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Multi-scale feature refinement for few-shot image classification

LYU Fu'?, ZHANG Xu', ZHANG Ziyang'

(1. School of Software, Liaoning Technical University, Huludao 125105, China; 2. Department of Basic Teaching, Liaoning Technic-
al University, Huludao 125105, China)

Abstract: In few-shot image classification tasks, feature fusion improves the utilization of limited samples but can read-
ily introduce redundant information and degrade the model’s discriminative ability. To address this, this paper proposes
a multi-scale feature fusion refinement network (MFRNet) that optimizes feature representation through a systematic re-
dundancy suppression mechanism. First, a dual-stream attention fusion module is constructed, combining cross-level
feature interaction with adaptive global attention to achieve collaborative fusion across spatial and channel dimensions
and effectively suppress initial redundancy. Second, a separable channel attention mechanism is introduced, using deep
separable convolutions to decouple spatial filtering from channel interaction, further compressing redundant informa-
tion and improving feature discriminability. Finally, an adaptive feature refinement network is designed to achieve hier-
archical filtering of redundancy and retention of discriminative features through a two-stage compression—release mech-
anism and heterogeneous feature decomposition. Experiments on five datasets of varying granularity show that MFR-
Net outperforms existing mainstream methods in both experimental settings, demonstrating significant performance ad-
vantages.

Keywords: few-shot learning; metric learning; feature fusion; feature refinement; image classification; prototypical net-

works; multi-scale feature; deep learning
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Fig. 1 Overall framework of multi-scale feature fusion and refinement network
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Fig. 2 Dual-stream attention features fusion module
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3.1 HBiR&E

ARICAE 5 A/IREAR BR O3 REIR 4R X BT 4
W T AT T AL, 4518 TieredimageNet, Mini-
ImageNet, CUB-200-2011, Stanford Dogs # Stan-
ford Cars, TieredImageNet!'" & ILSVRC-2012 i)
TAE, NN B A /IEA S R B R, 1% 34 4
B JE R KA 779 195 SR G, Has HSR A 52K
#3Z fL 1 . MinilmageNet!® [F#£J# [ ILSVRC-
2012, A5 100 4251 &% 60000 5k E &, |z HF
PEAS BB /NREA B E T Y3 2R RE . CUB-200-
2011 J&/IREAS 3 AT 55 v T 2 Al P i i v K s
4, A8 200 D20, it 11788 kR,
Stanford DogsP” £, & 120 4~ R Fj, 3245 20580 5K
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KA, 15 m G4 BAZA, id TP fE &2
A5 HESIEE ST . Stanford CarsBY #2448 196 4~
BRGA (5 i A fy) 2 16 185 1R B, iE &
AF 5T AIRLEE 1 2385000
32 XWiEE

AR LAE 5-way 1-shot Fl 5-way 5-shot /NFEAS 43
A% E T X TR Y MERNet 77 647 7 PR RETT
i o SEEGFE LT PyTorch HEZE ) RTX3090 GPU
RIS A L T, HEER S A kA A X
L, SEEBE T /INREAS 23 AT 55 vh BcE PR
Fh 3 T WM 2% 45 4 : ResNet-12 Fl Conv-4. Il 2L Bt
BT ERGe — IR S [ e RST, DI e 458 784 g
AZR,

YL B N | B0 UE 4 5 I 4 25k H
— WS EBECE . A SRR I BEALES BE R
F% (SGD) A3 X 45 A0 2 B0k 47 30, W) UR =
MRFENO0.1, 650 RENG, I REE

10 WAL WA AR —F; S RERE N
0.9, FLE I R EH 0.000 5, HoAbitE 2 5 % M
L NINCE

VAR 755 A /A BIR 0r 26 5 ik adE
A Lk, DI 4 B AL R AR 55, SR S5 31
25 Bt — 31 5-way 1-shot 1 5-way 5-shot S50 1%
BTN . ARBITE R PEAL TP iE 4T 5 4 epoch,
A~ epoch 7 100 A0S AE 55, IF LU 43 2%
HERR RN N B AT 85 o R itE— 2D B T P A
BRI AR bERe, I R i 5 HAh /D FEAR 3 20
R RE 22 5, AR SO TE T X HSE B 5 9 Al sg
B, A4 T /R A AU 1 A R 5 G B B ) TR
33 FEEEW

T VAl MFRNet PERE, A/N 1 E Je fLH 4
T A NS B 53 28 T7 36 78 WA FUORL BE s 46
MinilmageNet F1 TieredlmagNet [ #F17 Hb#, 45 5%
mE 1 iR,

