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1. Introduction: Background

O The Generality and Impact of Label Noise

® Generality: Label noise are numerous and widespread.
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® Impact: Misguides the model training
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1. Introduction: Motivation

OO0 Troditional methods to deal with label noise

v" Methods: Robust Loss Functions, Regularization, Sample Weighting, Robust Architecture, or
Ensemble Methods

v Limitation: Discriminative paradigm

. . noisy label Y70 « « Y Yi—1 « «+ Y0 cleanlabel
O Generative perspective e I
v' Methods: Take the labels as the "'“'l'“l' :"I'I"l'l — 15535 R
diffusion objects and the image features A A e, T

as the conditionl information

v Limitation: Non-explicit Robustness - L L
Figure 1: Label denoising as a reverse noising process.
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2. Method: Directional Label Diffusion

We proposes a novel directional label diffusion (DLD) paradigm to expand the diffusion
model into a robust classifier that explicitly accommodates more noise knowledge.
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2. Method: Directional Label Diffusion

® Forward Process

A new forward process containing
label noise information
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2. Method: Directional Label Diffusion I ¥

® Reverse Process
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2. Method: Directional Label Diffusion
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® Pre-correction Method and DLLD Model

Label Pre-correction for

i if z € Dg,
P(yo | y,z) = argmax (pys) ifx € Dy,
Puws il € Dy

Estimate Noise Distribution for

0 if z € Dg,

Py | 52) =1 ¥ if x € Dy,
Pw—ps| if z € Dyg.
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3. Experiments

[0 Diverse baselines ® Test accuracy
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v CO_teaChlng Table 1. Classification accuracies (%) of CIFAR datasets under different levels of IDN.
v GCE CIFAR-10 CIFAR-100
Method
v D AC 20% 40% 60% 20% 40% 60%
v SEAL Co-teaching [17] 87.28+0.20 78.72+0.47 62.51+1.98 69.26+0.39 59.53+0.57 46.80+0.51
GCE [61] 86.44+0.23 76.71+0.39 60.76+3.08 68.24+0.27 55.76+1.18 46.75+2.46
v NCR DAC [45] 86.16£0.13 74.80+£0.32 59.97+0.90 68.70+0.78 55.71+£1.01 46.294+3.35
DMI [54] 86.57+0.16 77.81+0.85 69.94+1.31 68.71+1.21 57.994+0.92 50.96+2.08
v DISC SEAL [6] 87.79+0.09 82.98+0.05 70.07+1.54 70.61£0.19 61.184+0.35 51.86+1.32
NCR [22 87.74=0.15 83.03+0.21 69.44+1.01 70.68+0.37 61.934+0.54 49.13x2.77
v LRA-diffusion CC+DivideMix [62] 88.36+0.11 84.18+0.40 71.52+1.73 70.09+0.19 64.354+0.35 53.20+0.66
DISC [31] 90.68+0.10 85.61+0.32 73.59+1.13 71.4940.13 64.461+0.29 53.62+0.51
v EPL LRA-diffusion+ResNet [4] 89.9440.15 86.731+0.37 74.66+1.02 72.351+0.14 65.554+0.30 54.43+0.53
| DLD+ResNet (Ours) 90.43+0.12 87.17+0.29 76.07+1.10 72.60+0.15 66.5940.31 55.72-+0.24]
Vo EPL+ViT [26] 95.95+0.17 93.01+0.33 76.16+1.18 72.24+40.12 67.204+0.20 55.594-0.13
D Evaluation metl‘iCS LRA-diffusion+ViT [4] 96.65+0.18 93.68+0.34 78.12+1.17 73.59+0.13 67.674+0.21 57.21+0.12
DLD+ViT (Ours) 96.98+-0.12 96.49+0.07 83.14+0.81 78.62+0.11 76.03+0.14 69.57+0.17

v" Test accuracy
v" Label pre-correction accuracy



3. Experimental Results

® Label pre-correction accuracy

v" Results on Noisy CIFAR-10:

Label Accuracy (%)
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3. Experimental Results

Results on Real-world Noisy Datasets:

Table 2. Classification accur Table 4.  Classification accuracies (%) on WebVision and

ILSVRC2012 datasets. -acies (%) on Clothing IM.
Method -
Method WebVision ILSVRC12 Accuracy

CE [35] Co-teaching [17] 63.58 61.48 69.21
GCE [61] DivideMix [28] 77.32 75.20 72.46
NCT [8] ELR [33] 77.78 70.29 74.76
DISC [31] EPL [26] 78.77 76.51 75.40
SSR [14] C2D [63] 79.42 78.57 74.79
LRA-diffusion [4] CC [62] 79.36 76.08 75.21
J-ViT [9] DISC [31] 80.28 77.44 14.46
DLD (Ours) LRA-diffusion [4] 84.16 82.56 75.63

DLD (Ours) 84.51 83.74 75.69
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4. Conclusion

0 Propose dual diffusion architecture for LNL

\?} ) Design fast label pre-correction method

Main Contibutions @ Refine feature conditioning

a How to address LNL problem from a generative
perspective

O,

Recovering clean labels from feature with

Solved Problems @ explicit noise information
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