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Almost all existing methods deal with the label noise problem in pointwise manners.

Methods employing pairwise manners are very prevailing and have made a great success in machine
learning(Contrastive Learning)

Does learning in a pairwise manner mitigate label noise?
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Figure 2. An overview of the proposed method. We add a pairwise enumeration layer and similarity transition matrix to calculate and
correct the predicted similarity posterior. By minimizing the proposed loss L.z, a classifier f can be learned for assigning clean labels.
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' Transformation on labels
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Similarity labels: Theorem 2 Assume that the dataset is balanced (each class
if the assign this pair a similarity has the same amount of samples), and the noise is class-

dependent. When the number of classes ¢ > 8, the noise

i . . . rate of noisy similarity labels is lower than that of the noisy
Dim(Similarity transition matrix ) = 2x2 class labels.




Learning with noisy similarity labels
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' Implementation St QP

Algorithm 1 Class2Simi
Input: training data with noisy class labels; validation data

with noisy class labels. The expected and empirical risks can be defined as:

Stage 1: Learn 7 i

I: Learn g(X) = P(Y'|X) by training data with noisy class RUD = E(xuyr,7 )0, [EUF XD, £(X), o, Hy )
labels, and save the model for Stage 2; L _

2: Estimate 7. following the optimization method in (Patrini Ru(f) = 2 Xiza 2=t (F&X0, £(%;). T, Hy)

et al., 2017);

3: Transform 7. to 7., Generalization error bound:

Stage 2: Learn the classifier f(X) = P(Y|X)

4: Load the model saved in Stage 1, and train the whole R(f) —Ra(f) <M 10g1/5 + (Ts11-Ts01)2Bc(y2dloga+1) M, M

pipeline showed in Figure 2. To1ivnt

Output: classifier f.




' Experiment

Table 1. Means and Standard Deviations of Classification Accuracy over 5 trials on image datasets.

MNIST Sym-0.2 Sym-0.4 Sym-0.6 Asym-0.2 Asym-0.4 Asym-0.6
Co-teaching | 97.3440.26 94.6840.52 93.361+0.47 | 97.374+0.20 96.634+0.41 91.33+0.38
JoCor 07.4840.12 96.314+0.20 93.1840.27 | 97.31+£0.09 95.73+0.29 91.434+0.28
PHuber-CE | 98.654+0.18 98.174+0.15 97.634+0.36 | 98.734+0.09 98.36+0.25 97.3740.41
APL 08.774+0.21 97.06+0.37 97.67+0.35 | 98.724+0.10 98.454+0.29 97.584+0.25
S2E 98.964+0.27 93.274+2.18 89.3740.70 | 99.194+0.05 94.47+1.08 92.364+2.40
Revision 08.9240.09 98.424+0.50 98.10+0.37 | 98.974+0.06 98.58+0.19 98.214+0.19
Reweight 08.784+0.16  98.264+0.22 97.024+0.58 | 98.624+0.19 98.124+0.31 96.984+0.29
Forward 08.764+0.03 98.374+0.25 96.894+0.49 | 98.614+0.22 98.084+0.33 97.434+0.25
R-Class2Simi | 99.044+0.06 98.87+0.06 98.40+0.17 | 99.06£0.05 98.75+0.08 98.23+0.20
F-Class2Simi | 99.26£0.07 99.1840.06 98.911£0.09 | 99.2610.05 99.0810.07 98.911+0.07

CIFARIO Sym-0.2 Sym-0.4 Sym-0.6 Asym-0.2 Asym-0.4 Asym-0.6
Co-teaching | 88.924+0.45 85974+1.02 7597+1.33 | 89.144+0.36 84.77+1.08 76.07+1.27
JoCor 88.464+0.25 85.194+0.75 77.03+£0.92 | 88.96+0.70 85.194+0.58 75.761+1.31
PHuber-CE | 90.374+0.26 86.05+0.37 74.06+£0.92 | 90.73+£0.22 86.06+0.53 73.254+1.04
APL 89.074+0.92 85.77+0.84 70.06+£1.06 | 89.974+0.19 85.60+£0.91 72.331+1.68
S2E 90.04+£1.22 82054195 57.96+4.70 | 90.12+0.97 83.164+1.58 64.77+3.06
Revision 90.024+0.48 8547+0.71 73.9242.02 | 89.77+£0.28 85.324+1.36 75.244+1.87
Reweight 89.054+0.32 84.60+0.45 74.87+1.18 | 89.2840.26 84.61+0.62 72.77+1.91
Forward 89.634+0.20 87.084£0.31 73.2441.33 | 90.03+£0.41 86.64+0.71 77.414+0.43
R-Class2Simi | 90.914+0.26 87.80+0.23  79.194+1.65 | 91.07+0.21 87.78+0.33  78.56+0.63
F-Class2Simi | 91.384+0.19 88.2240.19 79.45+0.53 | 91.244+0.27 87.794+0.36  79.05+0.56
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' Experiment