®1 HNEERGIIELEER
Table 1 Coarse-grained image comparison experimental results
Conv-4 ResNet-12

Tk MinilmageNet TieredlmageNet MinilmageNet TieredlmageNet
1-shot 5-shot 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot
MatchingNet 44.32 54.51 45.56 55.12 63.08 75.99 68.53 80.61
PN 50.72 67.32 53.31 71.33 62.67 77.88 68.48 83.46
RelationNet 49.62 64.42 53.55 70.52 65.91 82.41 71.16 86.03
DeepEMD 51.52 64.71 51.22 65.83 65.91 82.41 71.16 86.03
DN4 50.52 70.38 52.63 72.63 65.35 81.10 69.62 83.41
DMN4 55.73 74.19 57.06 74.15 67.15 84.20 71.86 85.76
TALDS-Net 56.78 74.63 57.54 75.79 67.08 83.82 71.02 85.23
QSFormer 55.82 75.16 58.12 76.31 65.44 80.06 72.74 85.66
bdc+var+invar 57.28 74.89 57.09 75.72 68.61 84.71 73.37 88.26
PatchProto+tSF 57.25 73.37 59.75 74.58 69.27 84.41 72.48 85.14
MFRNet(430) 57.56 76.33 58.42 77.25 70.49 88.96 75.42 89.85

T IR 2R PR R AL

LT L A T R R R IR R R
4 2] 1Y PNUY MatchingNet™ | RelationNet!'V; J&F
Jey R i 22 7% BE ik % 5J 1) DeepEMDE?) | DMN4!'S)
1 DN4UM; JEFHRAE L fL 9 TALDS-Net!"l; JEF
Transformer ) /7 QSFormer™ £ PatchProto+tSF**;
T [ B 5 s bdet+var+invar®

M 1R RLE Y, R 308 A MFRNet J7 12
TE MinilmageNet F TieredlmageNet P> /NfEA Sy
FRFARAE b, TR R 9 FRAE L BS54 (Conv-4 Al
ResNet-12) DA A 1-shot F1 5-shot 1% & T ¥4 & 4L
TIA X I . T & &M e

MFRNet 43 51 H 24 A 5 A (R 6] B 5 36 -3 82 71 T
0.56%(1-shot) 1 1.99%(5-shot), A4 T RALT5 B 1Y
P2 TH 0 BE Ay 13K 3] 1.29% F13.17%, KB T i% 07
BTz e AR e P RE T

55U ) I 4 R RRIE ORI R 2T U
& Prototypical Networks(PN) # 47 % v, MFR-
Net 76 B8 52 7Y 1-shot 1 5-shot % & I F1Y
SR T T 8.33% Fl 8.45%, X FE 0 FK M, M T
A8 4 TR R AE 1 7 =X, 5 1A R 4R I i R X
D) AN = ¥ N Y o A o B S 2

ARSI AR T R AR Y il A
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J71%, 41 TALDS-Net, 5 TALDS-Net f [t., MFR-
Net 76 8045 52 | 1-shot F11 5-shot A8 147 #E
ROBIRTE T 1.64% M1 2.58%. JtHAE ResNet-12
FEECES T B9 MinilmageNet 1% & 1, MFRNet ik 5
70.49%(1-shot) I 88.96%(5-shot), # . TALDS-Net
) 67.08% F1 83.82%, 41 il & Ft 3.41% F1 5.14%,
FEI R HSR P RRE R GARE ) . AR EENE, ]
% TALDS-Net T 51 A Jay & #¢£iF 40 B3 0%, MFR-
Net 7 LAl 1 ifF— 25 30 3 FRAE 3 25 5 40 fh A He
sEAL T XX AT RE ST, AR T T /NEAR T 2
I

53T Transformer 1 5 % QSFormer Fl
PatchProto+tSF #47 X} FLE, MFRNet [w] 4+ 3% 2 i
T B # . MFRNet 7£ MinilmageNet fil TieredIm-
ageNet F#E4E I 19 1-shot F1 5-shot M 54351 He
QSFormer “FH 45 T 6.55% M1 3.87%., MR
Conv-4 H LB 28 15} #H % T PatchProto+tSF J7 ik
7 TieredImageNets ZL 5 £E 1Y 1-shot & & L FE AL
T 1.33%, HFE HAB B E P XA T TE . XK,
JR4E Transformer 25 F4 8 #EAR 4 R AKIOC R, (2
MFRNet il 1 51 A Jay FRRFAE 38 F 240 AL L H, Ak
B L 1l Ak B AT 2% 1 JR AR RR AR, G LR AR B e 1 D

