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Today’s Topic

• Generative Adversarial Network
• Math
• Techniques

• Extensions, Variants and Applications
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Generative Models (Recap)

• Goal: learn 𝑝𝑝(𝑥𝑥; 𝜃𝜃)

• Energy-Based Model
• 𝑝𝑝 𝑥𝑥; 𝜃𝜃 = 1

𝑍𝑍
exp(−𝐸𝐸(𝑥𝑥; 𝜃𝜃))

• General representation + non-trivial sampling for both training and inference

• Variational Autoencoder (VAE)
• Latent Variable Model: 𝑝𝑝 𝑥𝑥, 𝑧𝑧 = 𝑝𝑝 𝑧𝑧 𝑝𝑝(𝑥𝑥|𝑧𝑧)
• Evidence Lower Bound (ELBO) and Variational Inference

𝐽𝐽 𝜃𝜃,𝜙𝜙; 𝑥𝑥 = 𝐸𝐸𝑧𝑧~𝑞𝑞(𝑧𝑧|𝑥𝑥;𝜙𝜙) log 𝑝𝑝(𝑥𝑥|𝑧𝑧; 𝜃𝜃) − 𝐾𝐾𝐾𝐾(𝑞𝑞(𝑧𝑧|𝑥𝑥;𝜙𝜙)||𝑝𝑝(𝑧𝑧))
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Generative Model

• Variational Autoencoder
• Pros

• Flexible and stable training
• Nice mathematical properties (ELBO) for inference

• Cons
• Approximate inference
• Mode collapse and due to KL objective
• Blurry samples due to Gaussian parameterization

• Core challenge: approximate 𝑝𝑝(𝑥𝑥) for MLE training
• Why do we even care about the density function 𝑝𝑝 𝑥𝑥 ?

• We just need a function 𝑔𝑔(⋅) that can produce good samples!
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Implicit Generative Model

• Goal: a sampler 𝑔𝑔(⋅) to generate images
• A simple generator 𝑔𝑔(𝑧𝑧; 𝜃𝜃)

• 𝑧𝑧~𝑁𝑁(0, 𝐼𝐼)
• 𝑥𝑥 = 𝑔𝑔(𝑧𝑧; 𝜃𝜃)

• Likelihood-free learning
• Goal: 𝑔𝑔 𝑧𝑧; 𝜃𝜃 ≈ 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
• Idea: minimize 𝐷𝐷(𝑔𝑔 𝑧𝑧; 𝜃𝜃 ,𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑)

• 𝐷𝐷 is some distance metric 
• 𝐷𝐷 does not involve likelihood
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Implicit Generative Model

• Choose a distance measure 𝐷𝐷
• Goal: choose 𝐷𝐷(𝑥𝑥) for 𝑥𝑥 = 𝑔𝑔(𝑧𝑧; 𝜃𝜃)
• Intuition: 𝐷𝐷(𝑥𝑥) measures how close 𝑥𝑥 is to training images
• Natural choice: a discriminative model 𝑝𝑝(𝑦𝑦|𝑥𝑥)!

• Objective 𝐾𝐾 𝜃𝜃 = 𝑝𝑝(𝑦𝑦|𝑔𝑔(𝑧𝑧;𝜃𝜃))
• Learning generative models via discriminative approaches (Zhuowen Tu, 

CVPR2007)

Deep Learning?
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Implicit Generative Model

• Choose a distance measure 𝐷𝐷
• Goal: choose a differentiable 𝐷𝐷(𝑥𝑥;𝜙𝜙) for 𝑔𝑔(𝑧𝑧; 𝜃𝜃)
• Objective 𝐾𝐾 𝜃𝜃 = 𝐷𝐷(𝑔𝑔 𝑧𝑧;𝜃𝜃 ;𝜙𝜙)

• We can optimize 𝜃𝜃 by gradient descent
• How to get 𝜙𝜙 ?

• Goal: 𝐷𝐷(𝑥𝑥;𝜙𝜙) how likely 𝑥𝑥 is from 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
• A binary classification problem!

