK PR B L2 PRI s Ak iy LR B2 I DT B R AIE P e S U AR “ 4l
PR R RBOT F AR R, RE RO, TR

TR I ZAFAE RN, ARTZARLE IG5 AN AR MG A EE: i T BatchNorm. LayerNorm 25 45#E1L
JEWAFAE, REERIIR S B A T, Wy mfE BN 5E . XA R XA BN =R L —2L
PEI B SRIEFE

& 5% Claude Shannon 7& 1948 “FHFFAIME TAEF I, 2ZE BRI OHMEE. X T35 p,
& IR SOR:

H(p)=—§lpclogpc @)
HrrC NEME. ZoE LEFHRZINE B RE S W% TR %M 1 41E B 2R . Rl
M ¥ISIHAERS, H,,, =logC (B, SEENHE), HEADAMAN, H,, =0 (&b, TEHE).

15 R E— T RSB . XARTE S SRR AR KA AL B A A BRI E X, X RIE T AR IS
R PR AL B
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HAEATENE. —REFBEMRMES, SEFERN. TFRRB SHEARMEZAM T, 8RR O
F) 5 T BRI BALAR,  SRBREAS . R IS5 PR XA A TR A S B s o

X B PR R M A R L rp AN S R IR BN S N, AR A R R A

HARSEAMU AR AL A e B, BARBEA RO T SO0 A AR AL IR AR e, (B R P RO
FAE—SER . AR RIS, RIFEA T IIZER o, RAER B AR e MEE H AR, (HET
I SRR KT RE SN AL AL R G MRS (E— B TN, BARRHEIR IR E , (BT 4R

R RISV T B A T, RES MR L 500 702810 “ HSEHME R » (H5e g 1
FAERIERE . AERBIRASET, $0 kiR E 50T gen RIFEA L B B E(EEHR T, 58
SRV oA B, ABSEBRISH 7E 2R R

AR BRI DA 5 A VE -5 T AN 2 P A O 5 R 5 SRS, e AR 1k S5 1 2 1A
THATHREL G, SRR T B E SRR, RS ERE, HA R E R L XA 2 R
TREBGE, XAV FOR TR A AR TR, RN R 7O RS A TN ) B e

3. BABlF*E

FEMRFTBL, N SBn 2 & BN 0 Eh AR SO HR TR AL 70 A A% T Atk it 7 — &R T
RFAE 2% () A 8 5 T A1 B 5 U AS 5 B ISR S LA o B BRI AR 8 B 5 L UL i
ML (S5 RIPR. B R e 4 Rl & TIOR3 BT A2

3.1 BRI E S ERAEEE

NP A ERE RS T EREIF NG BT FRMAER, XA IR 4 0 #t K
X={X, Xy, Xg | € RESMY A g HKCPRHER AR A, My B st v x ™, Hor
x" = Flip(x;,dim =3) (3)

JE AR LR 5 B HH R IE R g S 20U B Bl el A BB (RN

¥ x 5 x" A RIEN S E AL E RN RAMMRL, SRAFW S

432K logits: 55 e N5 ZO AL IR T A 227 e R®C, SRR BTN 2™ e R®C, HbC
N

PP RE: 55 e A% FAEJR MG A B 5 B AL IR T SR s 4 AR AE 43 3 D £ e RPP
" cR®®, D NFHIF4EFE.

32. BiENME&

3.2.1. WNREMRES
TSI T RIEARUE, BHEFRTFAERMINSINEL T, FIERRBIZRRE—2. RIZAHM
FEw, RIFRGS AR e .
RlE, ARIEARE PR B R A M 2RI ORI )R, AR IR R i) — Bk . X2 e A
BRIEH | MR LI EIRRHE £ SEIRARHE ", TR IZARLEE .
f oirig fefilip

Sim,, =S __ (4)
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X% L AL M ATHER B AMFEAR LA ICFYY, B8 HREtES s .
Sestab :lZB:Simei (5)
BiZ '