CIFARI100 Sym-0.2 Sym-0.4 Sym-0.6 Asym-(0.2 Asym-(0.4 Asym-0.6
Co-teaching | 57.144+0.49 52.624+1.03 37.3241.67 | 57.82+0.37 51.324+0.83 35.3241.68
JoCoR 58.3240.71 51.764+£1.07 37.02+£1.33 | 58.61+£0.30 49.18+1.05 37.094+1.82
PHuber-CE | 57.904+0.31 52.364+0.77 37.93+0.86 | 57.334+0.71 51.2940.96 36.03+£1.34
APL 54.034+0.92 49.06+£0.93 36.06+£2.02 | 55.624+0.92 48.374+0.94 35.0241.72
S2E 59.374+1.09 43294194 30.08+£391 | 58.924+1.21 42.8842.16 29.934+4.05
Revision 59.624+0.97 53.264+0.84 35.8242.06 | 58.77+£0.93 52.724+1.38 37.724+1.75
Reweight 49.594+0.74 39.7240.57 22.794+1.35 | 48.874+0.96 36.65+0.90 17.244+1.97
Forward 48.684+0.57 39.78+£1.23  27.01+0.89 | 47.90+0.23 37.894+0.57 21.71+£1.53
R-Class2Simi | 55.454+0.55 50.384+0.49 35.57+0.75 | 54.954+0.65 47.56+0.72 34.82+0.58
F-Class2Simi | 60.2610.18 54.854+0.60 40.3810.58 | 59.10+£0.13 52.9940.78 38.6912.84

Table 2. Means and Standard Deviations of Classification Accuracy over 5 trials on text datasets.

NEWS20 Sym-(.2 Sym-0.4 Sym-(.6 Asym-0.2 Asym-0.4 Asym-0.6
Co-teaching | 55.3240.28 51.094£1.06 47.07+0.83 | 55.294+0.41 53.084+0.26 45.63+0.75
JoCor 52.2140.70 49.8440.92 48.834+0.43 | 55.584+0.27 49.354+0.62 46.21+0.73
PHuber-CE | 55.734+0.38 54.33+0.92 45.054£0.49 | 56.76+0.26 51.154£0.65 41.59+1.05
APL 56.914+0.21 53.124£1.21 43.60+£1.28 | 56.114+0.23  50.93+1.05 43.60+1.28
S2E 57.934+0.37 47.164£1.32 28.5345.04 | 54.894+1.92 50.42+1.71 30.67+3.12
Revision 58.064+0.19  5230+£1.73 46.84+1.09 | 56.414+0.77 53.4440.83 43.77+1.08
Reweight 53.3441.08 50.154£1.33  44.7340.79 | 53.374+0.66 49.824+0.44 39.46+1.27
Forward 57.304+0.32  53.9440.42 46914+1.48 | 53.584+0.54 49.90+1.44 42.5543.81
R-Class2Simi | 58.67+0.38 56.59+0.74 50.48+0.97 | 58.44+0.66 55.03+1.55 47.754+2.17
F-Class2Simi | 58.274+0.47 56.70+1.13 50.181+0.89 | 58.4610.68 54.924+1.66 46.0713.54
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' Overview
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Figure 2. The illustration of the proposed Sel-CL, which progressively selects better confident pairs G for supervised contrastive learning
based on the representation similarity. Without the noise rate prior, confident examples 7 are also obtained to help identify the pairs.
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Figure 2. The illustration of the proposed Sel-CL. which progressively selects better confident pairs G for supervised contrastive learning
based on the representation similarity. Without the noise rate prior, confident examples 7 are also obtained to help identify the pairs.