• 𝐷𝐷 𝑥𝑥;𝜙𝜙 = 1: 𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
• 𝐷𝐷 𝑥𝑥;𝜙𝜙 = 0: 𝑥𝑥 not from 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
• Let’s train a neural classifier!

• How to choose the negative samples?
• Random samples are too easy …
• We have a generator! (negative samples)
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Implicit Generative Model

• Choose a distance measure 𝐷𝐷
• Goal: choose a differentiable 𝐷𝐷(𝑥𝑥;𝜙𝜙) for 𝑔𝑔(𝑧𝑧; 𝜃𝜃)
• Objective 𝐾𝐾 𝜃𝜃 = 𝐷𝐷(𝑔𝑔 𝑧𝑧;𝜃𝜃 ;𝜙𝜙)
• Train a neural classifier 𝐷𝐷(𝑥𝑥;𝜙𝜙)

• Binary classification: 𝐷𝐷(𝑥𝑥;𝜙𝜙) how likely 𝑥𝑥 is from 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
• 𝐷𝐷 𝑥𝑥;𝜙𝜙 : 𝑥𝑥 → [0,1] (logistic regression)
• Training data (𝑥𝑥, 1)|𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ∪ ( �𝑥𝑥, 0)| �𝑥𝑥~𝑔𝑔(𝑧𝑧; 𝜃𝜃)

• 𝑔𝑔(𝑧𝑧; 𝜃𝜃) to sample negative samples
• MLE learning

𝐾𝐾 𝜙𝜙 = 𝐸𝐸𝑥𝑥 log𝐷𝐷 𝑥𝑥;𝜙𝜙 + 𝐸𝐸�𝑥𝑥[log 1 − 𝐷𝐷 �𝑥𝑥;𝜙𝜙

• Overall objective
• 𝜃𝜃⋆ = max

𝜃𝜃
𝐷𝐷(𝑔𝑔 𝑧𝑧;𝜃𝜃 ;𝜙𝜙)

• 𝜙𝜙⋆ = max
𝜙𝜙

𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 log𝐷𝐷 𝑥𝑥;𝜙𝜙 + 𝐸𝐸�𝑥𝑥~𝑔𝑔 log 1 − 𝐷𝐷( �𝑥𝑥;𝜙𝜙)
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Implicit Generative Model

• Choose a distance measure 𝐷𝐷
• Goal: choose a differentiable 𝐷𝐷(𝑥𝑥;𝜙𝜙) for 𝑔𝑔(𝑧𝑧; 𝜃𝜃)
• Objective 𝐾𝐾 𝜃𝜃 = 𝐷𝐷(𝑔𝑔 𝑧𝑧;𝜃𝜃 ;𝜙𝜙)
• Train a neural classifier 𝐷𝐷(𝑥𝑥;𝜙𝜙)

• Binary classification: 𝐷𝐷(𝑥𝑥;𝜙𝜙) how likely 𝑥𝑥 is from 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
• 𝐷𝐷 𝑥𝑥;𝜙𝜙 : 𝑥𝑥 → [0,1] (logistic regression)
• Training data (𝑥𝑥, 1)|𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ∪ ( �𝑥𝑥, 0)| �𝑥𝑥~𝑔𝑔(𝑧𝑧; 𝜃𝜃)

• 𝑔𝑔(𝑧𝑧; 𝜃𝜃) to sample negative samples
• MLE learning

𝐾𝐾 𝜙𝜙 = 𝐸𝐸𝑥𝑥 log𝐷𝐷 𝑥𝑥;𝜙𝜙 + 𝐸𝐸�𝑥𝑥[log 1 − 𝐷𝐷 �𝑥𝑥;𝜙𝜙

• Overall objective
• 𝜃𝜃⋆ = max

𝜃𝜃
𝐷𝐷(𝑔𝑔 𝑧𝑧;𝜃𝜃 ;𝜙𝜙)