S5 M HUVETE I A1, 1], A8 R %L K RHE R R En Pl A Bk, R e .
3.2.2. ¥HEMIRERES
TR 1S P B L SR AR 26 70 A AR R B, BAME TS S I NI, (5 R b i = A
PEIARHESR bR . B, (5B 0T, BIAH(E . ERT TR B B R G5 . B KT
BN IS, (A7 T IR logits ZJ® AIEHEE & logits 2" . IR, 254 B PRUEH S B A T 2 i
2, PR RE A S ERE, BRI E SRR
B e MBI | A LIRS S8 logits 433115 softmax HE%
P9 = softmax(Ze“j‘g) (6)
R.i® =softmax (Z,") ©)

THEL P B 0 A -
- Po_rig Pf_lip
= e,i Z e, (8)
BETT TSI — 10 )5

1 S50, =
H.=———>» P. "logP._. 9
e,i |OgC szl e, g e,i ( )

FHor logC i KRTRERS, FTREEIA— 120, L] IX 18] o %1% % AL ST bR BT A FEA B3 — i He
V¥, BRIHCFIAHERE H, . NS HEBCARERES, E X
S&=1-H, (10)
S HUME G [0, 1], (EBE R IIZ L KN TG E . A EO.
3.2.3. HIEMEHHSME
BT HARNREEES S SHEHEES S, MEMNEREM—MTEESE. 5IANTTIFE
FEZ K o A HIRCE 53 A0 1)~ B
r, =exp ( S:tab J -exp ( 5" j (11)
T T

oA S — TR R AL AR E VE R 0 5K, 20 IR B A 5 P v IR T 5o Xt i AT 1 X R ml S 1 it A7
Softmax U944k, 15252 Rl & E -

exp(fej
0, =75 (12)
Seol )

5 FRUI G A o AN AR SR A6 5 T LI Y logits HEAT TS, FRALALE o, HEAT INBURAIAS
F:
oG, R T ZAEXALE BT logits:
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Z_ _ Z:rig +Zeﬂip

e > (13)
NG, AT ARG, 19 25 2tk i) Fi) -
d fused _ i w,- Z_e (14)
=1

4. SEIGSTHR

A5 FHAE CIFARL0-LT. CIFARL00-LT. ImageNet-LT K ZHHELE b IT e — R ) SZI6 R 36 11F 4 30
LRI R . EAAA AR RN AR AN E, BRI E AR I 425
WE; e STFESRNKRERIR S REZTIER, Wit R, Hir A FEEEE T s RkitgeR
W, Hdh— 0 5 B AR O] LSR5 Je AT, B8 UE AR 5 R R B A4 BE 1) DT K
4.1. BiE&EIEE

AT VIS i Re, 75 =N 2 A K R B o R s R kAT TR, e hlE
CIFAR10-LT. CIFAR100-LT 1 ImageNet-LT. &H¥IEEMGiHEY I 1w,

Table 1. Parameter table of different datasets

*® 1 TRMEESHE

BIGIES AN T ek 4 YIZRAE AL SRR e AL
100 10 12,406 5000 50
CIFARIO-LT
50 10 13,996 5000 100
100 100 10,847 500 5
CIFAR100-LT
50 100 12,608 500 10
ImageNet-LT 256 1000 115,846 1280 5

4.2. KWHRHRE

4.2.1. BUETLE

TEFUALEE A, CIFAR10-LT # CIFARL00-LT K EH¥EE ARG G = 32 x 32, (EHHRIGH )T
T, EARR NN BHEFEA B KPR AR b A T BEATLRAE 32 x 32 (5 2 1 Jm i X 3, U4 4 M4
2, P 40 x40 EENLEET 32 x 32 (X I, FHEBENLKF RIS, AR AutoAugment HE 1Y 5 SR K
BENLE R L . SopE . XTI, BIY). PRSI A, &/E5 N Tensor JEEAT[0, 113—14k, {§
F Cutout BEHLIESY 1 4> 16 x 16 XI5, o MbriEibab 3.

