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Abstract Relation networks, as a method for few-shot classification through metric analysis of sample similarities, are
limited by their inherent local connectivity which restricts the utilization of global features of samples. Furthermore , these
networks demonstrate insufficient generalization ability when data is scarce. This paper proposes a hybrid method of few-
shot classification combining self-supervised learning with adaptive perception relation networks. Firstly, it enhances
model feature representation and generalization ability by integrating self-supervised instance-level and scene-level
auxiliary tasks,supervised few-shot classification auxiliary tasks,and adaptive dual-relation attention tasks. Additionally,
a dynamic weight averaging strategy is introduced to adaptively optimize weights between auxiliary tasks. Instance-level
auxiliary tasks focus on learning transfer knowledge of unknown categories in rotated samples, scene-level tasks ensure
consistency in classifier predictions across different rotated datasets, while few-shot classification auxiliary tasks average
supervised predictions on expanded datasets, optimizing classification efficacy. The adaptive perception relation network
tasks automatically adjust image feature variations through an adaptive layer,and enhance inter-feature interactions via a
dual-relation attention mechanism, thereby promoting key feature recognition. The proposed method has been validated on
the minilmageNet, tieredlmageNet and CUB-200-2011 datasets ,demonstrating its capability to significantly enhance the
classification performance of relation networks across various backbone networks , proving the feasibility and effectiveness
of the proposed approach.
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Fig.1 Self-supervised and adaptive-aware relation network model
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Fig. 2 Adaptive dual correlation attention module
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Table 1 Training process algorithm for self-supervised and adaptive perception relation networks
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ST

A SCHY SAARN BRGNS T F R 20 R S B RATL R 38 ek 13365 ISR DG 3 B B A R b 4
TR BG4 R B AT AR A AR FIRE . X —HLTRITE AL B MR AR 27 3] 3 55 i WL SRR E PR A S
[F) A 22 5 O TR BT A ) ) P RNASCR, . JHAR, Sl A AN P X SR S R AL 1 7 22Nl B AT 55 =2 1)
AR S PR 5 EE A T A AR Y BE ) XA 127 2] ad e i & B T RCRL )iz AL TR RE.

TEBPEAE minilmageNet Fl tieredImageNet |, AS SCAYRERI /R T W 2 AOMEREME R BURT &, R
Conv4-64 PIZEET 414 3 Fii7R , #E minilmageNet ) 5-way 1-shot {145 11, SAARN #5781y 5 2 ) 4% 55 1 5.68%
1t tieredImageNet ] 5-way 1-shot I 5-way 5-shot 1T 55 HHPERESE TH 435N 6.46% Fl1 5.24%. 4R F BT K W 2%

— 74 —



WO A5 R T F S S DRI R 28 /R (R 2K

Conv4-512 i, SAARN 45 % #£ minilmageNet A 1-shot 1 5-shot 1T 45 1 43 5 $2& F+ T 4.3% 1 5.09% , 7

tieredImageNet " HET T 4.08% 1 4.99%. A1, {#iFH ResNet-12 VE A8 T W45 2R R AE e A T 55 h 4

FETHERBOCS I T AR SCAY SAARN B 033 o M A e 1 | BIVAERCUR 1Y) IR 28 2548 T AT RE A 350F FH LR
% 3 HIEE inilmageNet 0 tirerdImageNet B #ETHE

Tabel 3 The accuracy on datasets minilmageNet and tieredImageNet

minilmageNet tirerdImageNet
i (e LS
1-shot 5-shot 1-shot 5-shot

MatchingNet Conv4-64 43.56+0.84 55.31+0.73 — —
ProtoNet Conv4-64 52.61+0.52 71.33+£0.41 53.33+0.50 72.10+0.41
MAML Conv4-64 48.70+1.84 63.10+0.92 51.67+1.81 70.30+0.08
RelationNet * Conv4-64 51.94+0.84 66.55+0.68 55.28+0.92 72.20+0.76

