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Few-shot Learning Based on Class Rectification via Adaptive Prototype Features

ZHAO Hong"?> ZHONG Yang-Qing"? JIN Jie"? ZOU Lin-Hua"?

Abstract In response to the performance degradation issue from inadequate sample sizes during few-shot learning,
prototypical network (ProtoNet)-based few-shot learning methods achieve commendable classification capabilities by
measuring the distance metrics between query sample features and the prototype features of support samples.
However, this method directly treats the mean of the support set samples as class prototypes, exacerbating sensitiv-
ity to scarcity of samples. To address this issue, we propose a few-shot learning method based on class rectification
via adaptive prototype features (CRAPF). This method mitigates the model’s over-responsiveness to minor data
variations by adaptively generating prototype features and simultaneously achieves fine-tuned adjustments of class
boundaries. First, we construct an adaptive prototype feature generation module using convolutional neural net-
works. This module leverages nonlinear mappings to obtain more robust prototype features, thereby mitigating the
impact of outliers on prototype construction. Second, by optimizing the prototype generation process, we enhance
the discriminability of prototype representations across different classes, thus strengthening the overall efficacy of
prototype features in class representation. Finally, experiments conducted on three extensively utilized benchmark
datasets reveal that this method significantly enhances the performance of few-shot learning tasks.
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A7 G X I AL VL AC.

10) SCHR [38] & —FBh & T 2 E M % (Dy-
namic subspace network, DSN), F| 7 =2% 8] J7 1%
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11) 3CHR [39] R tH ZA4E 5% 2] (Multi-task
learning, MTL) 15 3& T84 FE (1) 0 2% 2] 8%, H=2H
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12) SCHR [40] #2 i #0575 6] B B M 2% (Dis-
criminant space metric network, DSMNet), F|H
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)77V, T AT B AR e 8 T SRS A 1) /N RE
ENGES i
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Fig.5 Performance comparison of adaptive

prototype and pre-training module on

different datasets
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Table 2 Experimental results using
different networks (%)

%) % Hm g ProtoNet CRAPF
MinilmageNet 72.08 77.08
ResNet12 CIFAR-FS 75.68 85.11
FC100 50.96 54.56
MinilmageNet 73.68 74.40
ResNet18 CIFAR-FS 72.83 84.93
FC100 47.50 53.33

SR, B MinilmageNet $dE A, BEE ML 2
iR, CRAPF B> 1 REAHEL T ProtoNet T
Rk FE 18, l4n, CRAPF 7£ CIFAR-FS A1 FC100
B4 L, M ResNetl12 #| ResNet18 X F[§ T
0.18% F1 1.23%, {H &AL H 43 5 T B T
2.85% M1 3.46%. iXF£ W CRAPF HA KU faE
PR, AR R R B S Oy Rl TEARNRE M E T
W28 R ATY AR LA LT (M R

4.4 AL
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class activation mapping)!"? 77X CRAPF #1T
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(a) Original images (b) ProtoNet feature (c) CRAPF feature
maps maps
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Fig.7 Visual comparison of CRAPF
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Table 3  Comparative experimental results on Table 4 Comparative experimental results on
the MinilmageNet dataset (%) the CIFAR-FS dataset (%)
Jiik RES 521 FEAR 52K 5 FEA Jiik BES 521 FEA 55 FEAR
TEAM ResNet18 60.07 75.90 ProtoNet* ResNet12 56.86 75.68
TransCNAPS ResNet18 55.60 73.10 Shot-Free ResNet12 69.20 84.70
MTUNet ResNet18 58.13 75.02 TEAM ResNet12 70.40 80.30
IPN ResNet10 56.18 74.60 DeepEMD ResNet12 46.50 63.20
ProtoNet* ResNet12 53.42 72.08 DSN ResNet12 72.30 85.10
TADAM ResNet12 58.50 76.70 MTL ResNet12 69.50 84.10
SSR ResNet12 68.10 76.90 DSMNet ResNet12 60.66 79.26
MDM-Net ResNet12 59.88 76.60 MTUNet ResNet18 67.43 82.81
CRAPF* ResNet12 59.38 77.08 CRAPF* ResNet12 72.34 85.11
B15y KAEW . ¥ CRAPF 524 NI4T I 2 M/ 4.7 FC100 HiEE LHIXTEE LI EER

