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Introduction

Does CIFAR contain noisy labels?
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Introduction

Noisy labels exist even in CIFAR-10!

(f) cat
CIFAR-10, Krizhevsky & Hinton, 2009
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Introduction

Noisy labels are ubiquitous
* Online queries (Schroff et al., 2011; Divvala et al., 2014)
« Crowdsourcing (Yan et al., 2014; Chen et al., 2017)

(f) cat
CIFAR-10, Krizhevsky & Hinton, 2009
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Introduction

Noisy labels are devastating
« Memorizing of noisy labels
« Poor generalization performance
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Zhang et al., 2017
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Cross-validation

Test Accuracy Label Precision Label Recall
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Cross-validation

Test Accuracy Label Precision Label Recall
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Training
CIFAR10

« Random flipping original labels
« Testing on the clean test set

Table 1. Test accuracy | Fus
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Test accuracy during training
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WebVision

* Crawled from websites using the same 1000 concepts as ImageNet

« Containing real-world noisy labels

Table 2. Test accuracy on WebVision val. and ILSVRC2012 val.

Method WebVision Val. | ILSVRC2012 Val.
F-correction | 61.12(82.68) 57.36 (82.36)
Decoupling | 62.54 (84.74) H8.26 (82.26)
Co-teaching | 63.58 (85.20) 61.48 (84.70)
MentorNet | 63.00 (81.40) 57.80(79.92)

D2L 62.68 (84.00) |  57.80(81.36)
Ours 65.24 (85.34) 61.60 (84.98)
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Conclusion

A formal study of noisy labels

* Relationship of noise level and test accuracy
« Mitigating the impact of label noise

Future work

« Structured data (E.g., Graph)
« Social Networks
« Molecules
« Citation graphs

Alchemy Contest (Tencent, Quantum Lab)
« Graph Neural Networks (GNNSs)
* Predicting properties of molecules
« 130,000+ molecules
e 12 properties
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