PN+rot Conv4-64 53.63+0.43 71.70+0.36 — —

CC+rot Conv4-64 54.83+0.43 71.86+0.33 — —
CPLAE Conv4-64 56.83+0.44 74.31+0.34 58.23+0.49 75.12+0.40
IEPT Conv4-64 56.26+0.45 73.91+0.34 58.25+0.48 75.63+0.46
CECNet Conv4-64 54.45+0.47 70.57+0.38 56.59+0.50 72.86+0.42
PARN Conv4-64 54.78+0.91 71.02+0.67 58.12+0.96 74.45£0.75
SAARN Conv4-64 57.62+0.88 73.01+0.70 60.52+0.94 77.46+0.72
RelationNet * Conv4-512 54.88+0.87 68.96+0.68 59.34+0.97 76.26+0.82
ProtoNet Conv4-512 53.52+0.43 73.34+0.36 57.88+0.50 76.82+0.40
MAML Conv4-512 49.33+0.60 65.17+0.49 52.84+0.56 70.91+0.46

PN+rot Conv4-512 56.02+0.46 74.00£0.35 — —

CC+rot Conv4-512 56.27+0.43 74.30+0.33 — —
IEPT Conv4-512 58.43+0.46 75.07+0.33 60.91+0.59 79.61+0.45
CPLAE Conv4-512 57.46+0.43 75.69+0.33 61.56+0.50 80.03+0.38
SAARN Conv4-512 59.18+0.93 74.05+0.75 63.42+0.97 81.25+0.86
RelationNet * ResNet-12 60.59+0.85 74.89+0.66 64.52+0.96 78.75+0.76
MetaOptNet ResNet-12 62.64+0.61 78.63+0.46 65.99+0.72 81.56+0.53
ProtoNet ResNet-12 62.39+0.51 80.53+0.14 68.23+0.23 84.03+0.16
MTL ResNet-12 61.20+1.80 75.50+0.80 65.62+1.80 80.61+0.90
Shot-Free ResNet-12 59.04+0.43 77.64+0.39 66.87+0.43 82.64+0.43
DSN-MR ResNet-12 64.60+0.72 79.51+0.50 67.39+0.82 82.85+0.56
PARN 3 ResNet-12 62.01+0.91 77.01£0.69 65.98+1.03 80.74+0.82
SAARN ResNet-12 65.23+0.92 81.02+0.71 68.91+1.08 84.65+0.84

TE:SAARN U3 A B S B RRISE RIS, ARFT AU S B 5256

N T IRAE IS0 1A R, 7 SO 7R 4IRS RS 40 2K AR E SR 55 CUB Lt A7 T, 4
4 PR, MM Conv-64 1E M8 T MZEHT , SAARN FLAUAE 1-shot 1 5-shot 1F:55 H1 4351 b JC R 452 5 1
9.2% F1 8.68% MIMERR K. YHEH 7] ResNet-12 FI2% i} SAARN #EAILE 1-shot /£ 45 H v fEsE T} 9.7% , 78
5-shot fF55 HET T 5.89%. X 2L b AP BERGHE 28 18 T SAARN BERVLE i B 4328 [ AR 3, BRAE A7 2K
PR RIA A G AR 28 5, 36 T 10 5 SR MR R A 2 B B 0 G . sl ok DL B Sy e R T R
5 A A1 O F2 8 TE/NREA 2 2] vh 1 Sl it A S

R4 HIBEECUB LMERE
Tabel 4 The accuracy on dataset CUB

CUB CUB
o LRRLE o LRRLE:
1-shot 5-shot 1-shot 5-shot

MatchingNet Conv4-64 61.16+0.89 72.86+0.70 SAARN Conv4-64 71.65+0.92 84.79+0.66
ProtoNet Conv4-64 63.72+0.22 81.50+0.15 ProtoNet ResNet-12 78.60+0.22 89.73+0.12
MAML Conv4-64 55.92+0.95 72.09+0.76 RelationNet * ResNet-12 72.53+0.98 84.67+0.63
RelationNet Conv4-64 62.45+0.98 76.11+0.69 PARN 3 ResNet-12 77.40+0.91 88.46+0.56
PARN 3 Conv4-64 66.92+0.99 79.49+0.72 MIAN ResNet-12 71.86+0.35 85.84+0.23
FEAT Conv4-64 68.87+0.22 82.90+0.15 LPE-CLIP ResNet-12 80.76+0.40 88.98+0.26
IEPT Conv4-64 69.97+0.49 84.33+0.33 SAARN ResNet-12 82.23+0.81 90.56+0.46




