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Abstract: Fine-grained few-shot image classification aims to recognize subtle inter-class differences under limited anno-
tated samples and has been widely applied in intelligent recognition, ecological monitoring, and autonomous driving.
However, existing convolutional architectures are constrained by fixed receptive fields and local modeling schemes, re-
sulting in insufficient characterization of multi-scale feature relationships. Although attention-based or frequency-domain
methods have improved the discriminability of fine-grained features, limitations still exist in modeling cross-scale depen-
dencies and feature fusion. To address these issues, a Mamba-wavelet-based multi-scale modeling method for few-shot
fine-grained image classification was proposed. Specifically, a multi-scale feature relation network (MSFRNet) based on
Mamba state space modeling was constructed. The proposed network consisted of two core modules, namely a wavelet-

guided dynamic Mamba multi-scale feature extraction (WDMFE) module and a cross-scale attention fusion (CAF) mod-
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ule. In the WDMFE module, a wavelet-guided dynamic adaptive Mamba structure was introduced to enhance frequency

perception and contextual modeling across different scales. In the CAF module, multi-scale features were integrated

through channel and spatial attention mechanisms to achieve cross-scale feature complementation. Experimental results

on benchmark datasets, including CUB-200-2011, Stanford Dogs, and Stanford Cars, demonstrated that higher classifica-

tion accuracy was achieved and stable performance improvements were obtained. It is concluded that the proposed net-

work effectively enhances fine-grained feature representation and cross-task generalization ability, and provides a scalable

framework for multi-scale modeling in few-shot fine-grained classification.

Key words: fine-grained few-shot classification, Mamba state space model, multi-scale feature modeling, wavelet-guided

feature extraction, attention mechanism, feature fusion
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Stanford-Cars™: 1% ¥ 4 (1% 196 Fh 5 22 5
T, 16 185 K KR, 1% E A AN E] R A A ) 22
S AR E A, AR R A R A e ) 2 B

TR, AT IR ) A 2]
WE, BHRUDAIHEARESHTE: IISGE
D i~ WUESE D AUREE Do BRI XN 3 1
DR, H, Ny Ny BN I8 3R UITZREE
IR MM I REL, N N REL

x®1 BEENRSER

ﬁyﬁ% Ntrain Nva] Nlest Ntoml
CUB-200-2011 130 20 50 200
Stanford-Dogs 70 30 20 120
Stanford-Cars 130 17 49 196

3.2 SKIRHRS

RILAERRAER] “c-way k-shot” /A ) HE
BN PEAG B MERE . fERE—IRIESS 0 (episode)
L ISR R BEHLRAE CAN 0, AN SR Y
KRAREREA L S RESE S, FF AR R 2859 o 4 o1



1

AR AMEAGIAREE B 5 8 Mamba-/NJE 2 RS RT 75 <79 -

EEL Q K ARFRIFEAM A R O, BB TR HE
FREE UM 25 MR A SR AAR RS o A SCBRNK A 5-
way 1-shot 55 5-way 5-shot X &, &FANIIZAES 1)
LA (epoch) L F 600 /™ episode, ik Fr Bt
7£ 10 000 M FE ML episode FiFAEHEAIVERE, FFIR
SPEIUER R S 95% BAS X (7]

TESEEL b, A ST 25 HE 22 7 531 R H ResNet-
12 5 Conv-4 {E N T M 4317 5250 Lk . AN
MG E . #H— 10 2 F ReLU 3 4H 5% -
ResNet-12 £ 4 Mok Z2 8, it 4 /- 3k A4
FCHE R 640 FIRFIER N . BT A S N G 3 %
84x84 Jf 0 — 1L A [0,1]. ALK A BEHLESE T
B, SEEN0.9, WEFRALNSx107 W
EIFNN0.0, FER AR ZIE K E S SRS B
W2 S 5, AR /NI R 8 C (batch)
£4 16 1 episode. YIZRM BLAE FABENLERET . 7KF
BRI 55 e 5 S5 R 1 o SR LA AR A fh e
77, MR BACR H P08 50— e . A

P AT ETE u B AE AL R B A LA, BT SE Y
£ PyTorch 2.0°F- 5 F528, H7E NVIDIA RTX 4090
GPU [izfT.
33 LR

R 25RIGH T AR I MSFRNet fEAL S %
L INBEA 2 51 7794 CUB-200-2011°", - Stanford-
Dogs" #il Stanford-Cars">'3 4™ 44 & 48 48 1 ) 58
EEAER, HhR2M8 T ML E Conv4, K3
15 T M 4% & ResNet-12. BT 3 J7 1L AE S-way 1-
shot #l 5-way 5-shot % B F 347 vFAl, SLI WS
3275, AL R LT o R R L HL 95%
BAS XA

