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Abstract Few-shot image classification aims to accurately recognize unseen categories with a few
annotated samples. Recent studies have shown that both pre-training strategies and effective
image representation methods play crucial roles in this task. However, these methods still face
two main challenges in their application. Firstly, self-supervised learning is underexplored in the
pre-training stage of few-shot classification task. Secondly, although second-order representation
has made significant progress in few-shot image classification tasks, its role in tasks with varying
granularities remains unclear, limiting its application in complex tasks. To address the above
issues, we first propose a multi-task co-optimization pre-training method. It is based on the cont-

rastive learning framework that encompasses the joint training of contrastive self-supervised
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learning. generative self-supervised learning and supervised learning. It encourages the model to
adapt to diverse training pretext tasks, aiming to promote the model to learn transferable repre-
sentation, thereby improving the model’s generalization performance on downstream tasks. The
proposed generative task directly operates on the feature maps of the input without the need for
image masks, thus seamlessly facilitating compatibility with contrastive learning pretext tasks.
Secondly, we fine-tune the model using compact bilinear pooling (CBP) to obtain more discriminative
second-order representations, thereby enhancing the model’ s nonlinear modeling capability. Finally,
we propose a task difficulty metric based on inter-class similarity to measure the granularity of
few-shot classification tasks, providing a quantitative assessment for complex tasks. Through
linear probing analysis, this paper quantitatively investigates the performance of second-order
representations in few-shot tasks with different levels of granularity, and verifies their applicability
and advantages in diverse scenarios. Specifically, we freeze the fine-tuned model and directly
extract the second-order representations of images from unseen categories. Subsequently, we
conduct meta-testing using linear probing to evaluate the performance of these second-order
representations in few-shot image classification tasks. The granularity differences in few-shot
image classification tasks are reflected in the varying inter-class similarities across tasks, which
determine the nonlinearity of the decision boundaries. We employ the task difficulty metric to
quantify this variation. By comparing the classification accuracies of first-and second-order repre-
sentations across tasks of varying difficulty, we demonstrate the advantages of second-order
representations. Experimental results show that the multi-task co-optimization pre-training
method effectively improves the generalization performance of the model, and different branch
tasks exhibit a mutually reinforcing effect. In more difficult fine-grained tasks, second-order
representations exhibit stronger linear separability compared to first-order ones, providing valuable
insights for the application of first-and second-order representations in different scenarios. We
thoroughly evaluate the contribution of each key design by extensive ablation experiments.
Compared to the state-of-the-art methods, our method improves performance by 0. 66 % /0. 53%
and 3.12%/0.98% on the 1-shot/5-shot classification tasks of minilmageNet and CUB datasets,
respectively, and achieves comparable accuracy (87.19% vs. 87.31%) on tieredlmageNet. In the
cross-domain dataset minilmageNet—CUB, minilmageNet— Aircraft, and minilmageNet—Cars,
our method also achieves improvement of 1. 25%, 1. 96% and 4. 34%. The compelling results on
the six standard few-shot image benchmarks verify the effectiveness of the proposed method.

Keywords few-shot image classification; self-supervised learning; supervised learning; second-

order representation; task difficulty metric
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=Hash(X; ,h;55:)
A 2. I IR 23
$rs (X, ) =FFT '(FFT(P, )®FFT(Q,)) (12)
Hop  FETCoO M FET o) 2 bk 48 By 25 4 7 B
WA, QMR IB I, g (X)) TR Z 15
W Xi) = Vec(X, XD —FiLMl. 24 D—->C"H},
$rs (X3 ) IIFRIKAE ST IR L EL (prs (X35 s (Y300 =
(XY EL JRFEHCAE L L O 2 AL
(2) FE M — B Fm
FIH CBP A B R AE & B> 28 A0 & 1 —
B 1) i A5 3 BRI B ROR =
H w
ZZZ E¢TS(Xi/)

z=L2(sign()V/[z]) (14)
Horp PO AR« X | - | AT 558 5 sign ()
IR BEAE. L2CO WA k. = /R
RS AR HEAT A SO0 sl T
3.5 milhkA*E
1T IR B B L A SO S5 B SO S B A R LA
PEIBCEZR I B Fe o 1] SC#E AR 1 —  RoR U1 ke
1155 % Ja I 2k 43 25 48 JF 10 25 1 A AR i 2 51, DA
R PEAl B RoR AR B/ NEAAT 55 TP RS . T
FEAZTT IR AR s 3 A a3 =8 2 SRR 8 T R