HIE LT o

HET H W= %, W bdetvar+invar
AT XT L BF, MFRNet [A) 4 @ 31T PR R .
Bdc+var+invar 7£ 5-shot % £ T ) TieredImageNet
ik T 88.26%, {H MFRNet 7E MinilmageNet il
TieredImageNet £ #5 4 I 1Y 1-shot FI 5-shot Y fE
BRI T T 1.97% 5] 2.92%., X L5 R K],
U B Ty i i T B 2 ST AR A RO R AE
/R, MFRNet i o 22 ROEEREAE 48 46 F 3 2 07 AL
il BB AR D REA NG B0 T #E— 25 38 T4 AE 5 4] ]
PEFITE CRAERE J7, IWMTHAL T SO0 AY 73 2P fE .

2% b, AR SCHR B MEFRNet 76 HURE BE 5098 45
B R W R TR, Bk T RS
2 Jay 5 Ry BT B I X RHE 2T 48 Ak A B T4
INEEA GRS e 0 M A A

ARSCITE 3 A4l BE EE %585 42 Stanford
Dogs. Stanford Cars #1 CUB-200-2011 | #E47 %} [t
S, AT BRI PERE . SRS R ANER 2 s
XF HE 75 60 % PN, DN4, TALDS-Net, BiFRNCY,
C2-Net™ | LDCAP®, DLDAP?, BSFAM | bdc+var+
invar, QSFormer, ViTFSL-Baseline*! {1 HelixFormer'*?
ik
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Table 2 Fine-grained image comparison experimental results

sk Bmbeded g e Tohot Sl
PN 72.25 86.17 72.23 86.98 71.98 86.64
DN4 45.41 63.51 59.84 88.65 64.02 82.97
TALDS-Net — — — — 88.32 94.90
BiFRN 72.54 85.86 88.48 96.34 74.36 88.64
C2-Net 75.50 87.65 88.96 95.16 — —
ResNetl2
BSFA — — 88.93 95.2 82.27 90.76
QSFormer 71.22 82.48 78.63 88.32 75.74 86.52
bdct+var+invar 73.49 84.83 81.24 90.07 84.41 94.37
HelixFormer 65.41 80.92 78.97 92.11 79.34 91.25
MFRNet(4<3) 76.54 90.52 89.34 95.32 89.34 95.52
ViTFSL-Baseline Transformer 74.24 85.48 80.83 89.69 76.50 89.95
MatchingNet 35.82 47.53 34.81 44.74 4532 59.56
PN 65.59 82.19 64.90 82.93 64.42 81.82
DN4 45.41 63.51 59.84 88.65 46.84 74.92
TALDS-Net — — — — 81.73 93.24
DLDA 49.44 69.35 60.86 89.5 55.12 74.46
LDCA Conv-4 55.72 80.76 56.8 91.91 75.45 91.63
BiFRN 61.39 78.86 76.22 90.66 — —
C2-Net 66.42 81.23 81.29 91.08 78.66 89.43
BSFA — — 49.98 67.52 68.16 82.41
HelixFormer 59.81 73.76 75.48 89.93 78.52 90.87
MFRNet(7 30) 67.05 81.53 80.33 92.62 80.32 94.32
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MFRNet J5 ik 1E Z A 4I0kL B 4 25 50 H5 4E (Stanford
Dogs. Stanford Cars, CUB-200-2011) b #1Hf5 T
S Uk BE, 42 T I BT A R RRTE (40 PN,
JRFRAFAE (40 DN4, TALDS-Net), fill & 55 1iF (40 Bi-
FRN, C2-Net), % F Transformer % 5 & (U1 QS-
Former, HelixFormer fll ViTFSL-Baseline) DA J 3
T B W8> B9 7 (A0 bde+var+invar), 7E{#
ResNet-12 1F: A F#AiE 4 B R 28 1y, MFRNet & i 41
B Pa £E i 1-shot A1 5-shot 15 & i 4 52 30 Y Fij fe
PERE, JUHAE CUB s 4 iy et o 3, 4
51| Ft BSFA #2155 7.07% H1 4.76%, B H HAE 40k
FERLGE 5 24T 55 Th s K FN I RE T o MifE 4R )
[ Conv-4 P25 459 T, MFRNet 7£ 5-shot 15 & 1
WORR B, B iie 1 H R A I 450 18 I v 5
etk . AH LG A Transformer 55 5 24 458 1 A4k
J7 % (4 BSFA ., QSFormer, HelixFormer I ViTF-
SL-Baseline), MFRNet 7£ 5% F 544 4t 3+ W 45 11
ST ARG, U BT HR B RRAE R 2 5 A
FEAIL T g B8 A7 A b R BCH RIS B, a2 s 5
JrdAE Bl A i — 2 R T BRIz AR . 5
HT A WA= 2 W5 ¥ bdetvartinvar 4T X
B}, MFRNet [a] e £ 4, bdc+var+invar £F
CUB-200-2011 _E %) 5-shot #EH R 4 94.37%, 1fii
MFRNet 7EAH [7] 3 & T ik 2 T 95.52%, #ili T
bdc+var+invar 1R, X £ B4, MFRNet 7F 18 i3
22 ROBEREAE 2040 0 B 30 0 D BL R 4 i R R
ANGNEZ PIE G T TR A E A= R R R L =N )/