• 𝜙𝜙⋆ = max
𝜙𝜙

𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 log𝐷𝐷 𝑥𝑥;𝜙𝜙 + 𝐸𝐸�𝑥𝑥~𝑔𝑔 log 1 − 𝐷𝐷( �𝑥𝑥;𝜙𝜙)
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Implicit Generative Model

• Choose a distance measure 𝐷𝐷
• Goal: choose a differentiable 𝐷𝐷(𝑥𝑥;𝜙𝜙) for 𝑔𝑔(𝑧𝑧; 𝜃𝜃)
• Objective 𝐾𝐾 𝜃𝜃 = 𝐷𝐷(𝑔𝑔 𝑧𝑧;𝜃𝜃 ;𝜙𝜙)
• Train a neural classifier 𝐷𝐷(𝑥𝑥;𝜙𝜙)

• Binary classification: 𝐷𝐷(𝑥𝑥;𝜙𝜙) how likely 𝑥𝑥 is from 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
• 𝐷𝐷 𝑥𝑥;𝜙𝜙 : 𝑥𝑥 → [0,1] (logistic regression)
• Training data (𝑥𝑥, 1)|𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ∪ ( �𝑥𝑥, 0)| �𝑥𝑥~𝑔𝑔(𝑧𝑧; 𝜃𝜃)

• 𝑔𝑔(𝑧𝑧; 𝜃𝜃) to sample negative samples
• MLE learning

𝐾𝐾 𝜙𝜙 = 𝐸𝐸𝑥𝑥 log𝐷𝐷 𝑥𝑥;𝜙𝜙 + 𝐸𝐸�𝑥𝑥[log 1 − 𝐷𝐷 �𝑥𝑥;𝜙𝜙

• Overall objective
• 𝜃𝜃⋆ = max

𝜃𝜃
𝐷𝐷(𝑔𝑔 𝑧𝑧;𝜃𝜃 ;𝜙𝜙) = min

𝜃𝜃
1 − 𝐷𝐷(𝑔𝑔 𝑧𝑧;𝜃𝜃 ;𝜙𝜙)

• 𝜙𝜙⋆ = max
𝜙𝜙

𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 log𝐷𝐷 𝑥𝑥;𝜙𝜙 + 𝐸𝐸�𝑥𝑥~𝑔𝑔 log 1 − 𝐷𝐷( �𝑥𝑥;𝜙𝜙)
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Generative Adversarial Network

• GAN (Ian Goodfellow et al, NIPS 2014)
• 79k citations, NeurIPS 2024 test-of-time award
• Generator 𝐺𝐺(𝑧𝑧;𝜃𝜃) (𝑧𝑧~𝑝𝑝 𝑧𝑧 = 𝑁𝑁(0, 𝐼𝐼))

• generate realistic images
• Discriminator 𝐷𝐷(𝑥𝑥;𝜙𝜙)

• Classify the data is from 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 or 𝐺𝐺
• Objective

𝐾𝐾 𝜃𝜃,𝜙𝜙 = min
𝜃𝜃

max
𝜙𝜙

𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 log𝐷𝐷 𝑥𝑥;𝜙𝜙 + 𝐸𝐸�𝑥𝑥~𝐺𝐺[log 1 − 𝐷𝐷(�𝑥𝑥;𝜙𝜙) ]

• Training procedure
• Collect dataset (𝑥𝑥, 1)|𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ∪ (�𝑥𝑥, 0)|�𝑥𝑥~𝑔𝑔(𝑧𝑧;𝜃𝜃)
• Train discriminator 𝐷𝐷: 𝐾𝐾 𝜙𝜙 = 𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 log𝐷𝐷 𝑥𝑥;𝜙𝜙 + 𝐸𝐸�𝑥𝑥~𝐺𝐺[log 1 − 𝐷𝐷(�𝑥𝑥;𝜙𝜙) ]
• Train generator 𝐺𝐺: 𝐾𝐾 𝜙𝜙 = 𝐸𝐸𝑧𝑧~𝑝𝑝(𝑧𝑧) log𝐷𝐷(𝐺𝐺(𝑧𝑧;𝜃𝜃))
• Repeat 
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Generative Adversarial Network

