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Few-Shot Learning Method Based on Symmetric Convolutional Block Network and Prototype
Calibration
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Abstract To address the issues of poor generalization performance in few-shot learning models based on prototype networks and
inaccurate class prototypes obtained from a small number of samples,a novel few-shot learning method is proposed in this paper.
Firstly,a symmetric convolutional block network(SCB-Net) consisting of bidirectional convolutional block attention modules and
residual blocks is used to adaptively learn the features at different depths of the image,so as to extract a more representative rep-
resentation of the category features and effectively improve the generalization ability of the model. Secondly.an inverse Euclidean
label propagation prototype calibration algorithm(IELP-PC) is introduced. It employs pseudo-labeling to augment the support set
samples and subsequently calibrates the class prototypes using inverse Euclidean distance weighting for the support set samples,
thereby improving the model’ s classification accuracy. Experiment results on two commonly used datasets mini-ImageNet and
tiered-ImageNet demonstrate the effectiveness of the proposed method. Compared with the baseline model, the proposed method
improves the 5-way 1-shot accuracy by 6. 44 % and 7.83% ,and the 5-way 5-shot accuracy by 2. 68% and 2. 02% ,respectively.

Keywords Prototype network,Few-shot learning, Symmetric convolutional block network,Prototype calibration, Inverse Euclid-
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Few-shot classification framework based on symmetric convolutional block network and prototype calibration
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Fig. 3 Forward convolution block attention module
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Fig. 4 Reverse convolutional block attention module
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WA A2 R

5. A SCHRRHEREAR AR LS D bR 0 A S AR RE A S O =R (13) BT
TN

6. HEAIE LFEHES n G AFEA G R B p, (19 M RLEE,
LD PR

7. HERRES o P EAFEAACE R AL 2 (15 FUR

8. X4 n FEMREA HEAT AR AR BB o SR B 2 B p, L sk (16)
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9. end for

3 XRANBEERSW

ST B R A SO /IR A 2 3] OF 1R R P A R
FURTAT I, 76 W5 A B9 /AR R 22 2 8048 4 mini-ImageNet
Fil tiered-ImageNet | #4752 55 , XA [8] 5 ¥4 B9 43 28 1 g 64T
O[] Iy A1 00 A SRR 1) it 2 80 5 2 BE AT 4347
3.1 HEERTMIER

AR S0 56 HOR A S A B0 4B mini-TmageNet Fl tiered-
ImageNet & /NEEAAIF 5T v 38 04 FE i 5008 45 . Y98 TmageNet
B A PR A BRI an sk 1 978, K mini-Tma-
geNet £ 100 3, Horb 64 KA T UK, 16 AT 5k,
20 T, BAEH 600 TKEER, —ILFH 60000 5K &
1%, tiered-ImageNet J& ImageNet B — P K T4, H 34
ANRE AL 608 DN, Hoh U 4E A 20 4R350
N LIAESE A 6 AN KK 7T NSO IR 8 kK
(160 AN/, BA/NEFEE 1281 TR EME, &5k BR K/
H 224 X224,

AR SO top-1 A BE AR g A ik Uy 2 M R RO IEAN 3B AR L AE
mini-ImageNet Hl tiered-ImageNet %% #& £ I % H 5-way
1-shot fl 5-way 5-shot ¥ B Xt 25 15 B i M GE 347 7 MK, 52
5 R IS5 R 800 AN TEAT 55 1T 3 43 K

E €T [

Table 1 Descriptions of datasets

Number of training,

Number of Number of L
Dataset N validation, and test
pictures classes
set classes
mini-ImageNet 60000 100 64/16/20
tiered-ImageNet 779165 34(608) 20/6/8(351/97/160)

3.2 EWEE

FEOFE I E R 64 S 1E RK Ubuntul8. 04, Nvidia
A100 5, B -RINFEH 40GB, i F2iE 5 Python, IR 22 3
HEZ R F Pytorch,

