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o, % REAZ&-TREE , N AFERET S K. £ S-way I-shot #= 5-way S-shot iR & ¥ , % % % &
minilmageNet 2 ¥& & #4935 14 - 35 4 B (mean Average precision,mAP) % %] 4 56.83% # 75.76 % , 2%
B s E B % # ¥ 4 Stanford Cars A2 CUB-200-2011 4~ % 2 /& £ 4 %) 32 3] T 79.33% 4= 93.92% .
66.33% A= 85.78 % , K THA 7 ke mIFLER .
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Few-Shot Learning Method Based on Class Enhancement and Multi-scale

Adaptation

DONG Chijing, ZHANG Sunjie, REN Han
(School of Optical-Electrical and Computer Engineering, University of Shanghai for Science &. Technology, Shanghai 200093, China)

Abstract: In order to solve the problems of the insufficient feature information extraction and the difficulty
in capturing local obvious feature information accurately in few-shot learning, a method combining class
enhancement and multi-scale adaptation is proposed. Firstly, the class enhancement is performed on the
image at the level of features, and rich semantic structures are encoded by associating each activation of the
feature map with its neighborhood, thus making the extracted intra class features obvious and more
conducive to the current classification task. Secondly, low-level representations of image features at
different scales are extracted through multi-scale feature generation. Finally, the semantic correlation
matrix on each scale is weighted and similarity elements are maximized to calculate the semantic similarity
between the query image and each support set category image. After the fusion of multi-scale information,
the target images are classified. In the 5-way 1-shot and 5-way 5-shot settings, the mean average precision
(mAP) of this method on the minilmageNet dataset is 56.83% and 75.76% respectively, and it achieves
79.33% and 93.92%, 66.33% and 85.78% on the commonly used fine grained image dataset Standard
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Cars and CUB-200-2011 classification benchmarks, respectively, which are superior to the best results of
the existing methods.

Key words: few-shot learning; class enhancement; multi-scale feature generation; adaptive task attention
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Fig.1 Structure of the model based on class enhancement and multi-scale adaptation
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Fig.2 Structure of representations extractor I,
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Fig.3 Schematic picture of class enhancement
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Table 2 Average classification accuracy of 5-way 1-shot and 5-way 5-shot tasks with 95% confidence inter-

vals on minilmageNet

. EEIREE/ Y%
ViRiS F T M4 JEE i e

5-way 1-shot 5-way 5-shot
MAML!" Conv-4-64 Meta 48.7041.84 63.114+0.92
MAML-+L2F® Conv-4-32 Meta 52.10+0.50 69.3840.46
WarpGrad™! Conv-4-32 Meta 52.3040.80 68.40-0.66
Matching Nets™ Conv-4-64 Metric 43.56+0.84 55.3140.73
Prototypical Nets™ Conv-4-64 Metric 49.4240.78 68.200.66
Relation Nets™ Conv-4-64 Metric 50.444-0.82 65.324+0.70
DN4® Conv-4-64 Metric 51.2440.74 71.0240.64
DSN! Conv-4-64 Metric 51.784+0.96 68.9940.69
RENets*? Conv-4-64 Metric 56.78+0.43 70.84+0.36
MsKPRN® Conv-4-64 Metric 56.02 + 0.88 72.06 + 0.68
AT (e=T) Conv-4-64 Metric 56.83+0.39 75.76+0.42
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Table 3 Average classification accuracy on Standford Dogs, Standford Cars and CUB Birds datasets %

R Stanford Dogs Stanford Cars CUB Birds

ik 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot
Matching Nets™ 35.80+0.99 47.50+1.03 34.80+£0.98 44.70+1.03 61.16+£0.89 72.86+0.70
MAML™ 44.8140.34  58.684+0.31 47.22+0.39 61.214+0.28 55.924+0.95 72.09+£0.76
Relation Nets™ 43.334+0.42  55.234+0.41 47.67+£0.47 60.59£0.40 62.454+0.98 76.11+0.69
DN4" 45.414+0.76  63.514+0.62 59.84+0.80 88.65+0.44 52.794+0.86 81.45:+0.70
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RENets**” 59.04+0.49 72.364+0.38  66.944+0.48 75.454+0.37 69.12+0.49  85.45+0.31
AR ICT7 Ik (h=5) 60.324+0.34  81.22+0.25 79.33+£0.63  93.92+0.25 66.33+£0.69 85.78+0.45
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