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Few-shot image classification via multi-scale
attention and domain adaptation

Chen Long'?, Zhang Jianlin"", Peng Hao ", Li Meihui', Xu Zhiyong', Wei Yuxing'

!Institute of Optics and Electronics, Chinese Academy of Science, Chengdu, Sichuan 610209, China;
?School of Electronic, Electrical and Communication Engineering, University of Chinese Academy of Science, Beijing
100049, China

Abstract: Learning with limited data is a challenging field for computer visual recognition. Prototypes calculated by
the metric learning method are inaccurate when samples are limited. In addition, the generalization ability of the
model is poor. To improve the performance of few-shot image classification, the following measures are adopted.
Firstly, to tackle the problem of limited samples, the masked autoencoder is used to enhance data. Secondly,
prototypes are calculated by task-specific features, which are obtained by the multi-scale attention mechanism. The
attention mechanism makes prototypes more accurate. Thirdly, the domain adaptation module is added with a
margin loss function. The margin loss pushes different prototypes away from each other in the feature space.
Sufficient margin space improves the generalization performance of the method. The experimental results show the
proposed method achieves better performance on few-shot classification.

Keywords: few-shot image classification; attention mechanism; domain adaptation; similarity metric
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Fig. 2 The framework of few-shot image classification via multi-scale attention and domain adaptation
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Fig. 3 Image restoration by masked autoencoders
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Fig. 7 Model loss on the minilmageNet dataset. (a) 5-way 1-shot; (b) 5-way 5-shot
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% 2 MinilmageNet #4584 & 12 & 95% M A5k 4 % (episodes # 10000)

Table 2 Few-shot classification accuracies with 95 confidence interval on the minilmageNet dataset (the number of episodes is 10000)

et g 5-way 1-shot 5-way 5-shot
Matching Net '™ Conv4 43.56+0.84 55.31+0.37
Proto Net ' Conv4 49.42+0.78 68.20+0.66
Relation Net ¥ Conv4 50.44+0.82 65.32+0.70
MAML Conv4 48.70+1.84 63.11+0.92
DN4 [ Conv4 51.24+0.74 71.02+0.64
DSN & Conv4 51.78+0.96 68.99+0.69
BOIL # Conv4 49.61+0.16 66.45+0.37
MADA(ours) Conv4 55.27+0.20 72.12+0.16
Matching Net '™ ResNet-12 65.64+0.20 78.730.15
Proto Net '¥ ResNet-12 60.37+0.83 78.02+0.75
DN4 [ ResNet-12 54.37+0.36 74.44+0.29
DSN & ResNet-12 62.64+0.66 78.73+0.45
SNAIL 2 ResNet-12 55.71+0.99 68.88+0.92
CTM P4 ResNet-12 64.12+0.82 80.51+0.14
MADA(ours) ResNet-12 67.45£0.20 82.77+0.13

%3 TieredimageNet #3& 4 B 12 & 95% AR A £ 4 % (episodes 4 10000)

Table 3 Few-shot classification accuracies with 95 confidence interval on the tieredimageNet dataset (the number of episodes is 10000)

ein) AL 4 5-way 1-shot 5-way 5-shot
Matching Net ™ ResNet-12 68.50+0.92 80.60+0.71
Proto Net ' ResNet-12 65.65+0.92 83.40+0.65
MetaOpt Net ¥ ResNet-12 65.99+0.72 81.5620.53
TPN &7 ResNet-12 59.91+0.94 73.30+0.75
CTM ¥4 ResNet-12 68.41+0.39 84.28+1.74
LEO " ResNet-12 66.63+0.05 81.44+0.09
MADA(ours) ResNet-12 70.67+0.22 85.10£0.15

A 4 CUB#4EE EI3E 95% MEAS R EH % (episodes % 10000)