1E Conv-4 &b, SRLMER BIFRN A LL, A
SO AE CUB-200-2011. Stanford-Dogs. Stanford-
Cars 3 MHELEN] 5-way 1-shot 1557 A e T 3.51%-
2.85%- 3.07%, 5-way 5-shot{F55 7 AR TF 1.71%.
2.40%. 1.36%; 7EResNet-12 2%, iZEAI7E |
& 3 AN BUHE S 10 5-way 1-shot 1T 5573 B $2 71 2.37%

2 £/ Conv-4 LS 7E 3 MR HRER LR 5 SO ERE

CUB-200-2011

Stanford-Dogs Stanford-Cars

Y
5-way 1-shot 5-way 5-shot 5-way 1-shot 5-way 5-shot S-way 1-shot 5-way 5-shot

SCHR[7] 79.08%+0.21% 91.89%+0.12% 65.27%+0.41% 81.71%+0.24% 76.94%+0.10% 91.62%+0.20%
SCHRI8] 57.45%+0.89% 84.41%+0.58% 39.08%:+0.76% 69.81%+0.69% 34.12%+0.68% 87.47%+0.47%
SCHR[10] 62.84%+0.95% 85.39%+0.56% 43.42%+0.86% 71.90%+0.68% 40.89%+0.77% 86.88%+0.50%
SCHR[19] 64.82%+0.23% 85.74%+0.14% 46.66%+0.21% 70.77%+0.16% 50.88%+0.23% 74.89%+0.18%
Xiik[22] 64.08%+0.50% 80.55%+0.11% 46.73%+0.49% 65.74%+0.63% 61.63%+0.27% 72.95%+0.38%
SCHR[28] 75.27%+0.61% 88.48%+0.37% 64.74%+0.69% 79.23%+0.46% 77.31%+0.58% 89.47%+0.32%
CHR[34] 72.61%+0.21% 86.23%+0.14% 57.86%+0.21% 73.59%+0.16% 66.35%+0.21% 82.25%+0.14%
SCHR[35] 63.94%+0.92% 77.87%+0.64% 47.35%+0.88% 66.20%+0.74% 46.04%+0.91% 68.52%+0.78%
SCHR[36] 74.43%+0.95% 83.11%+0.67% 55.86%+0.97% 68.06%+0.72% 66.01%+0.94% 73.74%+0.70%
SCHR[37] 65.35%+0.65% 78.47%+0.41% 45.46%+0.36% 59.65%+0.51% 61.07%+0.47% 88.73%+0.49%
SCHR[38] 76.55%+0.21% 90.33%+0.58% 62.68%+0.22% 79.59%+0.15% 71.16%+0.21% 89.21%+0.10%

AL 82.59%+0.51% 93.60%+0.21% 68.12%+0.61% 84.11%+0.32% 80.01%+0.32% 92.98%+0.43%

73 fEF ResNet-12 W4 7E 3 MK E BIRE LR HERE
. CUB-200-2011 Stanford-Dogs Stanford-Cars
L Rit}
5-way 1-shot 5-way 5-shot 5-way 1-shot 5-way 5-shot 5-way 1-shot 5-way 5-shot

SCHR[T] 86.54%+0.18% 94.73%+0.25% 78.98%+0.21% 89.70%+0.12% 91.3%+0.15% 97.79%+0.05%
SCHR[19] 81.02%+0.20% 91.93%+0.11% 73.81%+0.21% 87.39%+0.12% 85.46%+0.19% 95.08%+0.08%
Hk[22] 75.59%+0.30% 88.23%+0.18% 70.38%+0.30% 85.24%+0.18% 80.62%+0.26% 92.63%+0.13%
SCHR[28] 80.97%+0.57% 93.17%+0.32% 72.41%+0.64% 85.11%+0.37% 86.81%+0.47% 95.36%+0.22%
SCHR[34] 80.39%+0.20% 91.01%+0.11% 73.22%+0.22% 85.90%+0.13% 85.03%+0.19% 92.63%+0.11%

£ 88.91%+0.11% 96.25%+0.32%

81.33%+0.25%

91.86%=0.15% 92.65%+0.35% 98.52%+0.22%
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2.35%-. 1.35%, 5-way 5-shot{F4573 IR T 1.52%-
2.16%. 0.73%. HARE, HALE Conv-4 N 2% 1)
PERE 3R TH 7 3 = T ResNet-12 W 2%, X &2 A
ResNet-12 FfEHRHLAE /) H 58, BiFRN MEREHEZ i,
AL 18] /N, 1T Conv-4 2R AR, AR 7R B gk ML A1) 5
Gy KAEAEH