T =&y 70 12@x), 1) <ve i €[nl}cel[C]

the confident example set including all classes

T =

c

T

ncCao




IR ERELS

Nanjing University of Aeronautics and Astronautics

Selecting Confident Pairs

confident examples -> confident pairs:

°
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Figure 2. The illustration of the proposed Sel-CL, which progressively selects better confident pairs G for supervised contrastive learning
based on the representation similarity. Without the noise rate prior, confident examples 7 are also obtained to help identify the pairs.
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Table 3. Comparison with state-of-the-art methods in the test accuracy (%) on CIFAR-10 and CIFAR-100. The best results are in bold.

Dataset CIFAR-10 CIFAR-100
. Symmetric Asymmeltric Symmetric Asymmeltric

Methods/Noise rate 20% 5[};% 80% 90% | 10% 20{3/& 30% 40% | 20% 5();% 30% 90% | 10% 20}% 30% 40%
Cross-Entropy 827 579 26.1 168|888 861 817 760|618 373 88 35 |68.1 63.6 533 445
Mixup [61] 923 776 467 439933 88.0 833 777|660 466 17.6 8.1 |724 651 57.6 48.1
Forward [13] 83.1 594 262 188|904 867 819 767|614 373 90 34 |687 632 544 453
GCE [61] 86.6 819 546 212895 856 806 760|592 478 158 72 |68.0 586 514 429
P-correction [59] 92.0 88.7 765 582|93.1 929 926 91.6|68.1 564 207 88 |76.1 68.9 593 483
M-correction [ 1] 938 91.9 86.6 68.789.6 91.8 922 912 (734 654 47.6 20.5|67.1 645 58.6 47.4
DivideMix [30] 05.0 93.7 924 742|938 932 925 914|748 72.1 57.6 292|695 692 683 51.0
ELR [7] 938 926 88.0 633944 933 915 853|745 702 452 205|758 748 73.6 70.0
GCE (Uns-CL init) [13] | 90.0 893 739 365|91.1 873 822 78.1|68.1 533 221 89 |702 602 52.6 44.1
ELR (Uns-CL init.) 944 930 883 862950 947 944 933|762 719 57.9 408|772 755 743 704
MOIT+ [ /1] 04.1 91.8 81.1 747|942 943 943 933[759 70.6 47.6 41.8|77.4 764 75.1 74.0
Sel-CL+ 955 939 892 819|956 952 945 934|765 724 59.6 48.8|78.7 77.5 76.4 742
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' Ablation Study and Discussions

Table 7. Comparison with different warm-up methods in the test
accuracy (%) of Sel-CL+.

Dataset CIFAR-10 CIFAR-100
Noise type Sym. Asym. Sym. Asym.
Noise rate 20% | 90% | 40% | 20% | 90% | 40%
Uns-CL[7] | 955 | 81.9 | 934 | 76.5 | 488 | 74.2
Sup-CL [27] | 955 | 81.6 | 934 | 76.8 | 51.4 | 745

Table 6. Ablation study for Sel-CL and Sel-CL+ on CIFAR-100.
The best results are in bold.

Methods Sym. 20% | Asym. 40% . )
Sel-CL w/o Mixup Data Aug. | 70.3/70.6 | 64.2/66.2 Discussions on warm-up methods.
Sel-CL w/o MOCO Trick 73.3/74.1 69.2/71.5
Sel-CL w/o Selection 67.2/68.9 49 9/68.7 Table 8. Comparison with using different fine-tuning methods in
Sel-CL w/o Classfier Learning /690 /702 the test accuracy (%). The best results are in bold.
Sel-CL w/o £5M 74.5/749 | 71.8/72.5 Datasel CIFAR-10 | CIFAR-100
Sel-CL 74.9/75.4 72.0/72.7 Noise type Sym. | Asym. | Sym. | Asym.
Sel-CL+ w/ Strong Data Aug. 74.5 72.7 Noise rate 20% | 40% | 20% | 40%
Sel-CL+ w/o Retraining Cls. 76.4 73.4 DivideMix [30] 95.7 | 92.1 | 76.9  53.8
Sel-CL+ 76.5 74.2 ELR+ [1/] 246 | 230 | 775 | 722
DivideMix (Uns-CL init.) [05] | 96.2 | 90.8 | 783 | 52.9
. ELR+ (Uns-CL 1nit.) [65] 94.8 94.3 71.7 72.3
Ablation study DivideMix (Sel-CL init) 963 | 916 | 787 | 552
ELR+ (Sel-CL init.) 95.2 9.6 | 77.7 72.9

Discussions on fine-tuning methods




THANKS