. D;D>C, [6 # ] 15

(13

MY . AL0E 2 i i 4 B 5K SR R AE 1] XL Y €

R™WHC i CBP Ml g (O RE BRI — B FR

S TR AR 1 Rk 2 30 R R AT

REE o o R AR A HI S RE T . LR T -
DXy Y =D (X)) g (YD

=(2pX,).204,)) (15)

FESZ B R GAP R A ER B — B R AR
g (o SN AE W L A BRI A e (e s o) U R
) EBERE Ty . B iR A T R B B i B s A
WL 2 FEE 3 P .
B2 CBroARkRE
A WMARER o BN L £, 532K 8 LChcun
s AL B T RUEE fo BT8R LChnene
/ /I S5
IF LCineune is not None: //f# MK LC S8
LC=load params(LCfpcune)
END IF
FOR x in Datal.oader:
IF LCoineune is None: //UR&58 T M L8008 LC
Freeze( f)
END IF
featy,y=CBPe f(x)
/B B i, (10D ~ (14)
Leg (2) =CE Loss (LC( featy) slabel(x))
RN UREETER
11 68 B ) AL 4%, S8 Tl 4R 2 8
12. END FOR
i3 uiAA kAR
A BB E T /EARLS tasks, B TR fow
i MR HEEE ace M 95 Y0 BASHE confindence
f=load params( fepp) / /MBI S5
Freeze( ) //Ur%5& T M4
aces=[1 // BRIV R AFE B —DAE 55 0 HER B
FOR task in tasks:
D', D?=1ask /AR AR (B AR ER
feat,=[CBP> f(x1) s+ ,CBP> f(xnk) ]
€D, i=1,-,NK //$#BWHEEL LR
7. feat,=[CBP> f(x,),++,CBPe f(xng) ]
2, €D, i=1,,NQ //HRWA L _HFnR
8. LC=LR(feat,, feat,)
[/ INGAE 55 % i 1B B 1 5 4325488 R 3RIS B
9. logits=LC( feat,)

f=load params(f,)

© [e) ~ (o2} (2] = w Do —

—
[«

= w D=

[o2 BN

10.  accs. append(compute_acc(logits, label,))
/IR INRE AR 43 JEAT 55 1 HE Aff
11. END FOR

12. acc, confidence=mean(accs), conf(accs)

/B T 55 Y T R 95 00 1 B A BE
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AL P ERE R I, AT T — R AT 5 M 4
bro FEILSEHE R 2 R A INE AR 43 AT 55 26
SRR BAT — @ W RE LY . BT 5 A 2K 1) 2
K R A AN IR] S BRI 7 R 1) 4 ROk B 3 01 e i 4%
ASHRTE] .l an 6 KB B SR IR | e AR IA
X5 AR BE 2S5 B AT 2K ()R B B2 AR L 3 i
HH AR TR] 030 A PR A% 26 7R AR LG 5 s TR AT 55 B 4
KW REZD WA . MR TAIN 22 R GERER K
AR SN E M X 5 AN AR 2R B Y R A&
ETREN A A = e G o Y I B o B R T (D E |
LRk TGN T 43 2S5 LG M

JHE T3 O 52, A SCOR) R 2 ) /9 SF- 34 4 LB
K Al IR — A NFEARAT 55 B4 b0 B . X F—A>
“N-way K-shot”[a] #5, £ J S PE4E N A1) 11 J5L 7
MU= u uss e suy JERTN KR 2 LATR .

K
u,=> GAP: f(x,), i=1,2,=,N  (16)
=1

Horp o, R SCHEAR AR § RINHT b DHEAR

AT 55 R J3E 35 B L 2 6 5 87 2 (1] 320 55 114 400 X
JE BB T AR . AN A RN A AR SRR
TERFAE 23 18] HH B s X 48 3 2 88 52 T Y 5T
Bk o PRI A S0 B 1) A L BE R I o e 1) M A
FRACLEE FH T 150 AT: 55 OO X 2 45 o -

1l
Dmm—MIZ;SLm, 17
U'vu
sim:descend(triu(W>> (18)
2 2

o, triuC ) 2B F = £/ 56 K4 51 ) & 1L, descend ()
1 R AR R 91 sim €RNY 1 N—5 1
M=10, AR M—1, 0 Do 57 BRI S50 5 10
R M—>10, 0] Do RIEFTAH WL RBAMBIE R, E4
LM OBRIAE R 5.