• GAN (Ian Goodfellow et al, NIPS 2014)
• Generator 𝐺𝐺(𝑧𝑧;𝜃𝜃) & Discriminator 𝐷𝐷(𝑥𝑥;𝜙𝜙)

𝐾𝐾 𝜃𝜃,𝜙𝜙 = min
𝜃𝜃

max
𝜙𝜙

𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 log𝐷𝐷 𝑥𝑥;𝜙𝜙 + 𝐸𝐸�𝑥𝑥~𝐺𝐺[log 1 − 𝐷𝐷(�𝑥𝑥;𝜙𝜙) ]
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Generative Adversarial Network

• GAN (Ian Goodfellow et al, 2014)
• Generator 𝐺𝐺(𝑧𝑧;𝜃𝜃) & Discriminator 𝐷𝐷(𝑥𝑥;𝜙𝜙)

𝐾𝐾 𝜃𝜃,𝜙𝜙 = min
𝜃𝜃

max
𝜙𝜙

𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 log𝐷𝐷 𝑥𝑥;𝜙𝜙 + 𝐸𝐸�𝑥𝑥~𝐺𝐺[log 1 − 𝐷𝐷(�𝑥𝑥;𝜙𝜙) ]

Lecture 6, Deep Learning, 2025 Spring OpenPsi @ IIIS

3/18 Copyright @ IIIS, Tsinghua University 13

De
ep
 L
ea
rn
in
g,
 S
pr
in
g 
20
25
 

II
IS
, 
Ts
in
gh
ua
 U
ni
ve
rs
it
y



End of Class?

• No, this is far from the end of story 

• Let’s begin with the math behind GAN
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Generative Adversarial Network

• GAN Objective
𝐾𝐾 𝜃𝜃,𝜙𝜙 = min

𝜃𝜃
max
𝜙𝜙

𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 log𝐷𝐷 𝑥𝑥;𝜙𝜙 + 𝐸𝐸�𝑥𝑥~𝐺𝐺[log 1 − 𝐷𝐷( �𝑥𝑥;𝜙𝜙) ]

• Let’s Analyze the optimal solution 𝐷𝐷⋆ and 𝐺𝐺⋆ under 𝐾𝐾(𝜃𝜃,𝜙𝜙)
• Optimal 𝐷𝐷 𝑥𝑥;𝜙𝜙⋆  for 𝑥𝑥

𝐾𝐾 𝐷𝐷 = 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥 ⋅ log𝐷𝐷 + 𝑝𝑝𝐺𝐺 𝑥𝑥 log 1 − 𝐷𝐷
• Consider 𝜕𝜕𝜕𝜕

𝜕𝜕𝜕𝜕
= 0

• We have 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥
𝜕𝜕⋆

− 𝑝𝑝𝐺𝐺(𝑥𝑥)
1−𝜕𝜕⋆

= 0
• So 1 − 𝐷𝐷⋆ 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥 = 𝑃𝑃𝐺𝐺 𝑥𝑥 𝐷𝐷⋆

• 𝐷𝐷⋆ = 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥
𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥 +𝑝𝑝𝐺𝐺(𝑥𝑥)

• Remark: when having a perfect generator, 𝐷𝐷⋆ = 0.5
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Generative Adversarial Network

• GAN Objective
𝐾𝐾 𝜃𝜃,𝜙𝜙 = min

𝜃𝜃
max
𝜙𝜙

𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 log𝐷𝐷 𝑥𝑥;𝜙𝜙 + 𝐸𝐸�𝑥𝑥~𝐺𝐺[log 1 − 𝐷𝐷( �𝑥𝑥;𝜙𝜙) ]

• Optimal discriminator 𝐷𝐷 𝑥𝑥;𝜙𝜙⋆ = 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑥𝑥)/(𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥 + 𝑝𝑝𝐺𝐺(𝑥𝑥))
• Optimal generator 𝐺𝐺(𝑧𝑧;𝜃𝜃) with 𝜙𝜙⋆

