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Noisy Label Classification Learning Based on Relabeling Method
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Abstract The integrity of sample labels has a significant impact on the accuracy of supervised learning algorithms. However, in
real data,due to the unprofessional and random nature of the labeling process,the label of the dataset is inevitably polluted by
noise.i. e. the assigned label of sample is different from its real label. In order to reduce the negative impact of noise labels on the
classification accuracy of classifiers,this paper proposes a noise label correction approach. It firstly identifies the noise label data
by applying the base classifier to classify the samples and estimating the noise rate to identify noisy label data,and then uses the
base classifier to relabel the noisy samples. As a result, the noisy samples are relabeled to obtain a sample dataset in which the
noisy samples are corrected. Experiments on synthetic datasets and real datasets show that the relabel algorithm has a certain im-
provement effect on classification results under different base classifiers and different types of noise rate interference. Compared
with the base classifier, the accuracy of relabel algorithm is improved by about 5% in the synthetic dataset, while in the high noise
environment of CIFAR and MNIST datasets,the F1 score of the proposed algorithm is 7% higher than that of EIk08 and Natl3
on average,and is improved by 53% compared with base classifier.
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Fig.1 Accuracy curves of Relabel method and others with different py noise ratios on synthetic dataset
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Table 2 Comparison of F1 score for one -vs-rest classification on MNIST dataset by different algorithms using logistic regression
as base classifier
Y3 0 1 2 3 4 5 6 7 8 9
RLp 0.852 0.852 0.709 0. 640 0.733 0. 644 0.774 0.756 0.456 0.559
0,=0.5 RL 0.884 0.898 0.754 0. 709 0.797 0.720 0.817 0.809 0.585 0.679
o —0.5 RP 0.878 0.912 0.766 0.733 0.805 0.734 0.812 0.831 0.591 0.692
! ' Elk08 0. 868 0.872 0.710 0.663 0.777 0.697 0.774 0. 805 0.496 0.626
Natl3 0. 880 0.906 0.733 0.692 0.782 0.661 0.815 0. 809 0.527 0.635
RLo 0.925 0.936 0.847 0. 806 0. 869 0.803 0. 884 0.875 0.655 0.739
1 =0.25 RL 0.936 0.943 0. 849 0. 826 0. 881 0.818 0.891 0. 887 0.680 0.771
7, =0.25 RP 0.932 0.948 0. 856 0.832 0.883 0.829 0.898 0.892 0.677 0.780
Elk08 0.927 0.944 0. 805 0.789 0. 857 0. 804 0.867 0.874 0. 600 0.714
Natl3 0.927 0.945 0.801 0.791 0. 854 0.779 0.867 0. 864 0.610 0.721
RLo 0.892 0. 881 0. 800 0.714 0.795 0.721 0. 829 0.807 0.587 0.654
01 =0 RL 0.943 0.950 0. 850 0.833 0.892 0.839 0. 887 0.892 0.681 0. 780
=05 RP 0.946 0.952 0.855 0.841 0.895 0.839 0.894 0.892 0.680 0.781
! ' Elk08 0.918 0.903 0.838 0. 790 0.862 0. 794 0. 854 0. 846 0.638 0.739
Natl3 0.937 0.922 0.838 0.799 0. 859 0.787 0. 866 0.861 0.620 0.735
RLp 0. 904 0.948 0. 837 0.817 0.861 0.758 0. 882 0.862 0.619 0.758
0, =0.5 RL 0.911 0.951 0.837 0.823 0. 864 0.777 0.889 0. 865 0.659 0.770
=0 RP 0.907 0.955 0.839 0.823 0.80 0.789 0.888 0.870 0.666 0.766
! Elk08 0. 869 0.937 0.741 0.766 0. 800 0.770 0.857 0. 844 0.562 0.713
Natl3 0.876 0. 940 0.762 0. 781 0. 809 0.762 0. 860 0.843 0. 605 0.737
3 fHEH LR B4 B8 ETE CIFAR 5% T 1 one-vs-rest 4328 F1 {8
Table 3 Comparison of F1 score for one -vs-rest classification on CIFAR dataset by different algorithms using logistic regression
as base classifier
kS PLANE AUTO BIRD CAT DEER DOG FROG HORSE SHIP TRUCK
RLp 0.237 0.293 0.211 0.204 0.227 0.222 0.263 0.248 0.269 0.291
0 =0.5 RL 0.243 0.355 0.153 0.185 0.207 0.198 0.295 0.298 0.314 0. 346
RP 0.213 0. 330 0.132 0.161 0.163 0.170 0.263 0.275 0.288 0.322
m=0-5 Elk08 0.180 0.323 0.148 0. 181 0.173 0.132 0.272 0.244 0.257 0.298
Natl3 0. 160 0.314 0.109 0.131 0.133 0.112 0.217 0.253 0.248 0. 297
RLoe 0.314 0.405 0.250 0.245 0.270 0.256 0.350 0.334 0.376 0.366
1 =0.25 RL 0. 300 0.417 0.200 0.179 0.223 0.190 0.325 0.338 0.355 0.375
£ =0.25 RP 0.281 0.410 0.169 0.169 0.212 0.179 0.315 0.318 0.347 0. 369
! ' Elk08 0. 204 0.358 0.131 0.123 0.158 0.116 0.257 0.262 0.282 0.303
Natl3 0.218 0. 345 0.101 0.108 0.142 0.109 0.249 0.250 0.299 0.311
RLo 0.291 0.350 0.122 0.239 0.268 0.237 0.329 0.313 0.355 0.351
=0 RL 0.266 0. 385 0.123 0.142 0.172 0.156 0.295 0.305 0.325 0.331
=05 RP 0.268 0.389 0.120 0.135 0.187 0.152 0.302 0.307 0.327 0.335
! ' Elk08 0.226 0. 366 0.099 0.117 0. 146 0.103 0.274 0.297 0.315 0.328
Natl3 0.191 0.318 0.070 0.071 0.094 0. 054 0.216 0.263 0.250 0. 260
RLp 0.234 0. 330 0.198 0.202 0.215 0.197 0.302 0.259 0.275 0.311
0,=0.5 RL 0.320 0.400 0.230 0.212 0.236 0.245 0.332 0.350 0.370 0.376
o RP 0.274 0.398 0.175 0.177 0.191 0.193 0.320 0.320 0. 349 0. 356
m=0 Elk08 0.206 0. 336 0.114 0.156 0.145 0.128 0.257 0.248 0.280 0.296
Natl3 0.238 0. 336 0.125 0.148 0.156 0.174 0.289 0.270 0.307 0. 309
GEIRE A SCHE 0y AR A O R A R O R Y R A W 7 38 3 A AN [ 28 B BCHE 4R op 1 43 S 45 SR T AR, (ELAE MR S

0L Tty b AR AR A5 0 2 5 R MR R AR B R AR R AT AR T L S
W 75 s 2 I A 1) LSS AR B B i e . TE Zon kb
W B A A BLEE 1k NAT13, EIkO8 S5 AH [ A SC 5 I 7E AN A

AN KGR &S BT EARER A MNIST
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