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Figure 2 Fitting performance of GMM and BMM on sample cosine similarity at different training stages
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Table 1 Accuracy of each model on instance-dependent noise datasets generated based on part dependence BAL: %
. E CIFAR-10 L 1 i 1 % FE CIFAR-100 I 1y #E 7 5

ik n =202 n=0.4 n=0.6 n=0.2 n=0.4 n=0.6
Forward T’ 87.22 79. 37 66. 56 58.19 42. 80 27.91
Lo " 88.57 82. 82 69. 94 57.90 42.70 26. 96
L 85.81 74. 66 60. 76 57.03 39. 81 24. 87
Co-teaching""’ 88. 87 73.00 62.51 43.30 23.21 12.58
Co-teaching+'? 89. 80 73.78 59.22 41.71 24.45 12.58
JoCoR" 88.78 71. 64 63. 46 43. 66 23.95 13. 16
Reweight-R™"" 90. 04 84.11 72.18 58.00 43.83 36.07
Peer Loss'*" 89. 12 83.26 74. 53 61.16 47.23 31.71
CORES™ ™! 91. 14 83.67 77. 68 66. 47 58.99 38.55
DivideMix'"®’ 93.33 95.07 85. 50 79. 04 76.08 46. 72
CAL 92.01 84.96 79. 82 69. 11 63.17 43.58
TSCLS!"! 93. 68 94.97 94. 95 79. 61 76. 58 59. 40
SV-learner'® 93.29 94. 69 93. 84 75.19 74. 88 59.72
ATy Ik 94. 16 95, 52 95.21 79. 86 77.28 59. 84

2 ONFETF 4L IDN (CIFAR-10) 504
B LRSS SCIG A A5 R L H T X R R L TR 4
DR 2 T A i, B ST L I P S OB M e I 6
JEH R, TEXFPRE BN A S i AR B R g R L )
AT X T U R A S MRS L (n=0.3,
0.4) &, AHE TSCLS Jrik, A SCH 2 w247 nl $2
T 1% ~2%,

x2 BETHEEHAN IDNBBEE LSERNERE
Table 2 Accuracy of each model on IDN datasets

generated based on classification B {7 : %
Method B %

7n=0.1 n=0.2 n=0.3 n=0.4

Forward T 91. 06 86. 35 78. 87 71.12
Co-teaching!™  91.22 87.28 84.33 78.72
GCE™" 90. 97 86. 44 81. 54 76.71
DAC' 90. 94 86. 16 80. 88 74. 80
DMI] 91.26 86. 57 81.98 77. 81
SEAL™ 91. 32 87.79 85. 30 82.98
TSCLS™" 91.39 88.36 86. 92 84.18
ARSI 91.49 88. 85 87. 96 85. 42

F 3 JBR T VGG-19 ZR4 1Y & 7 B 7E Ani-
mal-10N ZUHa4E A SCIR 25 R, RSO B BAs 7
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Table 3 Accuracy on the Animal-10N dataset B i : %

H ik R % Ik HEH F
CE 79.40 || Nested + Co-teaching 1> 84.10
GCE 2V 81.50 NAL [ 84.18
SELFIE'  81.80 AR 84.21
PLC 83. 40

& 4 ClothinglM #iE& FREHE
Table 4 Accuracy on the ClothinglM dataset B {ii ;: %

Iy ik 7 ) 26 ik M
Forward T |” 70. 83 CORES* ™! 73.24
Co-teaching ' 69. 21 CAL" 74.17
JoCoR ™ 70. 30 TSCLS!™"! 75. 40
Ly ™" 72. 46 SV-learner'®" 75.20
PTD-R-V™ 71.67 AT 75. 80
DivideMix!"®! 74.76

IDN) ,CIFAR-100( 5 =0. 6 , 3& T #B /4K 4 4= 1, IDN )
5 A5 IDN 54 ClothinglM b HEAT T I Bl S2 56
FEAHTFRI I8 T L3R T & B R AR F 0 TR DMM
Mg i R0 B AR S VR R R DL R 5 SR AR R
TR AR S BE AR R 43 50 I3 T oK B A8 X
I 2% ( cross-entropy loss, CE) J7 ik EE PSS
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Table 5 Results of ablation experiments of this

model on various datasets B4 %
HE T %
Ik CIFAR-10 CIFAR-100
Clothing1lM
(n=0.4) (n=0.6)
CE 75. 83 49. 41 69. 84
P 3m H 0 +GMM 84.12 59. 40 75. 40
ERRRETE O +GMM 84. 35 59. 45 75.51
i@ L +DMM 84.97 59.73 75. 62

R B0 +DMM 85. 42 59. 84 75. 80

1€ CIFAR-10(n=0. 4,3 F /024 5 IDN) T A
[&] 5 32 /) il 28 F 1 FX (area under the curve, AUC) 5
GMM .BMM 1 AL H R A wy, 1w, B Y ZR 5 IR (ep-
och) Bk iyt 2 tn &1 3 Fir R .
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Figure 3 Comparison of AUC performance between
robust feature centroid with dynamic mixture model and

trends of model weight in label noise identification
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A Dynamic Mixture Noise Identification Method for Learning with Instance-dependent
Label Noise

JIANG Gaoxia', ZHANG Yao', WANG Wenjian'>

(1. School of Computer and Information Technology, Shanxi University, Taiyuan 030006, China; 2. Key Laboratory of Data Intelli-
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Abstract: In learning with instance-dependent label noise (IDN), semi-supervised methods could mitigate noise
interference and leverage feature information, but their effectiveness depended on accurate noise identification and
was susceptible to the choice of recognition technique. To address this limitation, a robust feature-centroid mecha-
nism was designed to weaken the influence of unreliable samples and a distribution-adaptive dynamic mixture model
(DMM) was proposed based on feature similarity. Pairwise feature similarities was extracted, both Gaussian Mix-
ture Models (GMM) and Beta Mixture Models ( BMM) were used to fit these similarity distributions, and dynami-
cally to fuse their outputs to achieve more accurate noise identification. A semi-supervised learning strategy was
then integrated to complete the training process. On artificially corrupted CIFAR-10 and CIFAR-100 datasets, our
method achieved state-of-the-art performance. On real-world noisy benchmarks Animal-10N and Clothingl M, it at-
tained classification accuracies of 84. 21% and 75. 80% , respectively, outperforming representative existing approa-
ches and demonstrating the effectiveness and applicability of our approach for IDN learning tasks.

Keywords: instance-dependent noise; learning with noisy label; class centroid; dynamic mixture model; semi-su-

pervised learning





