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Label Noisy Image Classification Based on Contrastive Learning

LI Jun-Zhe, CAO Guo
(School of Computer Science and Engineering, Nanjing University of Science and Technology, Nanjing 210094, China)

Abstract: Label noise can greatly reduce the performance of deep network models. To address this problem, this study
proposes a contrastive learning-based label noisy image classification method. The method includes an adaptive threshold,
contrastive learning module, and class prototype-based label denoising module. Firstly, the rot;{lst features of the image
are extracted by maximizing the similarity between two augmented, views of the Same image using contrastive learning.
Then, a novel adaptive threshold filtering training sample is used to.dynamically adjust the threshold based on the learning
status of each class during model training. Finally, a class pfototype—based label denoising module is introduced to update
pseudo-labels by calculating the similarity between sample feature vectors and prototype vectors, thus avoiding the
influence of label noise. Cqmparati;/e experiments are conducted on the publicly available datasets CIFAR-10 and
CIFAR-100 and the real dataset ANIMAL10. The experimental results show that under the condition of artificially
synthesized noise, the proposed method outperforms conventional methods. By updating pseudo-labels based on the
similarity between the robust feature vector of the image and various prototype vectors, the negative impact of noisy
labels is reduced, and the anti-noise ability of the model is improved to certain extent, verifying the effectiveness of the
proposed model.
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RLEBEFIEN 0.2, HARK L E S CIFAR HiikE
R SIS AR [R]. NEE F AT LA H AR SO Y S 25 L i ik
HAMREAL, A EE T 8CR ei 1) PICO AR & T 0.24%.

# 4 ANIMALI10 ARSI A (¢=0.1) (%)

Model HER 2
picoP! 93.39+0.34
LwsH! 90.16+0.42

PRODEND 89.94+0.32
ccH! 81.72+0.26
MSEP*! 78.43+0.34

EXPFY 78.12+0.13

CLPAT 93.63+0.14
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