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Robust loss functions under label noise for deep neural networks

We call a loss function L symmetric if it satisfies, for some constant C



Proof 1 under symmetric noise

risk



Proof 2 under class-conditional noise

> 0 ≥ 0



GCE-Generalized Cross Entropy Loss for Training Deep Neural Networks with Noisy Labels

MAE is robust but underperform Cross Entropy

CIFAR-10(clean) CIFAR-100(clean)

where

q→0 q=1



SL/SCE-Symmetric Cross Entropy for Robust Learning with Noisy Labels

when

Clean targets

dist of true labels 

If given labels are noisy ? (q is not clean)

CIFAR-10 with
60% symmetric label noise.



Motivations

1. If a loss function satisfies symmetric condition, it is noise-robust under symmetric and class-
conditional condition

2. CE is non-robust but better for convergence, robust loss functions (at least MAE and RCE) 
suffer from underfitting

3. Combine CE and a robust loss function can make them benefit from each other

Is normalized loss term still robust?



Robust loss functions suffer from underfitting



Active Loss and Passive Loss

Only explictly optimize the target class

Besides explictly optimize other classes

A robust loss function with two complementary loss

Q1: complementary is necessary?

Q2: robust 𝐿𝐴𝑐𝑡𝑖𝑣𝑒 is necessary?



Experiments

Active + Passive:
NCE + RCE, NCE + MAE, NFL + RCE, NFL + MAE

Active + Active : 
NFL + NCE

Passive + Passive : 
MAE + RCE

Baselines:
CE, MAEUnder 60% symmetric noise



Experiments-Symmetric Noise



Experiments-Class-conditional Noise



Experiments-NGCE & real-world Noise



Learning from Noisy Labels with 
Complementary Loss Functions

AAAI 2021



Motivations

1. Cross entropy achieving good convergence but not robust (clean instances / easy instances)

2. Robust loss function suffers from underfitting (noisy instances / hard instances)

CIFAR-100 under 0.5 symmetric noise.



Learning with Complementary Losses

where

Easy instances

Hard instances

Pseudo labels

Model ensembling



Experiments(CIFAR-10)



Experiments(CIFAR-100)



Experiments

clothing1M

TinyImageNet


