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Class Imbalanced Learning

• Why we never heard about class imbalance problem in ML before?

MS-COCO (Object Detection & Instance Segmentation)

Lin, Tsung-Yi, et al. "Microsoft coco: Common objects in context." ECCV. Springer, Cham, 2014.

ImageNet (Image Classification)

Deng, Jia, et al. "Imagenet: A large-scale hierarchical image database." 2009 IEEE CVPR. 2009.
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Class Imbalanced Learning

• Why we never heard about class imbalance problem in ML before?

It’s because the dataset we saw has already been balanced by the pre-processing in 
the data collection stage

ImageNet / MS-COCO

Collected 
Raw Data

Pre-Processing
Balanced Data



4

Limitation of Balanced Datasets

Data Frequency in Real-World Data Collection Cost Per Instance

• What’s the problem of balancing all the dataset?
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Long-Tailed Distribution

What is the long-tailed distribution?
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Sorted class index

Tail Classes (Most of the categories)
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• NLP → Zipf’s Law

• Economics → Pareto Principle

• Computer Vision
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Long-Tailed Classification

• The problem of long-tail datasets.
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Long-Tailed Classification

• The target of long-tail classification.
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Re-balancing(Re-Sampling/Re-Weighting)

• Re-Sampling

– Over-sampling for the tail categories.

– Under-sampling for the head categories.

Head Categories

Tail Categories

Under-sampling

Over-sampling
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• Drawbacks

– Over-fitting to the tail.

– Under-fitting to the head.

Train
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Re-balancing(Re-Sampling/Re-Weighting)

• Re-Weighting

– Weighting by inverse class frequency.

– Weighting by inverse square root of class frequency. 

How can we design a better class-balanced loss that is applicable to a diverse array of 
datasets with drastically different scale and imbalance ?
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• Drawbacks

– Over-fitting to the tail.

– Under-fitting to the head.



Paper 1

Class-Balanced Loss 
Based on Effective Number of Samples

CVPR 2019
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Motivations & Contributions

Motivations

• Re-weighting loss by inverse class frequency cannot perform well.

• There is information overlap among data.

• The benefit from data will diminish gradually.

Contributions

• A novel theoretical framework:

– To characterize data overlap.

– To calculate the effective number of samples.

• A class-balanced re-weighting term:

– Inversely proportional to the effective number 
of samples.
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Sampling Process

Feature space 𝒮 with volume of 𝑁

Previously sampled data

Newly sampled data with volume of 1

Overlapped (𝑝)

• A newly sampled data point

– Inside the set of previously  sampled data with the 
probability of 𝑝.

– Entirely outside with the probability of 1 − 𝑝.
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Effective Number

𝑛 is the number of samples

Proof. We prove the proposition by induction.

Step 1. If 𝑛 = 1, there is no overlapping. Therefore,  holds. 

Step 2. If 𝑛 − 1, assume holds.  

Then. 

The hyperparameter 𝛽 ∈ [0, 1) controls how fast 𝐸𝑛 grows as 𝑛 increase.
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Class-Balanced Loss

The Class-Balanced Loss is introduced a weighting factor that is inversely proportional 
to the effective number of samples.

No re-weighting

Re-weighting by inverse class frequency

By using hyperparameter 𝛽 to smoothly 
adjust the class-balanced term between 
no re-weighting and re-weighting by 
inverse class frequency. 
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Class-Balanced Loss

• Class-Balanced Softmax Cross-Entropy Loss:

• Class-Balanced Sigmoid Cross-Entropy Loss:

• Class-Balanced Focal Loss:
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Experimental Results

Visual Recognition on Long-Tailed CIFAR

• Class-Balanced loss significantly improve the performance of commonly used loss functions 
on long-tailed datasets.

• Sigmoid cross-entropy and focal loss are outperform softmax cross-entropy in most cases.
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Experimental Results

Visual Recognition on Long-Tailed CIFAR

• On CIFAR-10, class-balanced loss yields consistent improvement across different 𝛽 and the 
larger the 𝛽 is, the larger the improvement is.

• On CIFAR-100,  𝛽 = 0.9 or 𝛽 = 0.99 improves the original loss, whereas  a larger 𝛽 hurts 
the performance.
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Experimental Results

Visual Recognition on Large-Scale Datasets



Paper 2

CReST: A Class-Rebalancing Self-Training 
Framework for Imbalanced Semi-Supervised Learning

CVPR 2021
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Motivation

Bias of a FixMatch model on class-imbalanced data

Per-class recall and precision on CIFAR10-LT Per-class recall and precision on CIFAR100-LT

• The assumption that the performance of the head classes is better than that of the tail 
classes may be partially true.

• The model obtains high recall but low precision on head classes,  while obtaining low  
recall but high precision on tail classes.
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Problem setup and notations

• Labeled set:

• Training examples: • Class labels: 

• The training examples in 𝒳 of class 𝑙:

• Assuming that the classes are sorted by index in descending order:  

• Unlabeled set:

• Imbalance ratio: • Label fraction:

• Given class-imbalanced sets 𝒳 and 𝒰, to learn a classifier:
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Self-training

Labeled Set 𝒳 Model
Pseudo-Labels 

෠𝒰
Unlabeled Set 

𝒰

Updating 
Labeled Set
𝒳′ = 𝒳 ∪ ෠𝒰

Step 1. The model is trained on labeled set to obtain a teacher model.

Step 2. The teacher model’s predictions are used to generate pseudo-labels       for 
unlabeled data       .

Step 3. Add the pseudo-labeled set                                        to label set, for the next 
generation. 
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Class-rebalancing self-training

Labeled Set 𝒳 Unlabeled Set 𝒰

Baseline SSL 
Algorithm

Model

Unlabeled Set 𝒰

Pseudo-Labels 
෠𝒰

Updating 
Labeled Set
𝒳′ = 𝒳 ∪ መ𝒮

Class-Rebalancing Sampling
መ𝒮 ⊂ ෠𝒰

Step 1. Use SSL algorithms to exploit 
both labeled and unlabeled data to get 
a better teacher model.

Step 3. Select a subset መ𝒮 ⊂ ෠𝒰 add to 
labeled set, for the next generation.

Class-Rebalancing Rule. The less frequent 
a class 𝑙 is, the more unlabeled samples 
that are predicted as class 𝑙 are include 
into the pseudo-labeled set መ𝒮. 
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Class-rebalancing self-training

• Unlabeled samples that are predicted as class 𝑙 are added to መ𝒮 as the rate of:

Where 𝛼 ≥ 0 tunes the sampling rate and thus the size of መ𝒮 . 

• For instance, assume that                and                          , then:

Keep all samples predicted as the most minority class.

Keep only 0.01𝛼 of samples predicted as the most majority class.
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Experimental Results on CIFAR10-LT

• Both labeled and unlabeled 
sets are class-imbalanced.

• Precision and Recall of a 
FixMatch model.

• The Proposed CReST and 
CReST+ improve the quality 
of pseudo-labels.

• The Proposed CReST and 
CReST+ improve the recall 
on balanced test set.
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Experimental Results



THANKS


