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A noisy label deep learning algorithm based on K-means
clustering and feature space augmentation

LYU Jia"?, QIU Xiaolong"”

(1. College of Computer and Information Sciences, Chongqing Normal University, Chongqing 401331, China; 2. Chongqing Digital
Agriculture Service Engineering Technology Research Center, Chongqing 401331, China)

Abstract: The performance of neural networks in deep learning relies on high-quality samples. However, the presence
of noisy labels reduces the classification accuracy of the network. To reduce the impact of noisy labels, we propose a
learning algorithm that categorizes training samples into clean and noisy subsets, assigning pseudo-labels to the noisy
samples using a semisupervised learning algorithm. Despite these measures, the performance of the noisy label learning
algorithm can be hindered by inaccurate pseudo-labels and a lack of sufficient training samples. To address the afore-
mentioned problems, we propose a noisy label deep learning algorithm that leverages K-means clustering and feature
space augmentation. First, the algorithm applies the K-means clustering algorithm to cluster the clean samples based on
their labels. It then selects noisy samples that are difficult to classify according to the distance between the noisy
samples and the cluster center. This process enhances the quality of the training samples. Second, the mix-up algorithm
is used to expand both the clean and noisy samples, thereby increasing the number of training samples. Finally, a feature
space augmentation algorithm is used to suppress the noise samples generated by the mix-up algorithm, leading to im-
proved network classification accuracy. The effectiveness of the proposed algorithm has been validated on four data
sets: CIFAR10, CIFAR100, MNIST, and ANIMAL-10.
Keywords: noisy label learning; deep learning; semisupervised learning; machine learning; neural network; K-means
clustering; feature space augmentation; mix-up algorithm
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Table 4 Average accuracy of each algorithm on CIFAR10 under symmetric noise rate %
575 %

L 20% 40% ik 60% 80%
Cross-Entropy 83.48+0.17 68.49+0.40 48.65+0.06 27.56+0.43
Co-teaching"” 67.73+0.71 62.83+0.72 48.8140.78 27.56+2.71
F-correction”” 83.27+0.04 73.67+0.30 77.640.11 63.95+0.32

GCE™" 89.72+0.10 87.75+0.05 84.11+0.26 63.95+0.32
M-correction'”” 89.720.10 90.090.68 85.90+0.22 70.570.85
DivideMix'" 94.82+0.09 93.95+0.14 92.28+0.08 89.3040.17
DivideMix+"" 94.84+0.12 94.03::0.20 93.08+0.19 91.91:£0.07
F-Class2Simi"* 91.38+0.19 88.22+0.19 79.45+0.53 32.95+0.01
GCE+SR™ 87.93+0.27 84.82+0.06 77.65+0.05 51.97+1.13
Taylor-CE™” 85.96+0.09 80.510.11 78.18+0.36 33.48+0.44
CTRR™ 93.05+0.32 92.16+0.31 78.18+0.36 33.48+0.44
ova' 65.38+0.42 60.840.68 54.55:0.82 34.42+0.61
PHuber-CE™” 90.73+0.07 86.05+0.37 74.06+0.92 32.97+0.32
NLDLBKCFSA (A7) 95.860.40 95.27+0.13 94.64+0.20 91.83+0.48
T DAL R e i 2R MER 2R, T RIZ IR i 2 MER R, TR,
RS5 EMMREET, &HIEFE CIFARI00 LT 4EMHE
Table 5 Average accuracy of each algorithm on CIFAR100 under symmetric noise rate %
Mg 7 %