4 = %

AT E S 28 R T R B R T Al Y S iR
BB S 5 Y TS B 7 BT X B B S R AR SO
PEEAT )2 B TH Rl S A A A T
4.1 HELE

A SCHE WA F 378 1 B UEAT: 55 B JEAT T HE A0 ) S8
3P4 . minilmageNet™ (730 2% mini. ) £3 & 100
AL 600 FRIEER, Hb Il gh % 64 25, Ik 4R
16 25,3k 4E 20 2%, tieredImageNet™* & 608 4~
KL T779165 K R R I ZR 4 351 28, B4k

97 25 .M £ 160 25, CUB™™ & — N4k 1) 1%
KB 11788 5KRIKR (5 200 A2, Horil|
R4 100 28 BOUESE 50 28 AR 50 2%, Aircraftt
& — N AURL BE A RHL B 4K L 3k 10 000 sk &L K
I ZREE 50, 50 UELE 25 25, IR 4E 25 2%, Cars™™ &
—AARL BE AR R 4R L 3k 16 185 sk IFIR . Mok
WIZREE 130, 3R 4L 17 28, M348 49 28, B5 T 5%
minilmageNet—CUB {{F 7F minilmageNet fF 5 25
AT IO SRR RO L AR S H AR AE CUB i1 i 4
AT C R AE MG i . minilmageNet— Aircraft
F1 minilmageNet—Cars [F]FEE 1 F iR E .
4.2 ZIWiIgE

AR SCAE B F RTX3090 GPU Hil Intel i5-13600KF
CPU L k475580, Bk SCH T PyTorch 1.9 #E
alesd - AR % B ResNet12M'7 fil ResNet18M fEH
BT M, ResNetl2 iy A BIR 1) 53 HE 2y 84 X 84,
ResNetl8 &y A K12 1 4 $E R h 224 X 224, 5
Deep-BDCH" | CTXU S b, A SCREBR 17 199 4% A iy
8 R R FE LA SR IBCSE 22 ) 5 BURFAE . T TR IR A 2 i
YR B S0 0 oo 0 2 B B 40 1 58 0 T

TEFIN R B A SOk SGD i f % . g it hy
0. 9. MEFW A Le-d, AIH=E TR 0.7/256 it
W LR 2] R Le-6L, FE TN 10 N G R R
SEARME PR R . R TR AR B SR SE B IR
180, B ALl 4: 200 A% WK, H i 78 tieredImageNet
AR 100 MR, HOW M 248 280k ] EMA 3
A BRI SRR 0,996, & 1k shEER 1.0, A%
SRR . 7E(2) e 1 EMA g5 R 0.9,
RO ENE «=1.0.8=5.0.y=1.0, ¥
P )6 BE B A R 5T L 26 B B BE ALK B AR
e BEHLKE B L m BOR FR R i . A
ISR W A DINOY™ 3t

TE B iR B B » A SR SGD A 4% - 8l it
0.9 B N Se-4 IR K 64, HIL REE
T2 LA R — [ R IR IR — DAt a0 26
firo MO, 2) 35 0. 1,314k 30 MR B 10 M58
W2 HFe 0.1, FG A SCLL Te-4 /Y77 2] 330 2
Ui I 100 AR s 4 TR s o 1) BE AL 4 ik
T BEHLK - B A B8

TE T B B, A SOR 2 58 0] )7 2% o ) 2Rk
SRS E WIS H0h 5.0, BOHE B TR H b U
AR J 30 4 TR RO BB . AR SOl 10 000 A/
AR AT 55 19 1 59 000 3o 0 8 R 95 060 1 A DX T
4.3 SRETERLLRMSH

ARSCAE 4 A F U B /INEAR 3 R B B kAT T
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B 2025 4

o
=B

BETEAL . IH 4R & T 1E 5-way 1-shot fil 5-way 5-shot
WE T RUERR B Nk 1~ 3 fin. St
BERIT AL AR SO AR 3 DR A R T R
A g I EE R IR T A SO A A Rt .