A SCB-Net 1 Ky 551 £ B 45 . 5k | Meta-baseline
YER ST R SR AE AL . 7 BN 2R B B, B 00 R Ak — > ik 28
Ayl B A v I SR VR S SR BRI 4oy 2K s
SCB-Net [ 45 % QAT RRAE 38 B0, S8 )5 i H — A~ i 35 )2
X EG HEAT 432 e B GPU B X 43 25 88 R AT U1 45 L 361 2% o
HOR BRSSO R 2R . Hoh, batch K/h R 128, 914K 100 A4
epoch, JTCYIZRBA B, 76 Y R 4 1 A= ) 800 A~ TR %5 . 1E
5-way 1-shot 1% & ", 4 > 0 AT 55 76 Il 2 5 P R AL EL 5 4>
2 A SEBEALIM B BB AE g SRR W SRR A 5 R
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B s BRI T T 1 I A5 b sk B 15 i 1 Sy 2 9RO , 2 i 4R
A 75 IREMG . 7E 5-way 5-shot B & W, B JCAL 55 7R Il 4 4
WAL 5 A28, A FERENL I 5 IR R AIE I SRR AR,
WIS R4 25 TR G A2 R /Y BGh B 15 @R
EWAEAR L AMER 75 WEME . %k 20 4~ epoch, —> epoch
A 200 /4~ batch,—~ batch 4 4 A~ JoAL: 55 . $51 2k oA £ H T
SER RV E SCAR 4 1Y 28 SUR I 5% . 00 M5 288 D 2 G G I o e O
R A FEAS , OB 7F 1-shot % & HHR 15, 7F 5-shot &
H20, RIRATLSH « WG Ay 10, Jo i B B, 7E IR AR
A B 800 AN TTAE S5, AN JTAT 55 BEALIEL 5 A4~ 28 , F A~ 25 B
MLAMHR 1 35 DREARH R4 SC R R AR AR B O 5 Bl 255
TN 2 T R (W RE A B AL RN 15 A 20 B i 4 L 2 ) B R
AE K 75, B 800 AN IT AT S5 B T B I K ORG BE AE O &
£
3.3 xftbxmg

G I S LR A AT AR ST e S HA & M R AR 2
BN SRR, K 2 K 3 AL R T A kAT
8 LR LY vk Y S I 45 SR ok BB R O Y SOk, AR
0 42tk AR YA [R) 5 ANRE AR 2R 2] iR T DL 43 S A A AR
T A 8 4 2K 3R 7R 0 A TR A i BN RS AT T T
e 2 X e A A ) AR A HEAT U . A SCHE 3 o R v X
AWM FET I JE T B, K2 MK 3P RL
Ph b A, LR A Bk T DUR S B L
Al Meta-Baseline # t , 7 3C 77 75 #£ mini-ImageNet % #5 4E I
5-way 1-shot BB RGBT T 6. 44 % ,5-way 5-shot ¥ & H
KRR T T 2. 68% . 7 tiered-ImageNet | K5 B 4» BI42 F+ T
6.83% M1 0.82% , 5[ E ik {f J5 ¥ BD-CSPN # Lt , 78
mini-ImageNet 54t £ I 5-way 1-shot & & h ks T+ T
3.67% ,5-way 5-shot B PR ER T+ T 2. 71% . 7£ tiered-
ImageNet A5 /> SR T T 0. 28% F1 0. 06% . i it A WL,
AR SCARE R 1) 2 T X R A AR I 4% R D A o ) N RE AR 2 2]
B 5 RGN AR A 2] T vk DL R R 2 i BT AR L
TE A BHE 4 B9 1-shot A1 5-shot Pk fig b 33k 2 T & 4.
1-shot,5-shot M3 T/, 3 I R S Bl B FEAS B 38 22, Sl i
BIE 5 30 09 288 7 5 S0 Y 28 DR R IR R 4 0 JRD B s
W7 AR SO A TEFEAR D S 0 T A L

# 2 mini-ImageNet £ 4 b 09 B 7 2 a1 5

Table 2 Classification accuracy on mini-ImageNet dataset

%

Algorithm Backbone 1-shot 5-shot
Matching Net[17] ConvNet-4 43,5640, 84 55.3140.73
MAMLL8] ConvNet-4 48.70+1. 84 63.1140.92
Prototypical Net[16] ConvNet-4 56.13+0.45 75.70x0.33
LEOL26] WRN-28-10 61.7640.08 77.5940.12
E3BM27] ResNet-12 63.80+0. 40 80.1040. 30
TADAML28] ResNet-12 58.504+0. 30 76.70+0. 30
CcTML29] ResNet-18 62.0540.55 78.637+0.06
Meta-Baselinel 17 ResNet-12 63.1740.23 79.2640.17
TPNL30] ConvNet-4 55.5140. 86 69.86+0. 65
CAN+TL31 ResNet-12 67.1940.55 80.6440. 35
PRFDCL32] ResNet-12 63.92+0.53 80.41+0. 33

BD-CSPN[23 ResNet-12 65.94 79.23
Our Method SCB-Net 69.611+0.30  81.9440.55

T o T O AR 2 A A R =R T AUE R 95 60 1 AR X TR] 1Y
15 B ARLECE A R A .