ImageNet-L T K B £ 4 42 (1 BUE R /INASE 8, R R4 EGORN B8 0F 8 G R AN [ i i S s oA
F BT M0.08, 1.0155 B BE 45 MU G IFBEHLE BT 2 224 x 224, Ffd FBEHLIGSRSENG, )5 V0 —fb AL BE,
e f# ] ImageNet bRyt E AbRAEZ BT ARHEA . TEBRIERT, 1 JofRFrse s, 4 EUG A% N 256
BF&, RIGAET BT 224 x 224 (X3, FEMA—1k, 558 5 U2 R 0 35 AR BR 1 22 0 MG kAT
H— 1L Ab R

422 NHSHRE
7E CIFAR-10 1 CIFAR-100 KB H4E 4 I, S K H ResNet-32 1E 8 T M4, 1EA T 7N 50
1100 BT ISR, R K/ANEN 128, WIGh% 213N 0.05. 7F ImageNet-LT KB HHEE L, LK -RH
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ResNet-50 1E T M%%, it K/ 256, #I4R5FEN 0.1, HERMECE 3 M EX D LN EZ LR
IR SIHESE, T B R IL AT T NS S EUR A BT 0 588 Sk, Al S0 I 2ok % FH W I B e s «
MIlZREe R 200 4™ epoch, FiT 180 /> epoch BEATHRHIESEENZR 5 70 SR a HIBC & IZR, J5 20 4 epoch R4
HEZ P E NG KA. HH SGD Ak ds, Zh&EBH 0.9, BEIEREA Se—4, KA IR IZR
K S)EAR B, TR 5 A epoch. YIZRIT BER FHBENLE B L BEAL/KF-#9%: . CIFAR10Policy il Cutout
R RN o MY BOR A & R R A SRS o

ARSI B PyTorch VRFZ 2JHESE . Python #ifeih 5 Sk Bl, AEAFE& 3245 NVIDIA
RTX 3090 24 G [ GPU il Intel (R) Xeon (R) Gold 5218R CPU @2.10 GHz [fJ CPU.

4.3. SEWEERSHR

4.3.1. CIFARIO-LT SEER 5 N1

NBAEASCTVE A B, 78 CIFARLO-LT #4E4E AT T R/ MsE . 4 2 R T 5450 Fik
FRARMINERIRT LA R, H S e InE GAs 4 U053 451 BBN, K ¥4 J77% GCL. BALMS, LA
KR 3 ANERIIRE T FZ AL T77% ACE Al ResLT. SZ&rh=% 58 7 APk 1y 100 Al 50 F P Fh
W%, DL ResNet-32 N TM%, -G T AR GIEILEE MR

Table 2. Experimental results on CIFAR10-LT dataset
% 2. CIFARL0-LT SLIE4ER %

it CIFARILO-LT
RS ResNet-32
AR 100 50
SHIKE 84.34 86.81
BBN 79.82 82.18
ACE (3E) [12] 81.20 84.30
ResLT (3E) [13] 81.44
GCL [14] 82.68 85.46
BALMS 84.61
Our (3E) 85.37 87.60

TE: 3E IR 3T RARIN AL 454 o

SIS R, AL JTVAAE CIFARLO-LT FdE£E PR AR, BRI T IA F KR R
R, fEMIE 200 BIGE T, HEZL IS BBN &k, EAFAEH Ty 50 1100 B, 435I 1
5.42%7F1 5.55%MIAE T TE; S50 FHE- Pk AL, 78 50 A1 100 [ASFHE 7 T o mlfe Tt 2.14%F0
0.76%~2.69%. I 5 FFEIR A% FBALYIZ 7% ACE (3E)FI ResLT (3E)4Hh i mifkfi Rt b, A5k
RIFRTHor ik 2 3.93% 5 3.3%. M HLEHE AT LU, ARSI AT 2 Fh E R A S 1
EES R BHREE . SRR SHIF L REMINRE T FERT L, AR SCTrEA R S8 T B & 1
RedeTt, FIRUE | P SR AE K AT EERE 5 A R 5 ek
4.3.2. CIFARI00-LT SELERE 4R