i H AR R IR A5 Rk 1 R . X
minilmageNet 54 . A X7 B 7E 1-shot X & F 4H

BT RSt iy CVET ™ 427} 0. 66 %, 7€ 5-shot ¥ &
Tk FGFLEMS 2 F 0.53% . %F F tieredlmageNet
AR AE AR ST HETE 1-shot &% B T UG 5 & e i iy
CORL“H] [y 45 H(73. 5040, 23 vs. 73.8240.58),
16 5-shot ¥ B T 5 FGFLM™ 45 52 AH 24 (87. 19 +
0.15 vs. 87.2140.61), HASCEE R BT/,

*1 EEREBRHBELNEREHZE—MNE_NERS 5 AMEMNMERMEERIZCTE)
. minilmageNet tieredImageNet
ik 42 S 1-shot/ % 5-shot/ % 1-shot/ % 5-shot/ %
ProtoNet!26:10] ResNet12 84X 84 62.1140. 44 80.77+0. 30 68.31+0.51 83.85+0. 36
CovNetl6-10] ResNet12 84X 84 64.59+0. 44 82.02+0. 29 69.75+0. 52 84.21+0. 26
GoodEmbed ™ ResNet12 84X 84 64. 8240. 44 82.1440. 30 71.5240. 69 86.0340. 58
DeepEMDI8! ResNet12 84X 84 65.91+0. 82 82. 4140. 56 71.1640. 87 86.0340. 58
FEATM! ResNet12 84X 84 66. 78+0. 20 82.05+0. 14 70.80+0. 23 84.79+0. 16
FRNLJ ResNet12 84X 84 66.4540.19 82.8340.13 71.1640. 22 86.0140. 15
MCLL6] ResNet12 84X 84 67.3640.19 83.6340.13 71.7640. 22 86.0140. 15
TPMNL7] ResNet12 84X 84 67.64+0.63 83.4440. 43 72.2440.70 86.5540. 63
Meta DeepBDCL! ResNet12 84X 84 67.3440.43 84. 4640. 28 72.3440. 49 87.314+0.32
PSSTI23] WRN-28-10 84 X 84 64.1640. 44 80. 6440. 32
CC+roth?t] WRN-28-10 84X 84 64.0340. 45 80. 6840. 33 70.5340. 51 84. 9840. 36
FewTUREL#] ViT-S 224X 224 68. 02+0. 88 84.5140.53 72.9640. 92 86. 4340. 67
CVETLZ] ResNetl2 84X 84 70. 19+ 0. 46 84. 6640. 29 72.6240.51 86. 6240. 33
FGFLM8] ResNet12 84X 84 69. 1440. 80 86.01%0.62 73.2140. 88 87.21%0.61
CORL#9] ResNet12 84X 84 65.7440. 53 83.0340. 33 73.8240.58 86. 7640. 52
AT ResNet12 84X 84 70.8510. 19 86.541+0.13 73.50£0. 23 87.1940. 15

Ak A s A CUB By iR B 45 RNk 2 fis,
AT E T 3T — B FR4E A9 GoodEmbed ™ |
DeepEMD™ 1 FRNM J5 g, 43 B4 T} T 4. 12% ~
9.53% (1-shot) Fl 1. 82 % ~5. 82 % (5-shot) , X & it
TARSCOITEMAE A R AR SC5 ¥ 80 5 T R 2R 1)
HT MrERIFT 1 CovNet™™ F1 Meta DeepBDCH |
S A WiB 2 > i 15 W 25 Meta DeepBDC
AL s A S0 1 43 B BLAS 3. 12 % (1-shot) F1 0. 98 %
(5-shot) W PR RE$& b . 3X — 25 SRR B A S04 i
B W A 2] A B A ] DR IR AR Y T 25 v e
% A A B R B R AE R DL B iz AP BE

K2 TERNEHEECUB LHAEHE
- - CUB
ik B 1-shot/ % 5-shot/ %

DeepEMDE$] ResNetl2  77.1440.29  88.984-0. 49
FRNL! ResNetl2  83.5540.19  92.924-0. 10
FGFL[] ResNetl2  80.774+0.90 92.0140.71

LaplacianShot[0 ResNet18 80. 96 88.68
Baseline++1%] ResNetl8 67.02+0.90 83.58+0.54
CovNetl6-10] ResNet18 80.7640.42  92.0540. 20
GoodEmbed(7:10] ResNetl8  77.924-0.46  89.944-0. 26
FRNL-10] ResNet18 82.5540.19  92.9840. 10
Meta DeepBDCI1)  ResNetl8 — 83.55+0.40 93.82+0.17