P UM R A2 2R (TR R ) 55 24 5 4 11(2024 4F)

2.5 HRASKEE

225 JBR T IEEPRAE minilmageNet . tieredImageNet I CUB I+, A~ [A] BAC AR B9 O 2R I 286 A5 700 4 1
SEEAE A XSS T A E UL 0, T B IR T AL T LAY 0 O R M T RE. K, A
i AL B E— 2P 4R T T A R AU O R S Y PERE. ANER S il LA, A L T AR ERY
RelationNet, I A H Wi 2 > (self-supervised learning, SSL) % RelationNet+SSL, H. v { Wi Bt 242k [ 3crh
) B R BT S5, AR ER 2B PARN i B0AIE 10U OG T A B i A 5 1. 7R 45 T 55 B34 5
T PERERYSE T, X R B B 2 ) BERS A A A T R AR B ok 1 s U RL (9 R R K s B8 0, HE T 42
INEEAR R R B HER K. BAh, H Wi B 5 R 56 2 I 4% (self-supervised and aware relation network , SARN ) #5
R VENTE PARN RAUEERN [ F— 20 & [ MBI RRAS , 26 I A 14 55 AR LE R 2119 RelationNet +
SSL 7R B W 2 B PR RS T, 2D ENIE 1 B W~ 0 i AL 2 5 (s R AR A M 2 ) 1 T 5200

R 5 #HIEE minilmageNet . tieredImageNet 71 CUB _E R EHE A HE B LIG 45 R
Table 5 Ablation study results of different models on datasets minilmageNet, tieredImageNet and CUB

minilmageNet tirerdImageNet CUB
T
1-shot 5-shot 1-shot 5-shot 1-shot 5-shot

RelationNet 51.94+0.84 66.55+0.68 55.28+0.92 72.20+0.76 62.45+0.98 76.11+£0.69
RelationNet+SSL 54.01£0.85 69.42+0.67 56.38+0.93 73.97+0.78 68.15+0.95 80.54+0.64
PARN 54.78+0.91 71.02+0.67 58.12+0.96 74.45£0.75 66.92+0.99 79.49+0.72
SARN 56.91+0.86 72.31+0.68 59.56+0.94 76.85+0.72 71.23+£0.93 84.03+0.66
SAARN(no D) 57.48+0.89 72.68+0.69 60.37+£0.92 77.23£0.71 71.43£0.91 84.68+0.65
SAARN 57.62+0.88 73.01+0.70 60.52+0.94 77.46+0.72 71.65+0.92 84.79+0.66

1 : 1 RelationNet+SSL AAFRTE IR M &% By LR A B W4l B AL SARN Fe7m A M 580 ¢ &R M 4%, SAARN (no D) FRFEWH

(PSSR P-4, SAARN 1R 1 WPt 5 138 ISR 56 2 R , G PR 105 T 46 4 Convd-64.