Hk 20% 40% R 60% 80%
Cross-Entropy 60.93+0.40 46.24+0.74 29.00+0.38 11.42+0.19
Co-teaching'” 60.930.40 60.000.60 48.30+0.10 16.10£1.10
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20% 40% 60% 80%
F-correction”” 60.490.29 48.93+0.21 48.74+0.41 22.93+0.78
GCE"™" 69.20+0.10 65.9040.25 57.33+0.18 18.19+1.15
M-correction'”” 67.960.17 64.48+0.76 55.37+0.72 2421+1.06
DivideMix” 73.17+0.28 71.01£0.16 66.61=0.18 43.25+0.82
DivideMix+"" 73.17+£0.28 71.03+0.32 67.5240.19 58.07+0.71
F-Class2Simi"” 60.26+0.18 54.85+0.60 40.38+0.58 21.86+0.01
GCE+SR™ 67.03+0.46 60.68+0.90 44.66:0.84 17.3540.42
Taylor-CE™” 59.110.11 50.99:0.09 38.31+0.12 15.96+0.31
CTRR™” 70.09-:0.45 65.3240.20 54204034 43.69+0.28
ova' 59.29+0.01 51.6140.04 33.85+0.07 18.26+0.09
PHuber-CE"” 57.90+0.31 52.36+0.77 37.93+0.86 13.8340.25
NLDLBKCFSA(A5Y) 78.15+0.16 77.28+0.23 71.56+0.12 52.5340.09

F6 EXNMBEEERT, SEIEE MNIST LR T ERE
Table 6 Average accuracy of each algorithm on MNIST under symmetric noise rate %
s K

20% 40% 60% 80%
Cross-Entropy 86.16+0.34 70.39+0.59 50.35+0.51 23.41+0.96
Co-teaching"” 91.20+0.03 90.020.02 83.2120.71 25.33+0.84
F-correction”” 93.930.10 84.30+0.43 65.06+0.64 29.810.63
GCE”" 94.3620.11 93.61%0.17 92.46+0.20 85.04-0.66
M-correction'™” 97.25+0.03 96.63+0.04 95.07+0.08 86.19+0.42
DivideMix” 96.80+0.08 96.53+0.06 96.47+0.04 95.15+0.25
DivideMix+"" 96.83+0.06 96.79+0.06 96.69+0.03 95.910.10
F-Class2Simi"" 99.26:0.07 99.18:0.06 98.91::0.09 80.80+0.16
GCE+SR™ 99.13+0.07 99.06+0.02 98.84-0.09 98.37:0.26
Taylor-CE™” 98.99:£0.14 98.46+0.12 97.53+0.23 91.14+0.18
CTRR™ 96.98+0.49 98.73+0.41 98.05+0.41 96.17+0.41
ova 98.10+0.02 97.48+0.01 95.88+0.13 74.2140.59
PHuber-CE"” 98.46+0.08 97.60+0.11 95.37+0.07 90.080.15
NLDLBKCFSA(AHF5Y) 99.48+0.03 99.25+0.04 99.24+0.02 98.21+0.15

RT7 FEMKBREERT, REEE CIFARI0 EHFEHEHE
Table 7 Average accuracy of each algorithm on CIFAR10 under asymmetric noise rate %
. W

10% 20% 30% 40%
Cross-Entropy 90.85+0.06 87.23+0.40 81.92+0.32 76.234+0.45
Co-teaching'” 62.85+2.20 61.04+1.31 54.50+0.39 51.68+1.66
F-correction”” 89.79+0.33 86.79:0.67 83.34+0.30 76.81+1.08
GCE™" 90.40+0.09 89.300.13 86.89:£0.22 82.60+0.17
M-correction'”” 92.2840.12 92.13%0.17 91.3840.11 90.4340.23
DivideMix'" 93.6140.15 92.99+0.21 92.82+0.28 90.57+0.31
DivideMix+"" 94.27+0.23 93.92+0.20 91.79+0.36 91.910.24
F-Class2Simi'"* 90.50+0.02 91.24+0.27 88.28+0.02 87.79+0.36
GCE+SR™ 89.140.02 87.55+0.08 84.69£0.46 79.01+0.18

Taylor-CE"™” 87.34+0.12 85.0240.11 85.63+0.07 72.65+0.11
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L 10% 20% E 30% 40%
CTRR™” 86.82::0.38 86.42+0.39 80.97-£0.39 76.89+0.41
ova'? 66.36+0.06 64.62+0.50 59.10+0.16 44.28+0.66
PHuber-CE"” 87.91+0.13 84.87+0.26 79.01+0.38 72.65+0.11
NLDLBKCFSA (4 fF5%) 94.45+0.40 94.02+0.13 92.93+0.23 91.430.50

xS FIEMMBEEET, FEIEE CIFARIO0 LI FHEFHER
Table 8 Average accuracy of each algorithm on CIFAR100 under asymmetric noise rate %
sk o

