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Abstract: In this paper, a pairwise-based meta learning(PML) method is proposed for few-shot image classification.
Transitive transfer learning is used to fine tune the pre-trained Resnet50 model to get a feature encoder that is more suitable
for few shot task. The feature encoder is used as the initial feature encoder of the meta-learning model to train the model,
which further enhances the generalization ability of the meta-learning model. Based on the similarity between the support
set and the query set samples, a meta loss(ML) function is proposed, which considers the relationship between all the sam-
ples of the query set in the feature space, so as to reduce the within-class distance of positive samples and increase the be-
tween-class distance of positive and negative samples, thus improving the classification accuracy.The experimental results
show that the classification accuracy of the methods in this paper is 77.65% and 89.65% on 1-shot and 5-shot tasks, respec-
tively, and it is 7.38% and 5.65% higher than the latest meta-learning method, Meta-baseline.
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9 B, 76 B0 4 mini-TmageNet | tiered-TmageNet I i/
FTSRH, AR 12 13 R

0.8048

0.6412 04410

#40.6362
£ 06312
70 0.6262
3= 0.6212
06162
206112
06062
0.6012
0.5962

—e— |-shot
—e— 5-shot

-0.1 0 001005 01,02 04 045 05

&1l

€12 mini-ImageNet £ 4 [ [ 2400 YA 19 0 28K5 B

0.6828 0.839F 6309 0.8412
40,6788 0.8362 =
w 0.6748 0.8312 #
N —e— 1-shot &
= 0-6708 —e— 5-shot 08262 yr
£0.6668 08212 =
5 =}
£ 06628 0.8162 G

0.6588 050858112

0.6548 0.8062

-0.05-0.01 0 0.01 005,01 02 03 04 05
A
E113  tiered-ImageNet B4R [ AR S 40 e HUE N A 500G 2

1112 13 7] LLE 76 MLAZ 38 R AR X 1 /D
wad Z0F, AT B O REAR X RS B PR A R
. BE—80E T FalRl A

Wﬁﬁéﬁﬁﬁjiﬁi TN GBS E e VBN 4. 4T B iR A,
gEILILFE 5. ] LIRS, PML 5% 1E 1-shot{T-55 LG
K FN 77.65%, & T 5 1927 2 J7 1 Meta-Baseline Q"]

7384 43 15 7E 5-shot {155 FRE 1551 89.65% , 4%

223
IR 25

g 10.35%, F %8 T Meta-Baseline [ 5 i % Bk fEE T

35.31%.

ElD Pre-training model 5 Transfer model 1 THF
ITEE ) JiE . A, Transfer model £E 1-shot {45 |43
KK JE = T Pre- -training model £ 8.88 ANEH G AE S-
shot{T5% PRGBS T Pre-training model 2515570 H

Gy LR RSS2 R R, B TR B IR 2 T
Transfer model J5 2 B8 F FH v [a] dsf itk — A0 2 FHE U AE H
bRk 1wz ki
x5 AETEIIL(EFRE LEREHBE () WEREXE)
Model 1-shot 5-shot
Matching Networks'" 47.11%1.13 59.71%1.11
MAML! 49.27+1.13 67.28+1.06
Prototypical Networks'®’ 51.63+1.13 66.16+1.07
Relation Networks'" 54.70+1.13 71.511.02
Meta-Baseline™’ 70.27+1.03 84.0040.83
Pre-training model (ours ) 63.53+1.09 82.4310.86
Transfer model (ours) 72.41+1.01 83.98+0.83
PML(ours) 77.65+0.94 89.65+0.69

T3HN  ASC LA 12,13 A e A4 (1 2 3615 BOKF ML HE

4.5 JTEIHEBEL B E gus S ik, 34 mini-ImageNet Fl tiered-
4 PML U E S HAB T D Jr iR FE R B FUIZRE ImageNet b5 HAl T2 > 7 e #4750 50 LU 4%, SE U0 4%
PN BV . O T B AR SORTE T I B SRR 6.7
£6 AEITLFITTELE mini-ImageNet BB E FHARFHIEE (%) BB 15 X 8(#45 5 F DropBlock™FAR & i . &5 R 5% 30 mk[9.23,24])
Model Backone 1-shot 5-shot Model Backone 1-shot 5-shot
Matching Networks'" ConvNet-4 | 43.56+0.84 | 55.3140.73 | Prototypical Networks'® | ConvNet-4 | 48.70+1.84 | 63.1140.92
Activation to Parameter >’ | WRN-28-10 | 59.60+0.41 | 73.7420.19 LEO™ WRN-28-10 | 61.76+0.08 | 77.59+0.12
Chen, et al?”’ ResNet-18 | 51.87+0.77 | 75.68+0.63 SNAIL™ ResNet-12 | 55.7120.99 | 68.88+0.92
AdaResNet™ ResNet-12 | 56.88+0.62 | 71.94+0.57 TADAM™" ResNet-12 | 58.50+0.30 | 76.70+0.30
MTL'®! ResNet-12 | 61.20+1.80 | 75.50+0.80 MetaOptNet” ! ResNet-12 | 62.6440.61 | 78.63+0.46
MetaOptNet ! ResNet-12 | 60.33+0.61 | 76.61+0.46 Meta-Baseline®! ResNet-12 | 63.1740.23 | 79.26+0.17
EBM™! ResNet-12 | 63.80+0.40 | 80.10+0.30 PSST™Y ResNet-12 | 64.0540.49 | 80.24+0.49
Meta-Baseline+ML(our) | ResNet-12 | 64.10£0.22 | 80.48+0.16

R7 ARITLFEIFIETLE tiered-ImageNet EIEE FHAFBEE (%) MEEXE(SEXH9,13IHWER)

Model Backone 1-shot 5-shot Model Backone 1-shot 5-shot
MAML'2! ConvNet-4 | 51.671.81 | 70.30+1.75 | Prototypical Networks'® | ConvNet-4 | 53.3140.89 | 72.69+0.74
Relation Networks'" ConvNet-4 | 54.48+0.93 | 71.3240.78 LEO"™ WRN-28-10 | 66.33£0.05 | 81.44+0.09
MetaOptNet'' ResNet-12 | 65.99+0.72 | 81.56+0.53 Meta-Baseline®! ResNet-12 | 68.62+0.27 | 83.29+0.18
Meta-Baseline+ML(our) ResNet-12 68.09+0.28 83.9740.18
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