LP-FT-FB(1] WRN-28-10 82.16 91. 88
ATk ResNetl8  86.6710.17 94.8010. 08

5 1 4F 45 minilmageNet— CUB ¥ iH 51l 24 5 tn
% 3 i/n. 5 Meta DeepBDC " By, 4% 3C )7 H5 B A%
T 4. T30 MERREE Y . 5 Y A B S ) FGFLY™ A
o AR SO e HE— A R 1. 25 YR MERER T, A
4.5 210 fIF 78 » 2K SCHE minilmageNet— Aircraft Fl
minilmageNet—Cars [ ¥JBU15 24 /i 49 5 A 25 IR L 76
5-shot & N 43 B8 3 24 1/ fix 2o i Meta DeepBDCH
A L 96 Y0 4. 3400, X SEZE R AR S AL H
A R AT e

% 3 ZEE¥iEE %S minilmageNet—CUB _t Y/ 6 B

ik g} 5-shot/ %

ProtoNet[10-26] ResNetl2 67.1940. 38
Baselinel®J ResNet18 65.5740.70
ADML10-27] ResNetl2 70.554+0.43

FEATL5 48] ResNetl2 62.28

DeepEMDIS-48] ResNetl2 77. 34
BMLI32] ResNetl2 72.4240.54
CovNet!8:10] ResNetl2 76.7740. 34
GoodEmbed 7-10] ResNet12 67.4340. 44
FRNL ResNet12 77.0940. 15
Meta DeepBDCL ResNet12 77.87+0. 33

FGFLM8)] ResNetl2 81. 35
V'R ResNetl2 82.60+0. 14

4.4 HEAXIW

A ICTTHEA WA S B 23 AL A
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5 PN 25 v B A 43 SAT: 55 1 A R RD — B B0 X 1 g
AISZIE o AN AR SO I 4 M 7 125 Y i P R A
PE#EAT T 73 Hr . & minilmageNet Al CUB | 14 fil
S 43 SiE A ResNetl12 fil ResNet18 2244,
dodo T BYNZRA [R) o3 STAE 55 X 1 RE A4 372 i)

TETN 25 B B A TR 4582k 9 AR L An 3 4 B .
AU PR G 2 B B AT 55 B RE 27 ) B A) i % 1 &
BTN IR IS R AR A R . BT X e
H B 55 MU 0 A= il A B A 55 AR M 0
AT %, 1E minilmageNet A DL — 247 5€ 3. 40%
(1-shot) F1 2. 61 % (5-shot) By #& T} s £ CUB I~ w0 DA
FE— 2k 12. 83% (1-shot) 1 10. 34 % (5-shot) 14
Tt LA B A A W R A R
FA W B 2 2 = AT 55 0 S5 UM AR 3 A RO
K ZAT: 55 iy 6] 001 2 1 45 2R 5 8 B 1 B il
i 45 % fE minilmageNet FAfF 3k 4. 75% (1-shot)
3. 57% (5-shov) (& T+ 76 CUB b o] LU — 4547
Sk 5.28% (1-shot) 1 2. 13% (5-shoO) IR F. X3+
B Z2AT: 55 Wp 1) V11 25 R 6% A A4t £ TS R A 2R DL 2 031
I s R Az AR RE .

ZEIRAE A T A MR T B R R B R AR R 4 2 595
x4 WMISEMEMIERTER G 0
X AR % minilmageNet CUB
mk Bk Bk 1-shot 5-shot 1-shot 5-shot
X X Vv 66. 10 82.97 81. 39 92.67
Vv X X 67.45 83.93 73.84 84. 46
Vv Vv X 68. 14 84.10 75.94 85. 95
Vv X Vv 70. 20 86. 24 86.61 94. 82
Vv Vv Vv 70. 85 86. 54 86. 67 94. 80

