
NIPS-2017



Contents

Introduction

Motivation

Method

Experiment



Introduction – GAN

Pdata(x)

GAN
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Introduction — SSL-GAN

Semi-Surprised Learning

x x,y

Self training

Generative model

semi-supervised GAN[1]

The unsupervised loss requires C/D to put the synthetic data from 
generator x ~ Pg(x) into the (K + 1)th class, while putting the unlabeled 
data x ~ Pu(x)into the real K classes. 

[1]Improved techniques for training gans. In Advances in neural information processing systems, 2016.



Motivation

The generator and the discriminator (i.e. the classifier) may not be optimal 
at the same time.

The generator cannot control the semantics of the generated samples. 

G is optimal: P(x) = Pg(x)   Sample: x ~ Pg(x)

• Identify x as a fake sample with non-zero probabilityD:

• predict the correct class of x confidently since x ∼ p(x)

D has two incompatible convergence points

Specifically, the discriminators in take a single data instead of a data-label pair as input and the label 
information is totally ignored when justifying whether a sample is real or fake.

Conditional GAN



Method

Triple-GAN

Pc(x, y) = P(x) Pc(y|x) Pg(x, y) = P(y) Pg(x|y)

• p(x) is the empirical distribution of inputs

• p(y) is assumed same to the distribution of 
labels on labeled data

positive samples

• The equilibrium indicates that if one of C and G tends to the data distribution, the other will 
also go towards the data distribution, which addresses the competing problem. 

p(x,y)=pg(x,y)=pc(x,y)p(x,y)=pg(x,y)=pc(x,y)

• p(x,y) = pg(x,y) = pc(x,y)

Object function：

α = 1/2

Pα(x, y) := (1 − α)Pg(x, y) + αPc(x, y) α = 1/2

• It achieves its equilibrium if and only if P(x, y) = (1 − α)Pg(x, y) + αPc(x, y)



Method

Standard supervised (cross-entropy)  loss RL：

Pseudo discriminative loss RP：
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