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Noisy Label Learning

 Phenomena
• Real-world datasets contain erroneously labeled data samples. 
• Well-labeled data is usually expensive.
• Learning from noisy labels significantly degrades DNNs’ performances.

 Problem
• How to train a robust model by using large-scale noisy data?



Noisy Label Learning

 Loss correction
• Estimate noise transition matrix.
• Self-training with pseudo-labels.
• Design noisy-tolerant loss functions.

 Example selection
 Small loss criterion: memorization effect illuminates that DNNs learn clean and 

simple patterns faster than noisy labels.
 Dual-network strategy: ease confirmation bias by trains two networks simultaneously 

and let them select examples for each other.



Motivation

 The one-dimensional loss is an over-simplified metric that fails to accommodate the 
complex feature landscape of various samples.

 Obtaining robust and consistent representation for samples across categories and 
subjects is difficulty in noisy label learning.



RankMatch

 Sample-selection via Confidence Voting (SCV)

• Basic confident samples:

• Reliable confident samples:

• Confident samples:



RankMatch

 Sample-selection via Confidence Voting (SCV)

• Confident Prototype Generation:

• Split the confident samples into 
K clusters:

• Confidence Voting:

• Clean set:



RankMatch

• For clean samples:

• For noisy samples with high prediction confidence:



RankMatch

• For hard-to-learn noisy samples: (Rank Contrastive Loss)
 Every convolution kernel filters out certain kinds of attributes in the input image. 
 Similar visual patterns are prone to activate the same representation channel of 

response maps produced by convolution layers. 
 The indices of feature elements rank ordered in accordance with their magnitudes, 

can serve as a metric for assessing the pairwise representations similarity.



RankMatch

• For hard-to-learn noisy samples: (Rank Contrastive Loss)

 Principal feature dimensions:  Similarity:

 Rank Contrastive Loss (binary cross-entropy loss):



RankMatch

• For hard-to-learn noisy samples: (Rank Contrastive Loss)

• Overall loss function:
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