AR AT L. 3R 3 W LUE Y, CRAPF 7]
DATE 5 2K 5 FEAR W E NIRRT R, #ln, 7£5
K5 PEAWE T, CRAPF #EMi %L E 7 77.08%,
43 A EE ProtoNet. SSR. MDM-Net #1 TADAM #2
E 7 5.00%+ 0.18%- 0.48% 1 0.38%, X% ¥
CRAPF B RIFHIHRE. A1, CRAPF Ot
ANBEAE 5 K1 FEARRE TR IR, XEF N
S5RIFAMEERE L MEBERR 1R A5 HE
ARG Aok F R 2, CRAPF /R 2
JEA A R, T 1 ASREAAE B R R RN 2
AR IR R IR G 0. B, 76 5 2K 1 FEARE
BT 537775 ProtoNet /72 AHEL, CRAPF %
REFEm T 5.96%, X Ut BRI & EAE ARG SR 1) 5 2K
1 BEARWE T, CRAPF A fE — €M Lamfb i
RURFAEXT 20 RAE B AR R B, 3T 3R18 A e 4+
FIINFEAR 43 FU .

CIFAR-FS ##E&E _EHIXTEL LI 45 R

# 4 R T CRAPF 7£ CIFAR-FS #¥54 I
(5% bl S 36 45 S DA R 55 % MO VR I PR RE LR A . S5
P B 57E MinilmageNet £#iE L AHIA.

% 4 TUUEH, CRAPF 5HAh kA, 14
KRNI ERE. Blan, £ 5K 1 FEARRI5 35
FEAEE FSZHL T 72.34% H1 85.11% (14> 25K i
5 ProtoNet #HLE, CRAPF £ 5 28 1 FEAR R & Tk
WIRIE S T 15.48%, 15 5 2K 5 FEAR BB T HER R
7 9.43%. X EIREM 4 ResNet18, CRAPF & IH
R BT Ry RS, 72 5 K 1 FEARR 5 2 5 #F
AEET, 29t MTUNet 425 7 4.91% £
2.30%. XK HEN IR 5 ST, MELTFH
B VR X 24 S H AR FE R AIE (1) 755, CRAPF fEA#
BRI EAE LT, RS SEI R 2 A st FE Ak,
HE— 2B BGAE 1A% 5 R B AN R

4.6

£ FC100 4 st b segh 45 fansk 5 fr
7. JCHR [43] 32 H ) Baseline2020 S/MEA LA A5
BLFES5 K 1AM 5 K5 FEARE T CRAPF 4
KUER R NIEF] T 40.44% M 54.56%. 513 ]
ResNet10 7ENEF M 4% 1 SimpleShot J7i£AH L,
CRAPF 1 5 K 1 FEARRE M5 1 0.31%, 1£ 5 K
SREAWRE FIE 7 0.93%. £ 52K 1 HEAKE T,
CRAPF 5328777 ProtoNet #HEL, 1500 S8 UERH
PR T 2.94%, 18 5 25 5 FEARBLE N 1370 2R
PESEE T 3.60%. IXFEKH CRAPF X} Lb 3L vk A
IR KT, BE T CRAPF ReH B MR-T- it
330 1 S5 R RN AN 1) 8, 7 — e FE R B PRRR T
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YR LE R XA FC100 Bl SR A 2 2 185 51,
T 2 2 BREE S B AT R 20 14, B /R A = 18
THRNERESEMERE. B2, EILFE ik
PEREHS T FEHRTIR T, CRAPF AR R B H 0 45
J, VLA IE AR R BRAE 1) 5 vE B A R Rz
At BV T BN A A () ELHE 4, L Re Ak i Y
A RGO FE B TEAS [F) 2800 18] i B 3RO 1 (X 43 i, adk
T 8 5 58 2 A PR I /NRE AR B 5 1 7 SRR

5 FCL00 AR LR LSRG L5 R (%)
Table 5 Comparative experimental results on
the FC100 dataset (%)

Tk (S 51 HEA 55 FEA
ProtoNet* ResNet12 37.50 50.96
SimpleShot ResNet10 40.13 53.63

Baseline2020 ResNet12 36.82 49.72
TADAM ResNet12 40.10 56.10
CRAPF* ResNet12 40.44 54.56
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