23 tiered-ImageNet B85 002 Ui o

Table 3 Classification accuracy on tiered-ImageNet dataset

(%)

Algorithm Backbone 1-shot 5-shot
MAMLL8] ConvNet-4 51.67+1.81 70.30+1.75
Prototypical Net[16] ConvNet-4 59.11£0.52 75.30+0.42
LEOL26] WRN-28-10 66.3340.55 81.44+0.09
E3BML27] ResNet-12 71.2040. 40 85.3040. 30
CcTML29] ResNet-18 64.78+0.11 81.0540.52
Meta-Baselinel17] ResNet-12 68.6240. 27 83.7440.18
TPNL30J ConvNet-4 59.9140. 94 73.304+0.75
CAN+TL31] ResNet-12 73.2140.58 84.93+0.38
PRFDCL32] ResNet-12 64.4440.45 83.30+0. 37

BD-CSPN[23] ResNet-12 76.17 85.70
Our Method SCB-Net 76.45+0. 85 85.76+0.56

T & T A B 2 R AR L U T U AR R 95 00 1 B AE X Y
A 5 IOHLECE D e DA

3.4 HEhILG

9 T B AEA SCHR Y SCB-Net W 2% rf & 46 He (0 76 1 L 78
SCB-Net 254 7] (Y 5% 22 - J5 il A RCBAM #£ 3t sk CBAM
HEHL, SR J5 7 mini-ImageNet 545 % ) 5-way 1-shot Ml 5-way
5-shot & FMHAH AR, 25 R N3k 4 FiF, BT HHEERR,
F PR — B Y B N R SRR TE 5% 22 B 2 )i AR H 1 4
BT FRR 4 DR YRV E R RCBAM B, “C” IR
CBAM e, 1 1-R-2-3-4” /R 18 55 — AN 5% 22 s fin A RC-
BAM 8, R AT AT 25 50T LLAE L 78 45 3 2 m A
RCBAM BEH B il A CBAM #5 5 i 30 58 3 7 75 2 A
CBAM BB L in A RCBAM #5881 0 B &, X W 3E B T
RCBAM #5584 X 7% J2 W 46 19 4F 7 17 56 4, T CBAM #
P38 G R 2 P8RRI AT G TE . AR S AT S2 06 45
T LA HY B4l b 7 4 R Bk 22 B S in A RCBAM 45 e 5§ 3%
CBAM LR IR 55 — /> 5% 22 BUORNSS = 4> 58 22 3 s 43 il in
A RCBAM Fil CBAM B8 (Y RORGF X B W T 855 — A4~ W 4%
S5 BIAS SCAIR SR Y SCB-Net [6 45 Y % Bk 45 44 £ 4 78 1
ARk, AR IR,

# 4 mini-ImageNet 504 bR IR [5] 19 2% 445 49 69 115 T

SR G
Table 4 Results of ablation experiments with different network

structures on mini-ImageNet dataset

%)
Location of CBAM/RCBAM _

modules in the network I-shot o-shot
1-R-2-3-4 63.21+0.28 78.98+0. 30
1-C-2-3-4 63.1340.28 78.95+0.22
1-2-3-R-4 63.3840.28 79.33+0.31
1-2-3-C-4 63.79+0. 30 79.41+£0.26
1-C-2-C-3-C-4-C 63.86+0.30 79.24+0.22
1-R-2-R-3-R-4-R 64.02+0.26 79.12+0.22
1-R-2-R-3-C-4-C 64.05+0. 28 79.26+0.19
1-R-2-3-C-4 64.0910. 28 79.53%0.22

