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Abstract

Aiming at the problems of inaccurate extraction features and reduced network performance caused
by insufficient sample size in the few-shot image classification task, a learning method for processing
few-shot image classification is proposed based on the metametric learning method. This method
gives weights to each sample feature of the same category and obtains the prototype of the class by
weighted summation. The weight is determined by the comprehensive distance between samples,
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the distance between the Manhattan, the Euclidean distance and the Chebyshev distance. Finally, a
ternary loss function is used to bring the network closer to the distance between the same type
and increase the distance between different types. Experimental results show that under the set-
ting of 5-way 1-shot and 5-way 5-shot, the experimental accuracy of this method is 68.33% and
81.75% on the MinilmageNet data set, and the experimental accuracy on the CUB data set is 73.76%
and 87.35%. The comparison results show that this method can effectively deal with few-shot
learning.
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Figure 1. WPNet Model diagram
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Figure 2. Weighted aggregation prototype diagram
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Table 1. Classification results on MinilmageNet
%2 1. MinilmageNet #{#E& FRI D HER

1A 5-way 1-shot (%) 5-way 5-shot (%)
MAML 52.80 £1.30 66.62 + 0.91
Meta-learn LSTM 47.8+0.70 60.8 £ 0.54
MTL 61.20 +1.80 75.50 + 0.80
DC 62.53+0.20 82.88 +0.42
Matching nets 63.08 £ 0.80 75.99 £ 0.60
TriNet 59.13+£0.95 76.72 £0.79
CAN 63.58 £ 0.48 79.44 £ 0.42
PN 63.39+0.34 80.53+0.14
Ours 68.33 +0.53 81.75+0.96

NoF 2% 1RSI 25 BB AT SN, AR SCH TV AE 5-way 1-shot A1 5-way 5-shot I BUR#IRLF, I H I 5-way
5-shot W, I, KRN 8175, XEHLIELAML, MAML [5]. Matching nets [6]. PN.
Meta-learn LSTM [7]55# 2 45 T 7057 2 (M 245 . AR S (1) WPNet LU R B ) 2% PN RS FE 4 i 1 240 5%
I 1.22%, X BT 52 ) 2% H F SELAR B DR L AR 7 AN FH R AR G BB I SRR AE AN B B R A

WPNet $2H PR & IR A, AR SGE T es o0, (R M IEaems 17t
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Table 2. Classification results on CUB-200
Fz 2. CUB-200 #iia&E LRI HER

R 5-way1-shot (%) 5-way 5-shot (%)
MAML 55.36 £ 0.45 73.38£0.56
Matching nets 51.87 +0.85 79.09 £ 0.57
TriNet 66.61 + 0.45 82.10£0.35
PN 66.09 £ 0.92 80.50 £ 0.58
Ours 73.76 £ 0.89 87.35+£0.76
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W 2% 2 I IR /2 TriNet [8], A2/ WPNet B TriNet 73 2 55 1 7.15%801 5.25%. 43k, A iz
R NREAR 57 2] TV RE SR A (BRI R, S S 7y R UERA 2, J0UE 1 WPNet B8 514 (1) AL B /NFE A

K& 5> A5
3.5. 5 PN 72 s # > EL s

ARSI T IR A4 IR, R R AR SR SRS AT G, W 2 S5 R AT 1B K. AT SRR

DOI: 10.12677/aam.2023.123092

905


https://doi.org/10.12677/aam.2023.123092

KiE—, FEn

WPNet F1 PN P> W81 2% (137 i ZBOEAT fl SRExF b, 0 B s 80M 24 1% B AN I 2% ) T B 8, SEBG 45 2RI
% 3.

Table 3. Floating point number experiment
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