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I Introduction

Success in Class Conditional GANs
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It requires larg ed data

gccurate class-labe

By incorporating class labels, it promote(to)

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

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



I Motivation

When train cGAN on noise labeled data...

Real (observable)

(b) Noisy labeled data (c) cGAN trained with (b)
Flipped with probability 0.5 [Baseline]

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



I Background: cGAN

Conditional adversarial loss .
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Maximize the loss to optimize D

Minimize the loss to optimize G
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(d) cGAN discriminator



I Background: ACGAN

Adversarial loss
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Auxiliary classifier loss
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D/C and G are optimized by
minimizing Lp,c and L;
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I Problem and Idea
Problem statement

Assume class dependent noise in which each clean label
y =i 1s corrupted to a noisy label j = j with probability
p(¥ = j|y = i), independently of x.

Noise transition model
Noise transition matrix: T; ; = p(§ = j|9 = i)

where T' = (1; ;) € [0,1]**“ (32, T3, = 1)

Incorporate the noise transition model into ACGAN and cGAN.



I Model: rAC-GAN

The auxiliary loss is reformulated as:
noise label classifier
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(c) rAC-GAN discriminator

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



I Theoretical Analysis

Theorem 1. When 1" is nonsingular,

argin Egr grypr (2,g)[— 108 ZTQ - C (3 = i]z")
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Minimizing £}, === (Clean label classifier ¢

Hence, G is optimized using € rather than using C
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I Model: cGAN
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+ Ezp(z),ysmp)log(l — D(G(2,y7),y7))] =
When y™ is noisy(5" is given), cGAN learns the p(°19
noisy label conditional generatorla_(z_zﬁh—» G(z,99)
clean
Sample $9 from $9 ~ p(¥]|9") and refine the (e) rcGAN discriminator

above equation as:
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I Theoretical Analysis

In an optimal condition, the following theorem hold.

Theorem 2. When there is a unique probability distribution
p(y) that induces the distribution p(y), G is optimal if and
only if p?(x,7) = p"(x. 7).

This supports the idea that, in an optimal condition,
rcGAN learns G(z,7) such that p9(x,9) = p"(x, ).



I Theoretical Analysis

p"(x, 1)
pr(x,y) +pi(x,y)

The optimal discriminator D for fixed G is D(x.y) =

Then G is optimal if and only if Label corruption occurs with p(7(9),
independently of x
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I Experiment

Dataset: CIFAR10 and CIFAR100

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

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

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



I Experiment

[~~~ AC-GAN ——AC-GAN = cGAN —— rcGAN |

DCGAN WGAN-GP CT-GAN SMN-GAN DCGAN WGAN-GP CT-GAN SN-GAN
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(b) CIFAR-10 (asymmetric noise)
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(a) CIFAR-10 (symmetric noise)



I Experiment
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(c) CIFAR-100 (symmetric noise) (d) CIFAR-100 (asymmetnc noise)

Model Metric CIFAR-10 (symmetric noise) CIFAR-10 {asymmetric noise) CIFAR-100 (symmetric noise) CIFAR-100 (asymmetric noise)

0.1 0.3 0.5 0.7 0.9 0.1 0.3 05 07 09 0.1 0.3 0.5 07 09 | 01 0.3 0.5 0.7 09
FID | 109 114 11.3 115 130|108 102 102 104 110|197 193 177 173 185|194 193 197 188 19.0

rAC-CT-GAN | IntraFID | | 287 3L0 30.1 3.7 389 | 285 274 312 350 368 - - - - - - - - - -
with T GAN-testT | 95.3 932 920 877 704|949 929 852 785 766 | 766 67.1 681 10 25 741 689 287 7.2 2.2
GAN-traint | 787 759 769 737 634 (798 795 740 691 673|212 214 233 Lo 23 |19.1 199 107 5.5 3.9
FID | 107 119 124 121 150 ( 108 108 11.0 109 11.3 | 143 166 17.5 200 198 ) 138 141 147 147 139

rcSN-GAN IntraFID | | 255 294 294 297 874 (257 260 287 326 339 - - - - - - - - - -
with T GAN-testT | B5.3 790 848 B8B28 159 | 866 872 840 749 712|534 366 IMT 10 1.7 | 65.0 630 324 78 38
GAN-traint | 80.7 781 774 756 150 805 790 757 693 657|401 328 3.3 1.0 1.8 | 41.7 3.3 201 61 39




I Experiment
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(a) CIFAR-10 (symmetric noise)
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