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Problem Scenario

• DNNs need a large-scale training dataset，which can be 
collected by crowd-sourcing

• DNNs are prone to overfit noisy training data
• The target is to learn a robust K-class classifier f from a training 

dataset of images with noisy supervision



Related Works

• Reweigh training examples
• Assign important weights to examples with a high chance of being correct.
• An insufficient usage of training data.
• Need some prior knowledge on the noise ratio or the availability of an additional clean 

unbiased validation dataset, which is usually impractical

• Correction-based
• Estimating the noisy corruption matrix and correcting the labels
• It is often difficult to estimate the underlying noise corruption matrix when the number 

of classes is large
• There may not be an underlying ground truth corruption process but an open set of 

noisy labels in the real world



Variance-based Regularization

• Minimize the predictive variance

• The variance is estimated by the difference of predictions under 
perturbations ξ and ξ’

• The regularizer is an unbiased estimator of the Jacobian norm 
with bounded variance



The Estimator of RV



Unbiased Estimator of Jacobian

• A simplified version to analyze is to assume ξ, ξ’ are i.i.d. sampled 
from a Gaussian distribution

• The variance term implicitly estimates the Jacobian norm             
of the neural network

• By fifirst-order Taylor expansion, and let 



Unbiased Estimator of Jacobian
If we further take expectation over N samples of xi

Then we can prove that is an 

unbiased estimator of



Analyze the Reliability of this Estimator

• An estimator with low variance will give more confidence in its 
usage, which means more reliable.

• We first derive the variance of zTAz



Analyze the Reliability of this Estimator

• And then we derive the variance of by 

• And the law of total variance.

• Treat as y then we get



Experiments
-Input-agnostic uniform label noise

• a certain percentage η (0%, 20%, 40%,60%, 80%) of true labels on the 
training dataset are replaced by random labels through uniform 
sampling



Experiments
-Input-agnostic uniform label noise
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Experiments
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Experiments
-Class-dependent asymmetric label noise

• A more realistic and more challenging noise type than the uniform 
noise is to corrupt between the semantically similar classes.





Experiments
-Class-dependent asymmetric label noise



Experiments
-large-scale datasets

• ImageNet-2012 ： • WebVision ：



Experiments
-Hyper-parameter sensitivity analysis & Visualization
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