Z AT 55 D IR YN 25 A $2 o M BB 1 () Bl 2 7 ke 2
AN a3 5 TR . 7€ minilmageNet b 4T
ZAT 55 3 [F) 00U 5 11 B8 i) A M S 5y e e
) 2.7 £5(2.5h vs. 6. 7Th), A WS TR EE
Z W) AR A RE & ¥ WU /E F, B 40 Few TURE
SEUIGR R R AT T 400~1600 2K I I 5. A
Fe 2 24T 55 0 I 1 1 25000 4k 200 %8 Yk B i 52
PSS Pk R, B T MW %% ResNetl2 [ 25 it
12 ML 7E A AT 55 43 S 280 AU n 1. 5 ML X
AT 55 20 S #8653k W DINOY™ i 3= R %3t
SRR 22 M, BN ZRESHG  BT A4 5553 X
SRS HAEEF . AE B ORIy B B0 25
A8 B T DO 2% 81 0k T80 )11 5 7 1 1 558 Sk S RO 43 5%
M) Je 252 B B3 1 1 2 sl B AR50

x5 TG A AN S AT E S 820 T i M AR R R
SR /M WP B/ (ms - task 1) HERBE/ %o
T 253 5 Y gistwe it /h
Bl WERRT U, Mg BT X E ERSE 1-shot 5-shot 1-shot 5-shot
A B gk 200 2.5 12 0.05 — — 100 135 66. 10 82.97
ZAT 5 P IR I 25 200 6.7 12 0.05 22 1.5 100 135 70. 85 86. 54

AR T AR 3 — 25 Ak X L 3K A B 43 S A
AR A B S Sk I SR T I e R
O FRYI R38R AR 53 2 Y B2 119 52 1)
44,2 Z B f e IR AR

TEIG2: 2] By BL, Baseline!™ Jy 35 i i GAP R &
BRI — B 2R, I DAZRPE IR 0 38 =X B 2 6 17 o0
o BETFASCRPI LA AL, F B 528 T Baseline!™
J7 % DA BEAE R PEAG B oM SR i S 2R . A R
SRR T ARIC . FE B ROUE B B B % e S 4
D i 5 m . CBP X Z Uk 22 5 2 B 6 19 30 {0 5% 22 K

I 3T B 42 35 B e 11 43 9 0 RS A (1 3F
PEARLRE 1. SR, 7E G IR By B D s . CBP (1)
TEE A F0 32 %5 1m0 A 28 P N SRR Bk . R AE 4
D Xof i fy 8 04 L R R 1) B L A6 6 TR, 7E D>
1024 W, B i3 5 3 40 5 T — B 19 Baseline™ J5
% fE minilmageNet [ 23 547 3% 3.37% ~4.36%
(1-shot) #l 1. 39% ~ 2. 46 % (5-shot) f¥ 14 RE 42 Tt .
1 CUB |43 94 3k 18. 85 % ~19. 60 % (1-shot) il
7.53% ~7.84% (5-shov) [y PERESE T, BEHE D Y3
T F F S T R, LV AR R T AR . P

R 6 HEEBREST4ERE D Xt Tl A5 E (ACC, %) Fn#E IR FE R (Lat. . ms) B S5 10

- D mini. 1-shot mini. 5-shot CUB 1-shot CUB 5-shot
ACC Lat. ACC Lat. ACC Lat. ACC Lat.
BaselinelJt 640 66.58 39 84.19 49 67.07 37 86.97 55
1024 69. 95 45 85. 58 62 85. 92 68 94. 50 84
2048 70. 49 54 86. 08 73 86. 30 150 94. 62 172
ATk 4096 70. 74 76 86. 36 105 86. 39 186 94. 70 210
8192 70. 85 100 86. 54 135 86. 67 257 94. 80 318
16384 70. 94 164 86. 65 222 86. 60 414 94. 81 519
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1R 2025 4

o
=B

JEFNUERS FE , J5 2 52 3 BOA R AT D=8192 ik & .
Baseline' " J7if U3 T 40 5C A8 31 . £ D=1024 R,
A5 HAE CUB | A HERA B L Baseline'™! 55 18. 85 %
(1-shot) , i T 7 3R 3% 50 80 % ; #F minilmageNet | 1%
YER BE . Baseline™ &5 3. 37 % (1-shot) , 77 #fE 3 4E 3R X
B 1526 s B — 5 1 TR A