T & o5 T 9 B AR R R T A B R 95 %0 1 B AE
X [0) (1 2 5 2 5 kLRI A e AL 1A

WA, R T B AE AR SCHR Y SCB-Net [ 45 fil IELP-PC %
A R . A CAE mini-ImageNet # tiered-ImageNet % 4%
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4E1Y 5-way 1-shot I 5-way 5-shot & & T #EA4T T 4 il 52 5%,
gER N 5 fEE 6 Figl. fiiH SCB-Net M4 )5 , & HI#F mini-
ImageNet B4 42 19 1-shot F1 5-shot PEfig I bk 34 A I Meta-
Baseline 23 %42 7+ T 0. 92% F1 0. 27 % , E tiered-ImageNet %[
PEHE R 1-shot Al 5-shot PEfE It I LB A Meta-Baseline 43
SIERTET 1,18 %60 0. 11 %6 , U6 B A SCH2 th (1) SCB-Net %% AJ
PL#% 7t Meta-Baseline 9/ FE A< 2% 3 ¥E g . fff ] IELP-PC
Bk 5, A [ Meta-Baseline 7 mini-ImageNet 3¢ & £ |-
Y 1-shot Fl 5-shot 43 A& T+ T 5. 57 % Fl 1. 52% s tiered-Ima-
geNet B4R 42 19 1-shot F1 5-shot 4 B4R T+ T 6. 4 % F0. 74 %,
WEHA I TELP-PC 5535 15 31 /Y 28 J5 A 58 Jin 42 35 21 55 19 25
A, AFEPWREE I, [l SCB-Net W 45 fil IELP-PC 5
2% 1P R LY Bl felT G v — T P R e L HE— 2P BB A
SCHE Y SCB-Net B 46 1 IELP-PC %2 vk 75 45 #0 HE 42 v J& 4
AR E A LAY

# 5 mini-ImageNet Z0HE4E (1% 5 Ml 52 55 45

Table 5 Results of ablation experiments on mini-ImageNet dataset
[€79)
SCB-Net IELP-PC 1-shot 5-shot
X X 63.17+0.23 79.26+0.17
N X 64.09+0.28  79.53£0.22
X N 68.74+0. 30 80.784+0.56
N N 69.61£0.30  81.94%0.55
T & % T IR O R 2 M R S I B R OR 95 %6
P A DX IR 0 A 5 R S Ay e AR A
# 6 tiered-ImageNet B4 5 I A9 74 fl 52 56 25 R
Table 6 Results of ablation experiments on tiered-ImageNet dataset
[€79)
SCB-Net 1IELP-PC 1-shot 5-shot
X X 68.62+0.27 83.74+0.18
NA X 69.80+0. 86 83.85+0.58
X N 75.0240. 86 84.4840.59
</ N 76.45+0.85  85.76%0.56

T & T IR O R A o B R S I B R OR 9526
A A DX IR) 9 A R IR B A e (A
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3.6 EXESN

7R S0 38 30 K e R A R RN S BT SR R A BT A B AT T
537, #E mini-ImageNet 24 % #4177 5-way 1-shot L5,
I H AT HE T REAL B S ORI R B T — A JeAE 5
Frdfs ERGmEE], Nk 7 B 5, T AR SO SCB-Net [ 4 w1 5]
AT CBAM KAl RCBAM #id , S804 L HE LB Meta-
Baseline 3§ Il T 0. 1 X 10° , 38 17 — 4~ JC A% 55 fir % B 6] 4 384
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Table 7 Analysis of model complexity

Parameter

Algorithm Backbone Accuracy/ % Time/s

total
Meta-Baselinel!”]  ResNet-12 8.0 108 63.1740.23  0.033
Our Method SCB-Net 8.1x106 69.61£0.30 0.052

3.7 FHLER

ALY SCB-Net W 45 454 1 B2 ] Fl IE ) 45 B e 7
BB Reus xR P R R E B T E AR E. AT
TEH A 24 B 55 4l FH BE 4R A5 Meta-Baseline Yl 251 Res-
Net-12 M4 347 %}t . 7€ mini-ImageNet il tiered-ImageNet
I B A T oy 0 BE ML A BB 4 gk S0 5 R i Grad-
CAM"™V 3%t B A~ 45 AiF $2 BRI 45 T G 7 1Y X 38k 43 1) 28 47 7T 41
A L 8 BT, T 45 3] Ay 28 S0 I vl 2 € 8 21 9 ) O 12 A i
Wo AHTE 8 R LLE W, AR SCHR 19 SCB-Net W 45 BT 6 1 11
DX S 4 b JF HOUERR 8 35 1 H AR R X T R XA G
ERA, B RGP B AR YRR /N BB AR &2 2%, A 3¢
ST HE H 0 T 4% B 6% o B b OC 1 B E AR AR I AE X B, fR
AL UL A SCRT 2 3 1) SCB-Net W25 AT L3 B8 o8 5 A A R %
B HREAE , B R 2 AL PR RE .
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Fig. 8 Feature visualization diagram
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Fig. 9 t-SNE visualization results of prototypes and features
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