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Abstract

With the development of few-shot learning, meta-learning has become a popular few-shot learning
framework, and its role is to develop models for few-shot classification tasks that can quickly
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adapt to limited data and low computational cost. Recent studies on attention have demonstrated
that channel attention can improve feature extraction to a certain extent, but it ignores the role of
location information, which is important for better learning with limited data in few-shot tasks.
Based on this fact, this paper proposes a new method to effectively combine location information
and extracted features by pre-training a classifier with location information attention on all base
classes, and then performing meta-learning on few-shot classification algorithm based on the near-
est centroid. Through experiments on two standard datasets, compared with the current main-
stream few-shot image classification methods, this method was improved by 1.23% and 1.02% on
the 1-shot and 5-shot tasks of the Mini-ImageNet dataset, and also by 0.85% and 0.78% on the
Tiered-ImageNet dataset. Experiments show that the method effectively plays the role of location
information and can improve the accuracy of few-shot image classification.
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Figure 1. Schematic diagram of SE channel attention (a) and coordinate attention (b)
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Figure 2. Classifier baseline with coordinate attention
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Table 1. Classification accuracy of 5-way tasks on Mini-ImageNet
% 1. Mini-lmageNet 89 5-way ESHI D HKBEE

Method Backbone 1-Shot 5-Shot
LEO (Rusu et al., 2019) WRN-28-10 61.76 £ 0.08 77.59+0.12
SNAIL (Mishra et al., 2018) ResNet-12 55.71+£0.99 68.88 £ 0.92
AdaResNet (Munkhdalai et al., 2017) ResNet-12 56.88 + 0.62 71.94 +0.57
TADAM (Oreshkin et al., 2018) ResNet-12 58.50 + 0.30 76.70 £ 0.30
MTL (Sun et al., 2019) ResNet-12 61.20 +1.80 75.50 £ 0.80
MetaOptNet (Lee et al., 2019) ResNet-12 60.33 £ 0.61 76.61 + 0.46
Meta-Baseline(Chen et al., 2021) ResNet-12 63.17 £ 0.23 79.26 £ 0.17
Our Method ResNet-12 64.40 £0.18 80.28 £0.19

Table 2. Classification accuracy of 5-way tasks on Tiered-ImageNet
%= 2. Tiered-ImageNet B9 5-way ESHI D HKBEE

Method Backbone 1-Shot 5-Shot
MAML (Finn et al., 2017) ConvNet-4 51.67+1.81 70.30 £1.75
Prototypical Networks* (Snell et al., 2017) ConvNet-4 53.31+0.89 72.69+0.74
Relation Networks* (Sung et al., 2018) ConvNet-4 54.48 +0.93 71.32+0.78
LEO (Rusu et al., 2019) WRN-28-10 66.33 £ 0.05 81.44 +0.09
MetaOptNet (Lee et al., 2019) ResNet-12 65.99 +0.72 81.56 +0.53
Meta-Baseline(Chen et al., 2021) ResNet-12 68.62 + 0.27 83.29+0.18
Our Method ResNet-12 69.47 £0.30 84.07 £0.25
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Table 3. Ablation experiment of 5-way task on Mini-ImageNet
%z 3. Mini-ImageNet &9 5-way £ 55 89iHRLSCIE

Settings Backbone 1-Shot 5-Shot
Meta-Baseline ResNet-12 63.17 £0.23 79.26 £0.17
+SE ResNet-12 63.66 £ 0.25 79.74 £ 0.28
+CBAM ResNet-12 63.73 £ 0.42 79.87 £0.35
+HAEFRIEE T ResNet-12 64.40 £0.18 80.28 £0.19

Table 4. Ablation experiment of 5-way task on Tiered-ImageNet
%= 4. Tiered-ImageNet B9 5-way {£55B89;ERESCIE

Settings Backbone 1-Shot 5-Shot
Meta-Baseline ResNet-12 68.62 £0.27 83.29+£0.18
+SE ResNet-12 68.97 £0.35 83.74+£0.19
+CBAM ResNet-12 69.10 £ 0.22 83.89 £0.32
+AL BRI B T ResNet-12 69.47 £0.30 84.07 £0.25
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