ARSI CBP R A BIG B s AT 10M
HOHERA BE RS2 R 7 s . i T CBP BER
AR 2E ] S EL R T — B 3R % U 25 i A5 2L T
PLE A CBP #2 B ER 1 — B 22 m #E 47 ool it
AHEE TAUAH FH — B 22 78 1 TR0 7 58 AR SR — B
o %k . - £om ool i 77 2 7E minilmageNet
FARIET T 0.68% (1-shot) Fl 0. 91% (5-shot) ;
£ CUB 494 F+ T 8.59% (1-shot) fl 4. 07%
(5-shot) , FI I = By 37 i A7 150 B &5 R 0 2L 35 4
J1 7€ minilmageNet 43543k 4. 27 % (1-shot)
2. 35% (5-shot) /) ¥k ik $2& F+s 76 CUB | 43 il 47
13. 50 % (1-shot) fl 5. 69 % (5-shot) [ E RE 2 TT .

x 7 ZMEx R ER R
& 15 22 7 [ 8% minilmageNet CUB
WA TG 1-shot 5-shot 1-shot 5-shot
1st Ist 66.58 84.19 73.17 89. 11
1st 2nd 67.26 85. 10 81.76 93.18
2nd 2nd 70. 85 86. 54 86. 67 94. 80
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o o o
ol o w
5-shot /R /%
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al
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—e— mini. 1-shot

184.5

—&— mini. 5-shot

25 100

01 1 84.0
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40403 S RLE A B

H3CERL10, 33 A0 Al 2 1 6 W 2 0 844 4
WA T M g — D FERFELIIRGE £
()8 FURRIE o 78 SCHE AR A R 1RAL T FR AR 5l X
HERIPEBE AR, AN 3% 8 Ir7R . 7€ ResNetl8 H1, Y4
FRAERCRH 7 X7 A8 14 X 14 A}, 1-shot fil 5-shot
) TR B 43 00 38 i 0. 63 %6 1 0. 37 %0, B4 I 4 AiE %k
A R TR OC T T 2 9 A () 20 5 RRAE S 33X O kL
JE A% R 00 o A S Bl . RIS BT R R R L AR S
M4 AR B A TEG T .

® 8 HAFHBUEBENEREHZNE

. 7 I, ACC/ %
[Fi) £4% AR BB PER RHERE
1-shot 5-shot
. 5X5 70. 52 86.71
ResNetl2  mini. 84 X84

10X 10 70. 85 86. 54
TX7 86. 05 94. 30

ResNet1l8 CUB 224 X224
14X 14 86. 68 94. 67

TETCI B B o 32 48 [0 9 25 1 1E AL 240 C 52
SN TG ROR XS 43 A A5 R B PEAL I & 3
IR ASCHIH scikit-learn 4 v 52 BLAY 32 485 11 09 2%
CBRACE E WAL FR BB/, 75 5-way IYIE T,
C BN (C=0. D 2x R IUG B0 2K U
TR 1.0% . Ak, 3 F U R U 25 32 ]
FE R C BCE BA BN, CTE— DRI H
P (C>5.0)fF minilmageNet #1 CUB |- i i & ¢
N, B TROE .

87.25

87.00
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1-shot i /%
&
(C_;;I

o]
o
Do
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—e— CUB 1-shot
—m— CUB 5-shot

0.1 1 25 100

[SXer"

Pl 3 2 [ U T D0 T2 K C o T I I 45 2 19 R

ZAT 55 P R T 25 R LA B AR b 5 — SE 7 B Bt
F/IREA 43 28 07 B M 45 & . A SCHE minilmageNet
b %F ProtoNet™* | Baseline!™ #1 GoodEmbed™™ = F
kAT TR 9 iR . BARWE A SCH
SR PR SC A T 25 3 20 5 80 47 09 2 o i AN 2
TR SCE T A R I 2R B L AR SR
BB R = b Oy 2 0 et 26 AT 0 2 i I 2R s ik
FETCF 2 B B s ProtoNet ™" i 3 11 55 K7 AiF 1] 7 1K EG

HE B9 33 47 AR 0L PR ) 51 ; Baseline™ #1 GoodEmbed™
TE AR BN GRE M o 25 48 T T P00 A5 ) SR AR AR
U4, GoodEmbed™ FEASCHI 25 1 3 a1 A KL
BB AT T — R B AMNY A 250 . SLE R B A
SEIA R i TR SR A IR . AT R SO
A W I 2 AR SOy BN 2R X ok 1. 2406 ~
4.56% (1-shot) Fl 1. 49 % ~4. 55 % (5-shot) iy M fig
PRTb X e Bl T A SCRI AT B MR B 2 ) AR
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E

