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Overview



Introduction



Motivations
•Ground Truth Labels vs. Noisy Labels

Many data collection processes yield noisy labels

•High number of parameters allows for many degrees of freedom in 
the model

•DNNs tend to learn simple patterns first, but fit to noise as the 
number of epochs grows

DNNs have a high capacity to overfit to noisy labels



Current Approaches

Estimating the noise transition matrix 
and integrating it into the model
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Training on selected samples (selecting 
‘clean’ instances from the noisy ones)
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The paper identifies two main approaches to training under noisy labels:



• Novel approach named ‘co-teaching’
• Performs well under extreme label 

noise

• Tested on noisy versions of MNIST, 
CIFAR-10, and CIFAR-100 

• Flexible: no need to combine with 
specific network architectures

• Doesn’t require pre-training

Contributions



Methodology



Label Corruption

Manual corruption of the 
datasets is performed 
using two types of noise 
transformation matrices:

1. Pair Flipping – Flipping 
that simulates fine-
grained noise

2. Symmetry Flipping – All 
labels have equal 
probability of being 
flipped



Label Corruption (Cont’d)

Method Noise Rate Rationale

Pair Flipping 45% Almost half of instances have noisy labels. Simulates 

erroneous labels which are similar to true labels. 

Symmetry 50% Half of instances have noisy labels. 

Symmetry 20% Verify the robustness of co-teaching in a low-level 

noise scenario. 



Co-Teaching 
Method



Co-Teaching Method (Cont’d)

Notes:

τ = 1 − ϵ*

Tk = 10*

* Updated in most 
recent revision



Baseline Comparisons

Criteria Description

Large Class Can deal with a large number of classes

Heavy Noise Can combat heavy noise (i.e., high noise ratio) 

Flexibility Need not combine with specific network architecture

No Pre-Train Can be trained from scratch



Implementation

• Implemented with default 
parameters in PyTorch

• 9 convolutional layers with 
max pooling and dropout

• Adam optimizer
• Momentum = 0.9

• Learning rate = 0.001

• Batch size = 128

• Epochs = 200



Results



MNIST



MNIST (Cont’d)



CIFAR-10



CIFAR-100



Discussion



Conclusions

The co-teaching method outperforms 
baseline methods in terms of accuracy.

Co-teaching still performs competitively in 
the low-noise (usually 2nd or 3rd  best 
accuracy)

Similar to MentorNet, Co-teaching greatly 
improves the label precision (training 
labels more closely match ground truth)



Critiques

Lack of task diversity

Lack of theoretical development

Only two techniques for handling heavy 
noise are compared

Arbitrary selection of τ, ϵ, and Tk values 
(addressed in latest revision)

Data corruption scenarios (selection of 
method and ϵ) also arbitrary



Thanks! Any questions?