10% 20% 30% 40%
Cross-Entropy 68.58+0.34 68.82+0.22 53.99+0.50 44.31+0.23
Co-teaching"” - 63.40+0.90 57.60+0.30 49.20+0.30
F-correction”” 68.87+0.06 64.11+0.37 56.45+0.59 46.44+0.50
GCE™" 70.770.14 69.220.15 64.600.25 51.72+1.17
M-correction”” 69.44+0.52 67.25+0.81 63.16+1.55 52.9041.79
DivideMix"” 74.0040.29 73.28+0.42 72.84+0.36 54.33+0.69
DivideMix+"" 73.49+0.31 73.30+0.22 72.36+0.43 55.630.60
F-Class2Simi'"” 63.530.01 59.10+0.13 58.63+0.03 52.99+0.78
GCE+SR™ 68.99£0.03 64.35+0.78 57.22+0.80 49.51+1.31
Taylor-CE™” 60.960.21 55.4540.12 45.8140.19 35.4540.25
CTRR™ 56.24+0.40 49.58+0.42 43.02+0.38 36.230.37
ova'™ 61.50+0.01 57.93+0.02 54.76+0.02 44.29+0.05
PHuber-CE"” 60.070.09 53.30+0.10 44.39+0.14 35.36+0.13
NLDLBKCFSA(AHF5%) 77.711.40 76.18+0.21 72.93+1.03 55.56+0.38

x99 HIEMRBPFET, FEEEMNIST LR FEHERHE
Table 9 Average accuracy of each algorithm on MNIST under asymmetric noise rate %
sk W

10% 20% 30% 40%
Cross-Entropy 95.78+0.19 91.15+0.26 86.01+£0.25 79.92+0.32
Co-teaching"” 90.320.02 89.03+0.02 79.80+0.27 64.94+0.02
F-correction”” 96.39+0.04 94.27+0.21 89.33+0.94 81.6140.42
GCE”" 94.61+0.13 94.43+0.07 94.00+0.12 93.42+0.12
M-correction”” 96.74+0.03 96.70£0.10 96.67+0.07 94.85+0.40
DivideMix"” 96.17+0.06 96.11+0.09 95.880.05 95.83+0.05
DivideMix+"" 96.67+0.04 96.66+0.07 96.500.04 96.46+0.04
F-Class2Simi'"” 99.330.01 99.25:0.05 99.18+0.02 99.080.07
GCE+SR™ 99.28+0.04 99.22+0.02 99.130.05 99.09::0.02
Taylor-CE™” 99.01+0.06 98.84-0.09 97.53+0.23 91.14+0.18
CTRR™ 99.19+0.38 99.10-£0.45 98.71+0.39 97.1240.43
ova™ 98.23+0.02 97.80+0.10 94.310.54 80.25+1.25
PHuber-CE"” 98.65+0.07 96.97+0.11 93.98+0.09 87.37+0.19
NLDLBKCFSA(AHF5Y) 99.36+0.07 99.25+0.13 99.20+0.05 98.16+0.23
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Fig. 5 Mixed generated samples in MNIST
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Table 10 Accuracy on the real data ANIMAL-10 %

Rk iR
Cross-Entropy 79.4
SELFIE™" 81.8
pLC™! 83.4
Nested-CE""” 84.1
NLDLBKCFSA(AH5Y) 87.7
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Table 11 The impact of different data augmentation

parts on network accuracy %
‘ W
Ak
20% 40% 60% 80%
Baseline 88.21 85.18  78.61 64.69

Baseline + mixup 95.13 9483 9387 93.16

Baseline + feature
. 92.81 87.48 85.96 85.08
space augmention

NLDLBKCFSA

. 96.06 9532 9476 94.38
(Baseline + MMEA)
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