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Class Imbalanced Learning

1.Re-sampling:
Under-sampling:   RUS,  ENN

Over-sampling:   SMOTE,  ADASYN

2.Re-weighting:   Focal-Loss,  Effective Numbers,  LDAM

3.Ensemble:   SMOTEBoost,  EasyEnsemble & BalanceCascade

4.Transfer learning:   OLTR,  Range-Loss,  FTL

5.Metric learning:  Contrastive-Learning

6.Decoupling:   BBN,  Classifier-Balancing

7.Meta-Learning:   Meta-Weight-Net
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Motivation – “the value of labels”

• Positive:  Imbalanced labels are indeed valuable. Extra unlabeled 
data benefits imbalanced learning (Semi-supervised Manner)

• Negative:  Imbalanced labels naturally impose “label bias” during 
learning, where the decision boundary can be significantly driven 
by the majority classes. (Self-supervised Manner)

How to maximally exploit the value of labels to improve class-
imbalanced learning?
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Imbalanced Learning with Unlabeled Data

A mixture of two Gaussians (µ1 > µ2): 

The optimal Bayes’s classifier:

Target:

Base classifier trained on imbalanced data:

Imbalance in accuracy:

Pseudo-label is positive/negative
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Imbalanced Learning with Unlabeled Data

Interpretation.
• Training data imbalance affects the accuracy of our estimations

• Unlabeled data imbalance affects the probability of obtaining such 
a good estimation.
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Semi-Supervised Imbalanced Learning Framework

Loss function:
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Semi-Supervised Imbalanced Learning Framework
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Semi-Supervised Imbalanced Learning Framework
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Imbalanced Learning from Self-Supervision

A mixture of two Gaussians (µ1 = µ2): 

Linear classifiers:

Standard error probability: 

Learned representation:
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Imbalanced Learning from Self-Supervision

Interpretation.
• With high probability, we obtain a satisfying classifier fss(x), whose 

error probability decays exponentially on the dimension d.
• Training data imbalance affects our probability of obtaining such a 

satisfying classifier.



11

Self-Supervised Imbalanced Learning Framework
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Self-Supervised Imbalanced Learning Framework
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Self-Supervised Imbalanced Learning Framework
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Cumulative Learning
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Intuition

• Class re-balancing strategies is to significantly promote classifier 
learning but will unexpectedly damage the representative ability of 
the learned deep features.

• After re-balancing, the decision boundary tends to accurately 
classify the tail data. However, the intra-class distribution of each 
class becomes more separable.
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Intuition



17

BBN framework
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Algorithm

What are the solutions ?
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Experiments

What are the solutions ?
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Classification hardness

What are the solutions ?Definition:  We use the symbol H to denote the classification hardness 
function, where H can be any “decomposable” error function.

Advantages:  
• It fills the gap between the imbalance ratio and the task difficulty.
• The classification hardness also fills the gap between data sampling 

strategy and the classifiers’ capacity.



22

Self-paced Under-sampling

What are the solutions ?
Hardness Harmonize: We split all the majority samples into k bins according 
to their hardness values(H). Each bin indicates a specific hardness level. We 
then under-sample the majority instances into a balanced dataset by keeping 
the total hardness contribution in each bin as the same.

Majority samples

Bin1 Bin2 Bin3 Bin4 Bin5
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Self-paced Under-sampling

What are the solutions ?

We use Bℓ to denote the ℓ-th bin:
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Algorithm

What are the solutions ?



25

Experiments

What are the solutions ?



26

Experiments

What are the solutions ?
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