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Introduction

Success in Class Conditional GANs

• models to selectively generate images condition 
on the class label.

• stabilize GAN training, which is typically unstable, 
and improve image quality.

By incorporating class labels, it promote(to)



Motivation

When train cGAN on  noise labeled data…

Learn a clean label conditional distribution even when 
training labels are noisy.

Challenge:



Background: cGAN

Conditional adversarial loss

Maximize the loss to optimize 𝐷

Minimize the loss to optimize 𝐺



Background: ACGAN

Adversarial loss

𝐷/𝐶 and 𝐺 are optimized by 
minimizing ℒ𝐷/𝐶 and ℒ𝐺

Auxiliary classifier loss

Full objective



Problem and Idea

Problem statement

Assume class dependent noise in which each clean label 
ො𝑦 = 𝑖 is corrupted to a noisy label ෤𝑦 = 𝑗 with probability 
𝑝 ෤𝑦 = 𝑗 ො𝑦 = 𝑖 , independently of 𝑥.

where

Noise transition matrix: 𝑇𝑖,𝑗 = 𝑝 ෤𝑦 = 𝑗 ො𝑦 = 𝑖

Incorporate the noise transition model into ACGAN and cGAN.

Noise transition model



Model: rAC-GAN

The auxiliary loss is reformulated as:

Note: this formulation(called the forward correction) is 
often used in label-noise robust classification model.

noise label classifier

clean label classifier



Theoretical Analysis 

Minimizing ℒ𝑟𝐴𝐶
𝑟

Clean label classifier መ𝐶

Hence, 𝐺 is optimized using መ𝐶 rather than using ሚ𝐶

clean label classifier



Model: cGAN

When 𝑦𝑟 is noisy( ෤𝑦𝑟 is given), cGAN learns the 
noisy label  conditional generator 𝐺 𝑧, ෤𝑦𝑔

𝐺 𝑧, ො𝑦𝑔

Sample ෤𝑦𝑔 from ෤𝑦𝑔 ∼ 𝑝 ෤𝑦 ො𝑦𝑟 and refine the 
above equation as:  

clean

clean



Theoretical Analysis 

In an optimal condition, the following theorem hold.

This supports the idea that, in an optimal condition, 
rcGAN learns 𝐺 𝑧, ො𝑦 such that 𝑝𝑔 𝑥, ො𝑦 = 𝑝𝑟 𝑥, ො𝑦 .



Theoretical Analysis 

The optimal discriminator 𝐷 for fixed 𝐺 is

Then 𝐺 is optimal if and only if Label corruption occurs with 𝑝 ෤𝑦 ො𝑦 , 
independently of 𝑥

When there is a unique probability 
distribution 𝑝 ො𝑦 that induces the 
distribution 𝑝 ෤𝑦 , 𝑝𝑔 𝑥, ො𝑦 = 𝑝𝑟 𝑥, ො𝑦



Experiment

Dataset:  CIFAR10 and CIFAR100

Asymmetric(class-dependent) noise: Ground truth labels are flipped 
with probability 𝜇 by mimicking real mistakes between similar classes.

GAN configurations: DCGAN, WGAN-GP, CT-GAN and SNGAN

Evaluation metrics: FID, gan-Test and gan-Train
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