NIUEARSCITVERA R, 78 CIFARL00-LT 44 Lifb AT T AL . % 3Je/n 7 5 4niEikK
BARGITNERIR S 5. WTECI 7R T Focal Loss. BBN £ #7724, BN T [FIRELE KB 45
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R TR B 3k 1 7772 SADE. Logit Adjustment #1 RIDE (3E). [A]INf, 135 5 7 AF4i K1~y 100 A1
50 A5, B ResNet-32 i T4, 1EAL 7 AETERIZRATERE

Table 3. Experimental results on CIFAR100-LT dataset
% 3. CIFAR100-LT SEIE4E R %

EIEITE S CIFAR100-LT
B2 ResNet-32
APt A5 100 50
Focal Loss [15] 38.40 443
BBN [16] 426 47.0
SADE [17] 49.8 53.9
Logit Adjustment [18] 55.5 51.8
RIDE (3E) [19] 48.0
SHIKE 55.52 59.53
our (3E) 56.55 60.20

TE: 3E FRoR 3T RAURI LS 45K o

SLIG LR SRR, AR SCHTHR VA S R AR T O K A . fEAH[H] 200 5 IR E R,
52 My 3L 251 BBN HIEAHEL,  FrifImiEE AP K179 50 #1100 B, 43 7AISEHL 7 13.2%F1 13.95%
PG EESETE: 5 Focal Loss AHEL, FEAH[FIAS T4 K7 R 40 Hil$e - 15.9%F1 18.15%. 5 [AIFE7E A 2 4t
AT B s e 7 b, ASCOTVE IR T 43 ilik £ 1.05%~8.55%5 6.3%~8.4%. MK LE A T LA
FE i, BTSRRI AENARY B R O B N B3, R A MERE T AL, Fe A BRUE T AR SCTH [l AR B v
TR S0 7 RAE KR BB 53 AT 55 T A R 5 R 1k

4.3.3. ImageNet-LT SEIER 55

NIGUEA ST IERIA R, 78 ImageNet-LT #¥E4E T T 780 S8 . Seae AR A 2R 501 25
FEARTECR, KHORER A=A THIRE: LESNI (BT 100 5RIIZREMR) . HEk2E51(20~100 Tkl Zx
EHE)FI RS0 (A>T 20 5KINZRIEIR), FEAEL 4 dhor il 7= TR 4EAE ImageNet-LT £l I
IHERGR, BIEIIUE R MREER TR . S8 DL ResNet-50 N E T4, VA T AR 75 ikAE ki
il R A 2R A 1 B

MSEISE AT S, A SR ITVATE ImageNet-LT i 640 kA8 A ERT 2 BiA B 54.17%, LT
). TR BB R ER A4 HIEF] 76.04%, 50.32%F1 31.05%. 5412 5 N J7i2: CB. Balanced J7
ML, RIS AT RE AN AR HERR R BT 1 {14.25%, 3.45%}H1{20.97%, 4.07%};: SffEHEJ7i2: cRT
FHEL,  AEETE R BB 28 5 M e A SRR VT R A2 T T 4.95% 41 6.87%; 52 L FER 7k DIVE. KCL ML,
FEAPE AR IS LT, R /MRS T, S R 52 B &R T, B
SRIRTE T 4.TT%H1 2.67%.

TE T BRI, B & RO GG 732 2 B ARe B RS R SRR MR, O R RTE T &
XA HERE SCIL T RGN . 1207 R IE S R e A i 15 00 BAS FE SR bR A Rl & s, A F2
SRR AR AT “ BAEERE” o KT ImageNet-LT $edli4E i Sk 3828, BEAS 78 e AR 70 2 5T 3 R R AiE
TR, TNTERE HEAERE S, SOl iR e A U X S i K oTwk: T R, R
AR FBRHES AT PN 5 BAS FERUIC, BB bR E 43 TiC S 0 B BRI GE tH AR AR 1) &
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XK, HIRTMEREZIR . KT S, ZI5E N ) T ST R AR, o v 15 TN S v . (IR LA T
DS EAH, XMBAERCRAEREAR TSR ISR AR BRI WIS AR ML RE R 225 32T .

