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Few-shot Images Classification Based on Clustering Optimization Learning

SU Rugqi,BIAN Xiong and ZHU Songhao

College of Automation & College of Artificial Intelligence Nanjing University of Posts and Telecommunicationss Nanjing 210023, China
Abstract The goal of few-shot image classificationis to achieve the classification of new imagecategories on the basis of training
a small number of labeled training dataset. However, this goal is difficult to achieve under existing conditions. Therefore,the cur-
rent few-shot learning method mainly mainly draws on the idea of transfer learning,and its core is to construct prior knowledge
by using situational meta-training,so as to realize the solution of unknown new tasks. However.the latest research shows that the
embedded model learning method with strong feature representation is simpler and more effective than the complex few-shot
learning method. Inspired by this, this paper proposes a novel few-shot image classification methodbased on direct clustering opti-
mization learning. This proposed method first utilizes the internal feature structure information of sample data to realize the com-
prehensive representation of each category,and then optimizes the center of each category to form a more distinctive feature rep-
resentation,thus effectively increasing the feature differences between different categories. A large number of experimental results
demonstrate that the proposed image classification method based on the clustering optimization learningcan effectively improve

the accuracy of image classification under various training conditions.
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Fig. 1 To address the issue of collapsing caused by supervised
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and update information.ensuring the preservation of sample
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Table 1 Experimental results on the CIFAR-FS dataset under the
inductive setting

Model Backbone 5-way 1-shot 5-way 5-shot
Proto-Nett[13] 64-64-64-64 55.50%0. 70 72. 0040, 60
RFS-Simplel7] ResNet-12 71.5040. 80 86. 0040, 50
Proto-Netfl13] ResNet-12 72.204+0.70 83.5040. 50
MetaOptNet-34] ResNet-12 72.60+0.70 84,3040, 50
RFES-Distilll 7] ResNet-12 73.9040. 80 86.9040. 50

FewTUREL33] ViT-Small 76.10+0. 88 86.16+0.0. 64
Fine-tuningl 6’ WRN-28-10 76.58+0.68 85.79£0.50
Ours ResNet-12 77.8240.78 88.69+0.57

F 2 FEFYNEE T CFCI00 KiE4E S0 i 45 1
Table 2 Experimental results on the FC100 dataset under the

inductive setting

Model Backbone 5-way 1-shot 5-way 5-shot
Proto-Netfl13] 64-64-64-64 35.30+0. 60 48.60+0. 60
Proto-Nett[13] ResNet-12 37.5040. 60 52.5040. 60
MetaOptNet34] ResNet-12 41.10+0. 60 55.50+0. 60
RES-Simplel7] ResNet-12 42.60+0. 70 59.10+0. 60
Fine-tuning!6J WRN-28-10 43.1640.59 57.5740.55
RFS-Distilll 7] ResNet-12 44.60+0.70 60.90+0. 60
FewTUREL33] ViT-Small 46.2070.79 63.1474-0.73

Ours ResNet-12 46.5140.79 63.56+0.71

# 3 FEHEEE T, MinilmageNet 508 4 10 52 1 45

Table 3

the inductive setting

Experimental results on the MinilmageNet dataset under

Model Backbone 5-Wayl-shot 5-way 5-shot
Proto-Nettl13] 64-64-64-64 49.4240.78 68.2040. 66
Fine-tuning!6J WRN-28-10 57.7340.62 78.17+0. 49
RES-Simplel7] ResNet-12 62.02+0.63 79. 6440, 44
MetaOptNet:34] ResNet-12 62.64+0,61 78.6340. 46
RFS-Distilll 7] ResNet-12 64.8270. 60 82.1474-0.43
Few TUREL] ViT-Small 68.0240. 88 84.5140.53

Ours ResNet-12 68.5740.78 84.2740.52
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Table 4 Experimental results on three datasets under the transductive setting

Model MinilmageNet CIFAR-FS FC100
ode 5-way 1-shot 5-way 5-shot 5-way 1-shot 5-way 5-shot 5-way 1-shot 5-way 5-shot
DPGNL36] 67.77+0.32 84,6040, 43 77.9040. 40 90. 0240. 40 — —
SSRE37 68.1040. 60 76.9040. 40 76.80740. 60 83.7040. 40 - —
Fine-tuning'6J 68.110. 69 80.3640. 50 78.3640. 70 87.5440. 49 50.44+0. 68 65.74+0. 60
iLpCL3s) 69.790. 99 79.8240.55 77.1440. 95 85.2320.55 — —
ECKPNL39) 70.48740. 38 85.4240. 46 79.2040. 40 91.0040. 50 - —
EASYH0] 82.3140. 24 88.5740.12 86.994-0. 21 90.204-0. 15 54,4740, 24 65.824-0.19
Ours 83.4210.88 88,6010, 54 87.8411.02 92.14£0.63 54.82+1.10 66.69%0.87
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Table 5 Ablation experiments on the CIFAR-FS,FC100 and MinilmageNet datasets
CIFAR-FS FC100 MinilmageNet
Model
5-way 1-shot 5-way 5-shot 5-way 1-shot 5-way 5-shot 5-way 1-shot 5-way 5-shot
Baseline 73.507+0.80 86.00+0.50 42.60+0.70 59.10+0. 60 63.02+0.63 79.64+0. 44
Clustering 74.20+0.75 87.00=+0.50 43.1840.69 60.24+0. 65 64.92+0.60 80.90£0. 50
Ratation 75.02+0.83 87.69+0.58 44,24+0.76 61.16+0.73 65.36+0.79 82.5440.54
Our(inductive) 77.8210.78 88.6910.57 46.5110.79 63.561+0.71 68.5710.78 84.2710.52
Our(k-means) 83.92+0.99 90.12+0.53 52.32+1.16 65.55+0.85 80.55+0. 82 86.9140.56
Our(Dynamic-Weightk-means) 87.841+1.02 92.1410.63 54.82%1.10 66.6910.87 83.4210.88 88.55+0.54

3.4 T-SNE 9 #7
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Our method

seed=1
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Visualization results of T-SNE on the CIFAR-FS dataset
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