H—20H, SAARN AUTE SARN HYEER I A3 N RAOC R ML, on 18 W e et xR
WY A I B 3 S AR AT R IR ) 5 2% O 2R DA Rt i /INRE A 43 A M v i AR L A, % Ll 5
iE— %8 T DWA 76 SAARN #ERI 52, 25 R0 51 A DWA (1) SAARN MERIYE A — A 5ds 4
AL TARBH DWA BYRUASSE L T P RE F A — D48 . XXt i T DWA 6P &Sl BT 55 1Y~
> H A DA TR B 25 R 22 A8 1) 2 2] PR S vh R 59 A 55 LR T A RCHE. sk s RiORS 28 A i A R A R
SAARN A5 2 B4 TE IIORS fff ok 52 2% (R BCHE 40-A1 A T A, DOTTTFE /INFEAS 27 2 4 55 rh BUAS B4 1) 245

R T ERGEAS Rl 2% bR BSOS A BE A 52, A8 SCHE A 2 minilmageNet il tieredImageNet |47 7 —
ROV RS, AR PR SE 00 25 0 N TEVE T A S BRI AR 0.5, AR B 8R4, sk 6
Jii7s ] Conv-64 VB T W25  BERIZE A 4 FORTE A5 pREL, 31X 4 P a5 DA B B, RISE 6l 4%
BTSSR L, st PSS UK £, DARPIRRIAEAR  BI/INREAS Sy Sl B i 2k £, 0 £ 55
IR L, ERH R RS 2K L, BIE 2 A A 3 e, a5 R nT LIE B
24K R N AR R 2 B AL BT B R X R R BB AT LA R A PE .

% 6 ##EE minilmageNet F1 tieredImageNet 157 25 iR # A H RASL IR £ R

Table 6 Ablation study results of loss functions on datasets minilmageNet and tieredImageNet

minilmageNet tirerdImageNet CUB
Loin Lins Lopis Ll
1-shot 5-shot 1-shot 5-shot 1-shot 5-shot
v 56.27+0.83 71.75+0.71 59.07+0.91 76.12+0.73 69.25+0.98 82.75+0.64
v v 56.67+0.81 71.96+0.73 59.50+0.93 76.54+0.75 69.63+0.99 83.14+0.66
v v v 57.03+0.84 72.27+0.75 59.83+0.96 76.87+0.78 70.52+0.97 83.93+0.68
v v v v 57.48+0.89 72.68+0.69 60.37+0.92 77.23+0.71 71.43+0.91 84.68+0.65

T TH RS R HE Cond-64 1 EH T 45 T2 AT,

2.6 SEST
TEARWEFE B Conva-64 W45 1E 5 4E minilmageNet FHFFT 5-way 1-shot Fl 5-way 5-shot A
5. &3 R TR IR ICE T BOAIPE REREE R AR R (PRI R B B AR AR A5 R B R
[FI e AR L A3 R R RAEN 1 2 4 AYBERAFDL. W UL, 7F 5-way 1-shot 1 5-way 5-shot {155, i R
— 76 —



WO A5 R T F S S DRI R 28 /R (R 2K

(R0 33638 A0 0 M B 2 I 4R T, SR RS 1 3 0 Oael

ek I A PR 0 T s A4, AT LA A3 5 48 9 A0 of  BR2 —

INBEAS S 92 S FZALRE F7. T HOAE T 24 19 S-way € MR

S-shot {45 tfr, 8 10 e b it 2 3 M 4T T £ .l

Sy UESE T A0 1 9 SR W e B 2 A AT 55 v = N

AT, ’l ]_ﬂ_l

3 é jn:ilﬁ 5 way 1 shot 5 way 5 shot
3 #4EE minilmageNet t R EHH

ARCHEH T —FP e 1y 2 R WK NREA 4T Fig.3 Analysis of R values on the
Ve, BL I A 1 W ST S IR R 4 | 958 T dataset minilmageNet

SB35 WA 0 R AT 55 B, 8 o T AT BRASE Th IR A T R SRS 2R SC R I RE TS . 1 3
AEAEAE BT RS PSRRI HR A O R S AE AN W) B4 32T BB RE A AT S8R T G 28 R 45 114 7326
PERE. UK, X A R — S8/ MR A 272 ] T3k 3t I /INEEAS 27 o] 12 BT s P B P BE. T il S s ik —
APRE T AN R AT 55 B RN B AT P44 SR A B TH B AR RE D7 T HAT FE B PE AT, DA T AR SO T Y
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