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Introduction

Does CIFAR contain noisy labels?
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Introduction

Noisy labels exist even in CIFAR-10!

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) 

CIFAR-10, Krizhevsky & Hinton, 2009
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Introduction

Noisy labels are devastating

• Memorizing of noisy labels

• Poor generalization performance

Zhang et al., 2017
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Cross-validation
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Cross-validation
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Training

CIFAR10
• Random flipping original labels

• Testing on the clean test set

Table 1. Test accuracy

Test accuracy during training
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Training

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.
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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 (GNNs)

• Predicting properties of molecules

• 130,000+ molecules

• 12 properties
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THANK YOU!
pfchen@cse.cuhk.edu.hk
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