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Few-shot Image Classification Based on Pseudo-label Dependence Enhancement and Noise
Interference Reduction

TANG Ruiqi, XIAO Ting,CHI Zigiu and WANG Zhe

School of Information Science and Engineering, East China University of Science and Technology.Shanghai 200237, China

Abstract The success of deep learning in image classification relies heavily on large-scale data. However,in many application sce-
narios,it is difficult to collect enough data for model training. Therefore,few-shot learning aimed at obtaining high-performance
models with limited data becomes a hot research direction. In the field of few-shot image classification, using unlabeled data to
augment the training datasets is a common method, but it faces two urgent problems:how to obtain pseudo-labels of unlabeled da-
ta and how to mitigate the negative impact of accumulated noise labels? Firstly,in order to obtain high-quality pseudo-labels.,it is
necessary to solve the problem of noise labels caused by the distribution shift of the source domain and the target domain. A de-
pendence enhancement method based on Hilbert-Schmidt independent criterion is proposed to improve the prediction reliability of
pseudo-labels by maximizing the correlation between image feature representation and labels. Secondly,in order to overcome the
problem of label prediction error that accumulates over time,a noise label interference reduction method is proposed to ensure that
the gradient of samples with correct labels always dominates the training dynamics,so as to lead the model to the optimal solu-
tion. The above methods are evaluated on the benchmark datasets for few-shot image classification, namely mini-ImageNet and
tiered-ImageNet. The results demonstrate that the proposed approach effectively utilizes unlabeled data to improve classification
accuracy and achieves impressive classification performance.
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Table 1 Accuracy comparison of the proposed method with other methods
%)
. mini-ImageNet tiered-ImageNet
Setting Method Backbone
5-way l-shot  5-way 5-shot 5-way 1-shot 5-way 5-shot
MAML5] ConvNet-4  48.70%1.84  63.1140.92 51.674+1.81 70.3041.75
Inductive ProtoNet!7 ResNet-12 62.11£0.44  80.7740.30  68.3140.51  83.85-0.36
APP28[28] ResNet-12 66.25%0.20 83.427+0.15 72.0040.22  86.23+0.15
DAML29] ResNet-12 60.394+0.21  73.8440.16 64.09+0.23  78.39+0.18
CAN+TL15] ResNet-12 67.194£0.55  80.6440.35 73.2140.58  84.93-0.38
Transductive DPGNL30] ResNet-12 67.7740.32  84.60+0.43  72.4540.51  87.24+0.39
DSN-MR!31) ResNet-12 64.60+0.72  79.5140.50  67.3940.82  82.8540.56
EASE+ SIAMESEL32] ResNet-12 70.4740.30  80.7340.16  84.54740.27  89.630.15
TPNL1Z] ResNet-12 62.704+1.37  74.200.31  72.1041.49  83.307+0.33
Semi- LsTl18] ResNet-12 70.0141.90  78.7040.80  77.7041.60  85.2070. 80
Supervised TransMatch!33] WRN-28-10  60.0241.02  79.3040.59  72.19+1.27  82.1240.92
1cItzol ResNet-12 69.66+1.13  80.1140.72  84.0141.03  89.00+0.67
Transductive HSIC+ MAP(ours) ResNet-12 70.2740.45  84.6240.31  84.3740.51  89.64-0.35
HSIC+ NLIRCours) ResNet-12 70.53+0.45 84.73+£0.31 84,74+0.51 89.99%0.35
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Fig. 3 Visualization results of label prediction based on t-SNE
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Table 2 Ablation study on mini-ImageNet
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