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Background

Performing controlled experiments on noisy data is essential in 
understanding deep learning across noise levels

previous research has only examined deep learning on controlled 
synthetic label noise

• An approach that works well on artificial noise may not work well on real-
world noise data sets



contribution

1. establish the first benchmark of controlled real-world label noise 
from the web

2. a simple but effective method to overcome both synthetic and real 
noisy labels

3. conduct the largest study into understanding deep neural networks 
trained on noisy labels across different noise levels, noise types, 
network architectures, and training settings



Background
The difference between synthetic label noise and real label noise
• images with noise from the web (or red noise) are more relevant (visually or semantically) to true 

positive images.
• synthetic noise (symmetric or asymmetric) is at class-level.
• images with noise from the web come from an open vocabulary outside the class vocabulary of Mini-

ImageNet or Stanford Cars.



benchmark

Dataset Construction

• Based on Mini-ImageNet and Stanford Cars

• Replace clean training images in the original data set with mislabeled Web images



MentorMix

Mentornet

• noise labels get low weight, while clean labels get high weight

• MentorNet can be seen as a function. The input is the historical information of the loss generated by 
the current batch sample, and the output is the weight calculated according to the loss information



MentorMix

Mixup



MentorMix



MentorMix

• step2-4:weight
• step5-8:sample
• step9-12:mixup
• step14 :weight



Experiment

Setting
• training dataset split into 10 noise levels (0%->80%),clean validation dataset
• blue label noise(synthetic) red label noise(web)
• training from scratch and fine-tuning

Comparision with baseline



Experiment

Comparision with SOTA



Understanding

DNNs generalize much better on red label noise



Understanding

DNNs may not learn patterns first on red label noise



Understanding

ImageNet architectures generalize on noisy labels when the networks are fine-tuned



Thanks