Table 4. Experimental results on ImageNet-LT dataset
5% 4. ImageNet-LT LIS R K

G/ ImageNet-LT
B2 ResNet-50
Bl SIS SRIES SIS HORHER 2
CE 64.0 33.8 5.8 41.6
CB [20] 39.6 32.7 16.8 33.2
Balanced [21] 61.1 475 27.6 50.1
cRT [22] 58.8 44.4 26.1 47.3
DiVE [23] 64.1 50.4 30.7 494
KCL [24] 61.8 49.4 30.9 515
SHIKE 68.7% 51.1 31.7 52.4
Our (3E) 76.04 50.32 31.05 54.17

e 3E Fun 3L KA 4 4544 -

MITERLEREE , RIS BRI MM RE, (HaiF Lir e rkae: MARIZ % cRT B8 —
TE PR RE A IR s 2 B AR e I A Rk Ve R . RS V2/E DIVES KCL [2Ea b, X
SRR AR R AR B T 3 — D3R T, 1% SEIR s AR W] T BT T VATE KB SR 4R E A R AP 2k
PEREFIZ ALRE T
434, SEZAEBXTELLI K 5

9T 53 Hr AN TR 2 BODUE 0 B R PR RE I S2 MR, ARSI VR B R SHIKE, £ CIFARIO-LT #1
CIFARL00-LT K E¥#E4E L, #EAFHERF ={10,20,50, 100, 200, 25033F47 5256, S48 15 FlAb
MY SH R B SHIKE —2, SHIKE 525645 R34 xS S E AT H . % 5 F14 6 J@uR 1A top-
1 IR 1 S 45 SR

Table 5. Top-1 accuracy of the model on CIFAR10-LT
F 5. CIFAR10-LT A5 Top-1 IEFAERIWEERE

HORFH5 R TE 10 20 50 100 200 250
SHIKE 90.91 89.55 86.55 84.53 81.42 80.06
Ours 91.84 90.64 87.17 85.37 81.80 80.39
FETH(%) 0.93 1.09 0.62 0.84 0.38 0.33

Table 6. Top-1 accuracy of the model on CIFAR100-LT
Fz 6. CIFAR100-LT BY4%E! Top-1 IEMRERSLINLER R

B4 R B 10 20 50 100 200 250
SHIKE 68.82 64.78 58.87 55.97 50.47 48.43
Ours 69.19 65.93 60.62 56.58 51.03 49.91

2T+ (%) 0.37 1.15 1.75 0.61 0.56 1.48
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e, IRUF T oSOl s A Rt . [EfHERIR, BIREACFE R T 204 504 100 fI3% s b R R T
NRE, X =N R R St S e UL, X R B AR I IS s, BRSO
SRR Y, AR RIS TR A A A T4 i it R B B AR T HE A

5. &g

ASCHH T — P TR YA AE B 5] SRR B 2 B K B &N IR G HESE,  J8 i 4 & DUt
R SRS R E AR VRS THRE T DL M 2 T SRR RN FLAMAEIR 34, A M T A G A R KR 0 A T 1)
PEREIESN, SEBL T XA FRE A2 A UF M PR R o AEZR T T X SR VPG AR bR RSB METE AR
T I R 46 BB KPR AR AEARAE 25 8] (9 R SZ AR A RE SR &AL L O N B, 1S B4R A ik
T IR R VPG T KR BE A, WESEESECFE G HENE, 85 70 R — 5 Rl
FP IR AR . KESLIRR I, ME TSI FRE SR,  HE R OB & 7E 1 e _F15 3 B35 1R
Jt, 7£ CIFAR-10-LT. CIFAR-100-LT £l ImageNet-LT £ /MK B R a4 E# R T 32445 5=, [
IR B BARM T BT, R AR R AL N o SR AL T —Fh G HL s R R B AR T &
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