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Noise Label Image Classification Based on Semi-supervised Multi-dimensional Contrastive Learning

ZHU Ding-Ju', YE Zhan-Hao', HE Ke-Yi’

'(School of Artificial Intelligence, South China Normal University, Foshan 528225, China)
%(School of Economics & Management, South China Normal University, Guangzhou 510006, China)

Abstract: Deep learning-based artificial intelligence diagnostic models rely heavily on high-quality and exhaustively
annotated data for algorithm training, but they are affected by noise label information. To enhance the robustness of the
model and prevent memorization of noise labels, this study proposes a noise label image classification method based on
multi-dimensional contrastive learning. This method can effectively integrate multi-dimensional contrastive learning and
semi-supervised learning to combat label noise. Specifically, the proposed method consists of three carefully designed
components. A mixed feature embedding module with a momentum update mechanism is designed to extract abstract
distributed feature representations using mixed augmented images as input. Simultaneously, the study adjusts the features
in the feature space from different dimensions by employing a multi-dimensional contrastive learning module, which
combines instance contrastive learning and inter-class contrastive learning. Additionally, a noise-robust loss function is
utilized to ensure that samples with correct labels dominate the learning process. Experiments conducted on CIFAR-10
and CIFAR-100 datasets demonstrate that the proposed method achieves better results than existing methods.
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BRAG SSURSE 2R A 28 285 g 11 A 75 T 3RS ) 45 SR AT LU AL,

Ef g SR L3 2 AT Lh e 45 R i, & B 3RA]
YA o AT ] — A ASE 2 S5 3 RIS Y g P e o
— R ISR T AL 38 AR Y A HE R 2 g R R =
G 5 T ) B . 2 MR I S AR B Mixup 23
i), 78 CIFAR-100 F-F3IFK T 3.4%, Xt 7
PG 38 558 e 0% 3 o %o A N PR AT SR, AT 384 S A
T2 SRR A M itk 20t b2 ST AR gl 25 e, AR A
X B RS P PR 1 FRAIG, I LA DA R0 27 = 40l
Fon. X — T E P T EA X I b FE M, DA o
PR AR 2 S e 1 0 3 1k R AR R 66 0, DAIEAT I 75
BERZIE. 22 W B 5 IRl 2R, W LA BRI 2
FEAR B0 ™ EE 1, 71 £ 7E CIFAR-100 $¥54E I 80% M
FRIEOT, BORBEICT 7.6%. IR 845 K om i
T F TR B TE YRR AR 25 M 75 (14 47 T 5200y T 7 A
I HLE B SR BT T B2 A 255 Ak 3 e 75 s 2 1) e
SRR AR, 3X L8 Rl 7T 9 BEAS LA ) B T R R
TAHANER WA, R T e ATE T AR )
P, P 1A FARRE IR A Hh A T e

2 OTHMSEIRE R (%)

CIFAR-10 CIFAR-100
20% 50% 80% Mean 20% 50% 80% Mean

Methods

w/oMixup 94.8 93.1 913 931 735 722 61.7 69.1
w/oCL 931 915 892 912 726 695 575 665
w/oSSL 937 90.7 895 913 723 684 541 649
Ours 95.7 94.8 938 947 775 743 659 725
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VR X P 168 P AR RS PR R 22 SRR AE. Ty 1 A BRI A AR 2
AURGE RS, BATHR T PR LE 550, B AR D bR 2E 3271
ANELAS X e 3. 3 4 SR A 200, F R R B (5 5,
Fad BB AT R A IEREAS . 75 B AEHE 4R b KR SE IR 56
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