
Pure Noise to the Rescue of Insufficient Data:

Improving Imbalanced Classification by 

Training on Random Noise Images

ICML 2022



/16

Imbalanced Data
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1. Over-sampling

2. Re-weighting

3. Decoupled training

Solutions
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Main idea
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• Re-balances an imbalanced dataset with pure-noise images, in 

addition to oversampled natural images.



/16

Method
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1. How many noise images should be generated?

a) Compute mean and var. of each color channel 𝑙 ∈ {1,2,3}

b) Generate Gaussian noise

Class i Imbalanced ratio

2. How to generate?
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Method
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Since the noise images behave differently with the real images. A new 

batch normalization method is proposed to handle this problem.
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Experiments
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✓ Datasets

◼ TREC (Roth et al. 2002). 

◼ Movie review (Pang and Lee 2005).

◼ SST-2 (Socher et al. 2013).

✓ Baselines

◼ ERM : Directly train the network on the imbalanced dataset. 

◼ Oversampling : Oversampling the minority classes.

◼ ERM + AutoAugment: Employ auto-augmentation in training.

◼ Other SOTA.

✓ Implementation details

1. The proposed method is applied only on the last 15~30 epochs

2. 𝛿 is fixed as 1/3 , the experiments are repeated 4 times.
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Results
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Explanation
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• From a training point of view, oversampling with pure 
noise images increases the magnitude of minority 
gradient components.

• Although the pure noise does not contain discriminative 
information, it implies the class prior to the model.



Discovering and Explaining 

the Representation Bottleneck Of DNNs

ICLR 2022 (rating: 8/10/8/8)
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Preliminaries
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• 𝑣
• 𝑁 = {1, … , 𝑛}
• 𝑣(𝑁)

DNN

A set of n variables, e.g., an input image with n pixels

the network output of all input variables

Definition: m-order interaction 

where

Example: Given an image 𝑥, 𝑣(𝑥𝑆) can be implemented as any 

scalar output of the DNN 

It quantifies the marginal effects (the importance) of the variable 𝑗 that are 
changed by the presence or absence of the variable 𝑖, i.e., the collaboration 
between 𝑖, 𝑗 in a context S.
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Representation bottleneck
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Theoretical Analysis
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Control interactions of specific order
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• ℒ−(𝑟1, 𝑟2) usually could successfully penalize interactions of the [𝑟1𝑛, 𝑟2𝑛]-th orders 

• ℒ+(𝑟1, 𝑟2) could encourage interactions of the [𝑟1𝑛, 𝑟2𝑛]-th orders

where

Such that
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Empirical Studies
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The similar performance indicated that it was not necessary for a DNN to encode 

low-order interactions and high-order interactions to make inferences. Middle-

order interactions could also provide discriminative information.
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Empirical Studies
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• Normally trained DNN usually encoded local patterns

• High-order DNN encoded more structural information
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