g5 b, ARSI ETEAN R M 45 2548 . 2Bt
LD K M s T R — S A itk 7
SR T HAENEAR AT S5 T A R A2

T8 W E
WAL, S T TIPS IR, A SO 53
KK, i NS H | THR R AR XS b T
A )7 58 HT B TALDS-Net, DLDA il LDCA
Tk, BRI 3 s,
R3 BUUEHRMLLLER

Table 3 Comparison results of various indicators

T ZHE/10°  FLOPs/10°  EFHAER /ms
TALDS-Net 13.14 1.82 3.14
DLDC 0.11 0.36 0.85
LDCA 1.78 0.78 3.09
AL 5.29 0.42 1.35

S 2% B 32 B, MFRNet 78 86 B0 4 % 5 432
PEREIRISC L T W& Vi . #H% T TALDS-Net, J
SRR PR 59.7% . THARE 22 B 76.9%, HERE
HEEHETE 57.0%, SR DLDC M 1, &
RSB IEIINZ 46 15, (BITHEE J4 B AUR T 16.7%,
P P AE IR A A T 220 . AR TR T X
B4 () LDCA, MFRNet 76 2 B34 197% B4R
MR, AR SRR AR 46.2%, I B B T
56.3%. % LT, AR Oy vk it 2 mIOUA I S
B AR B I HLE PR LA, FE A IR B b 2 4
Tr TR I, SCELSHCE | R AR | R R R S
P B 1) 22 A R P A, O BRI A2 IR R T Y AL
INFEAR A3 4RI T Ok e O
3.4 HEAICIS

S T UERH UL B T Rl G B (DSAF), Al 43
B GE T O (SCA) FEH IE R AE 404k R 4%
(AFRN) B9 A &%, & L 7E MinilmageNet,
TieredImageNet F1 CUB % 4% 45 b £ 477 flt 5 56 bt
I8, LERLE RN 4 iR

R4 HEXEER

Table 4 Ablation experiment results

Backbone DSAF SCA AFRN MinilmageNet TieredlmageNet CUB-200-2011

1-shot 5-shot 1-shot 5-shot 1-shot 5-shot
Y 62.67 77.88 68.48 83.46 71.98 86.64
\ v 65.49 84.65 71.55 85.79 72.31 87.67
y d v 67.86 86.55 73.03 87.41 7432 87.76
y v v \ 70.49 88.96 75.42 89.85 89.34 95.52
y x/ \ 68.56 87.05 73.56 88.12 74.88 88.32
\ v v 67.86 86.55 73.03 87.41 74.32 87.76
y v v 69.52 88.45 74.85 88.36 76.25 90.27
y v v \ 70.49 88.96 75.42 89.85 89.34 95.52
\ PR v v 69.15 88.24 74.35 88.36 88.59 94.58
y v v \ 70.49 88.96 75.42 89.85 89.34 95.52

E: IRLEOE R PERE R AL o
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R, X AR 3 B4R L itERE 2 R, S5
T, BRRBCIRIE SIS, T A S 4 & 1-shot/5-shot
WE RS BE 3 84 2 B T MinilmageNet(1.34%/
0.72%). TieredImageNet(1.07%/1.49%). CUB-200-
2011(0.75%/0.94%), HL A B i 46 7 3% 48 7t
1.15%, 7 T 40k 0.84%., MALHIAE, 144 B Bk
S LR E M T 2 2 AL i v, Bk A
AT ) T R A AR TR AR 0 B TR AR
FEA Y 5, BRARGE LA KU, 5 T 58 258 1
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DSAF

DSAF+SCA
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“BR AL B FRAE SR B UM R A R . 25 L, B RRBEER
1 1 & DSAF BEH ST TA Il | 42 M se i a2
B, 4 MFRNet 2R #4243t 3 3
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Fig. 6 Grad-CAM activation map
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