AR BEAZ IR T ATl AiEE 5 2
F) 3 B T Rl AL B /N 5 5 1) Mamba B 3RS
AR, PR ST T B RO AR R 1
B 5 R R AT L. AL E
CAF 14 g 75 R i I8 5 5 [ RRAE A FdiE, H
a7 RN ) S OB TR XA, SEEN T 4R
FE AR AT 55 Hh O B /N ) 22 - (A CUB-200-
2011 S SR B4 % . Stanford-Dogs
B RBMBOATEST) KRR, R
WDMFE 45 & /N 53 fif 1 A9 380/ i 55 Mamba [ 45
PEST R B A R AR, oRAh T AR R B 2 R
R AR P2 5 95 REECHE A 2. JUHAE
Conv-4 IX 7R JZ P25 Hfr, | 52 28 155 200 56 4 ol A
TEBIFZHE RE T35S, A ST | A — =23 1) 35k 1 [+
DL RS RS I G AT i 2, ki
KR R PEFEs RIE7E ResNet-12 X 2RI Z
W2, D AL, 2R AL e s A
2 REERHIE R AL 5 URA T RAE, SRR
(ITERESE A8, UEBA T CAEAN IR 26 S840 T i 1 o
56 80 .
3.4 JHELSKIE

O B8 AIE £ 5 B S B TR M R (R DTk, AR SCAE
CUB-200-2011 ¥ #5448 E kAT 7 mhscss, (FHM
BT M2 Conv-4, S5RWIEK 4R, HE4T] L
F i, LAl A BiFRN /£ 5-way 1-shot fl 5-way 5-
shot 1F- 55 1 43 51l 3% 1] 79.08% 5 91.89% [ i fiff % .
51 X\ DASSM J& , #5814 G 5 25 52 T+ 2 81.57% Al
93.27%, B DASSM Re A W0 SR AIE (1) ) A5 4
WERE ) FEBLRE R SE A bk — 25 I N /NI 23 fd ML

(Wavelet), EREHETF 2 81.84% £193.44%, 1t W 4
BERE B T S A0R R SORRHE . B, SIA
CAF, 8 I8 5 23 8] 93 2 ) S 00 % )RR AR5 1iF 14
g, (EAER R PP T 2 82.59% F193.60%. 4%
GRE, SHEIRLX A RA EmTTER, H
H DASSM X MERE st i A3, /NG RS
2 RBERl G b — D3R T+ 7 BB X 40 b 22 7 () RALE

VAR
4 LERIE

ASCHEH T — B ) NRE ARG B S 4 2
Mamba-/NiE 2 RPERFIER B 775, ZikmadE T
Mamba IR 45 7% [A] @A 1 2 OB RFAE G RN 4% 0 1%
W 2 40,5 P K A% 0 B HT i ——WDMEFE 5 CAF,
T8 I A A TR P R R ABE,  SEIRL T R AR R AR
ERaE3R. Hd, WDA-Mamba it A WDMFE 7,
SEA BEUNEE R S S ARSI AL, A
SRR () 7 P MG A RN SR A T R R AR e
CAF fiHUE M @ E 5= AEE I BAEA, H
TEREES 2 RERRE, AT T R A 5 R
1 5] iR . 7E CUB-200-2011 5 Stanford-Dogs
SO R AR A b ) S aG 45 R W], MSFRNet /£
AFEVNFEARR B I e IR set, A&
UFIRHIE RIS BE 1 Sz AU MERE . T RlsEIGHE— P50
E T B P [F) DTk o

R, A FEMAAE—ERERE. H%0k,
WDMFE H1 5] N /N 53 i 5 B AR A 25 1) R AR 0
INT WSS RE,  AE S S SR e 1) S FH Hh e e
AAAEMEAEIR F) 8. FLUR, a0 ik R e X H AR
B AR R AT 55, HAEES g s (WRy7
MG EEEB PINZAEE ) MR AR R I
b, RS AT PR B R A A SR SR, TR
SO Ak SRR T R AR 1 A bR AR 0 R
B

R FHIF 70K R 2 MSFRNet 75 55 35 5 5 155 45

T4 BRERRSIE S AERE

bk Wavelet DASSM EINL FHERD S S-way 1-shot 5-way 5-shot
BiFRN X x x — 79.08% 91.89%
+DASSM x N X — 81.57% 93.27%
+DASSM-+Fusion x N N BN 82.11% 93.38%
+DASSM+Wavelet N x — 81.84% 93.44%
RSO N N BN 82.59% 93.60%
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