2 51 7 2 AT 25 WU 25 0 0 80 o T B W43 055 1] o A {0028 3R 7 0
G316 50 S5 10 T B A4 T 350K 80 0 4326 300 9 1
e PR E . AU B 1 2 R A 60 A O

x99 BlGAENBRAES R

minilmageNet

ik Tshot/ % 5-shot/ % e, 24 R 0 B 155 % I R O 4 4 T 4
ProtoNet[26+10] 62.1140. 44 80.77+0. 30 AL . B 32 715 RS A5 A5 2500 i 188 R 4 205 5 g 211 501 g
+ ARSI S5 63.35%+0. 19 82.26%0.13 R o N —
Bascline ™ 62,020, 63 79,610, 1 B — A /INREA AT 55 1R R T AR A BEAILRFE T
ARSI G 66.58+0. 19 84.19+0.13 P R R o FE B R B R AE 2 8] L AT 45 1A
GoodEmbed!™ 64.82+0. 44 82.1440. 30 bk T ) e p30 B M Bl
g s orto1 o o140 18 {40 K5 I I 53 03 R T 70 4 O £ 40 90 1
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Background

Few-shot image classification has received widespread
attention due to its potential applications in agricultural pest
and disease identification, industrial defect classification,
and other fields. Existing methods can be organized into
the following two main-stream families, optimization-based
methods and metric-based methods. Metric-based methods
show great prospects and have achieved leading results on
many benchmarks.

Currently, there are two key research routes for main-stream
metric-based methods, namely pre- training and meta-learning.
Pre-training is used to improve the model’s representation
power, thereby enhancing the performance of distance function
in the meta-learning stage. Initially, most such studies used
classification tasks for pre-training on the base set. Some
works have explored different self-supervised tasks for pre-
training , effectively improving their generalization performance.
However., how to utilize self-supervised learning more
effectively to enhance the model’ s expressiveness, is still a
question that deserves deeper exploration. Especially for
convolutional network-based methods, this exploration is
clearly insufficient. Normally, in the meta-learning stage,
they exploit the image’s first-order representation, and focus
on the design of distance functions. Instead, to leverage the
rich statistical information in the features, some methods
extract the images’ second-order representations for similarity
measurement, achieving leading performance. However, in
different few-shot classification tasks, the inter-class similarity
varies, resulting in different level of difficulty in classification.
The concrete advantages of second-order representation in
different few-shot classification tasks with different granularities
are not yet clear.

This paper conducts research along the two key clues of
pre-training and meta-learning. The training on the base set
is divided into two stages. First, we have designed a multi-
task cooptimization pre-training method to learn transferable

representations. It is built upon a contrastive learning {ramework
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that realizes the joint training of contrastive learning tasks.
generative self-supervised tasks, and supervised classification
tasks. Compared to previous works, the proposed method can
naturally integrate contrastive learning tasks and generative
self-supervised tasks into the training of convolutional networks,
demonstrating good complementarity. Subsequently, we finetune
the pretrained model with parameter-free CBP to aggregate
the second-order representations of the images and further
enhance its detail perception. In the meta learning stage, we
extract the second-order representations of images and evaluate
their performance on few-shot classification using linear
probing. To quantitatively analyze the role of second-order
representation, we define a task difficulty score to characterize
the level of nonlinearity in the inter-class boundaries for each
few-shot classification task. Experimental results show that
the second-order representations exhibit stronger linear sepa-
rability compared to the first-order ones, making them more
suitable for difficult few-shot classification tasks. We achieved
leading results on four benchmarks, verifying the effectiveness
of the proposed method.

Few-shot learning( FSL.) and higher-order representation
learning ( HoORL ) are the major research interests in our
laboratory. DeepBDC is a representative FSL. work and was
accepted by oral presentation at CVPR2022. Our laboratory
has been continuoussly exploring in the field of HoRL and
related findings have published in IEEE transactions on Pattern
Analysis and Machine Intelligence, IEEE transactions on
Image Processing. CVPR, NeurIPS, ICCV etc. Representative
works include but not limited to matrix normalization methods
and theoretical study of HoRL (TPAMI2021, 43(8): 2582-
2597) along with its analysis from optimization viewpoint
(TPAMI2023, 45 (12). 15802-15819). Inspired by our
previous works, we explore FSL from the perspective of
self-supervised learning and second-order representation. This
work was supported by the National Natural Science Founda-

tion of China under Grant No. 62471083,