Table 4 Few-shot classification accuracies with 95 confidence interval on the CUB dataset (the number of episodes is 10000)

el AL 4 5-way 1-shot 5-way 5-shot
Matching Net /2 Conv4 60.52+0.88 75.29+0.75
Proto Net ') Conv4 50.46+0.88 76.390.64
Relation Net #" Conv4 61.10+0.79 76.11+0.69
MAML © Conv4 54.73+0.97 75.75+0.76
Baseline++ ¥ Conv4 60.53+0.83 79.34+0.61
DN4 [ Conv4 66.63+0.05 81.44+0.09
MADA (ours) Conv4 62.12+0.24 77.630.17
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KA IEAE , TR i AN AEAS IR 3 2R BE D 5
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[ B R B 3 A D 3Ok F B AR AT 2 il
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Fig. 8 Visualization of features based on convolutional neural network
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Table 5 Ablation study of few-shot classification accuracies with 95 confidence interval on the minilmageNet (the number of episodes is 10000)

R4 MA DA DE 5-way 1-shot 5-way 5-shot
Baseline x x x 60.37+0.83 78.02+0.75
MA \ x x 65.84+0.23 81.94+0.34
MADA \ 67.21+0.18 82.41+0.48
MADA+ v N 67.45+0.20 82.77+0.13

5-way 1-shot

H 67.5

67.0 -
66.5 -
66.0 -
65.5
65.0

Accuracy/%

0.05 0.10 0.20 0.30 0.40 0.50 1.00
B

A 11

5-way 5-shot

0.05 0.10 0.20 0.30 0.40 0.50 1.00
B

AR B i R ARR M A AT, (a) 5-way 1-shot ; (b) 5-way 5-shot

Fig. 11 Domain adaptation module analysis. (a) 5-way 1-shot; (b) 5-way 5-shot
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Few-shot image classification via multi-scale
attention and domain adaptation

Chen Long'*, Zhang Jianlin'", Peng Hao ", Li Meihui', Xu Zhiyong', Wei Yuxing"
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Framework of multi-scale attention and domain adaptation for few-shot classification

Overview: In recent years, deep learning has been highly successful in the field of computer vision. However, deep
learning is often hampered when the dataset is limited. Few-shot learning is proposed to tackle this problem. Few-shot
learning can generalize to the new task which has a small number of samples by using prior knowledge. Metric learning
is often used to solve few-shot classification, which maps samples to feature space and classifies query samples by using
similarity metric functions. Prototypes calculated by metric learning are inaccurate under the condition of limited
samples. Moreover, the generalization ability of the model is poor.

To improve the performance of few-shot classification, we present a general and flexible method named Multi-Scale
Attention and Domain Adaptation Network (MADA). Firstly, to tackle the problem of limited samples, a masked
autoencoder is used to image augmentation. Moreover, it can be inserted as a plug-and-play module into a few-shot
classification. Secondly, the multi-scale attention module can adapt feature vectors extracted by embedding function to
the current classification task. Multi-scale attention machine strengthens the discriminative image region by focusing on
relating samples in both base class and novel class, which makes prototypes more accurate. In addition, the embedding
function pays attention to the task-specific feature. Thirdly, the domain adaptation module is used to address the
domain shift caused by the difference in data distributions of the two domains. The domain adaptation module consists
of the metric module and the margin loss function. The margin loss pushes different prototypes away from each other in
the feature space. Sufficient margin space in feature space improves the generalization performance of the method. The
experimental results show the classification accuracy of the proposed method is 67.45% for 5-way 1-shot and 82.77% for
5-way 5-shot on the minilmageNet dataset. The classification accuracy is 70.57% for 5-way 1-shot and 85.10% for 5-way
5-shot on the tieredImageNet dataset. The classification accuracy of our method is better than most previous methods.
After dimension reduction and visualization of features by using t-SNE, it can be concluded that domain drift is
alleviated, and prototypes are more accurate. The multi-scale attention module enhanced feature representations are
more discriminative for the target classification task. In addition, the domain adaptation module improves the
generalization ability of the model.

Chen L, Zhang J L, Peng H, et al. Few-shot image classification via multi-scale attention and domain adaptation[J]. Opto-
Electron Eng, 2023, 50(4): 220232; DOI: 10.12086/0ee.2023.220232
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