• 𝐾𝐾 𝜃𝜃,𝜙𝜙 = 𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 log 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥
𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥 +𝑝𝑝𝐺𝐺 𝑥𝑥

+ 𝐸𝐸𝑥𝑥~𝑝𝑝𝐺𝐺 log 𝑝𝑝𝐺𝐺 𝑥𝑥
𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥 +𝑝𝑝𝐺𝐺(𝑥𝑥)
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Generative Adversarial Network

• GAN Objective
𝐾𝐾 𝜃𝜃,𝜙𝜙 = min

𝜃𝜃
max
𝜙𝜙

𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 log𝐷𝐷 𝑥𝑥;𝜙𝜙 + 𝐸𝐸�𝑥𝑥~𝐺𝐺[log 1 − 𝐷𝐷( �𝑥𝑥;𝜙𝜙) ]

• Optimal discriminator 𝐷𝐷 𝑥𝑥;𝜙𝜙⋆ = 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑥𝑥)/(𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥 + 𝑝𝑝𝐺𝐺(𝑥𝑥))
• Optimal generator 𝐺𝐺(𝑧𝑧;𝜃𝜃) with 𝜙𝜙⋆

• 𝐾𝐾 𝜃𝜃,𝜙𝜙 = 𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 log 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥
𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥 +𝑝𝑝𝐺𝐺 𝑥𝑥

+ 𝐸𝐸𝑥𝑥~𝑝𝑝𝐺𝐺 log 𝑝𝑝𝐺𝐺 𝑥𝑥
𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥 +𝑝𝑝𝐺𝐺(𝑥𝑥)

•  = 𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 log 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥
𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥 +𝑝𝑝𝐺𝐺 𝑥𝑥

2

+ 𝐸𝐸𝑥𝑥~𝑝𝑝𝐺𝐺 log 𝑝𝑝𝐺𝐺 𝑥𝑥
𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥 +𝑝𝑝𝐺𝐺(𝑥𝑥)

2

− log 4
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Generative Adversarial Network

• GAN Objective
𝐾𝐾 𝜃𝜃,𝜙𝜙 = min

𝜃𝜃
max
𝜙𝜙

𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 log𝐷𝐷 𝑥𝑥;𝜙𝜙 + 𝐸𝐸�𝑥𝑥~𝐺𝐺[log 1 − 𝐷𝐷( �𝑥𝑥;𝜙𝜙) ]

• Optimal discriminator 𝐷𝐷 𝑥𝑥;𝜙𝜙⋆ = 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑥𝑥)/(𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥 + 𝑝𝑝𝐺𝐺(𝑥𝑥))
• Optimal generator 𝐺𝐺(𝑧𝑧;𝜃𝜃) with 𝜙𝜙⋆

• 𝐾𝐾 𝜃𝜃,𝜙𝜙 = 𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 log 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥
𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥 +𝑝𝑝𝐺𝐺 𝑥𝑥

+ 𝐸𝐸𝑥𝑥~𝑝𝑝𝐺𝐺 log 𝑝𝑝𝐺𝐺 𝑥𝑥
𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥 +𝑝𝑝𝐺𝐺(𝑥𝑥)

•  = 𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 log 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥
𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥 +𝑝𝑝𝐺𝐺 𝑥𝑥

2

+ 𝐸𝐸𝑥𝑥~𝑝𝑝𝐺𝐺 log 𝑝𝑝𝐺𝐺 𝑥𝑥
𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥 +𝑝𝑝𝐺𝐺(𝑥𝑥)

2

− log 4

•  = 𝐾𝐾𝐾𝐾 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥 || 1
2

(𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 + 𝑝𝑝𝐺𝐺) + 𝐾𝐾𝐾𝐾 𝑝𝑝𝐺𝐺|| 1
2

(𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 + 𝑝𝑝𝐺𝐺) − log 4
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Generative Adversarial Network

• GAN Objective
𝐾𝐾 𝜃𝜃,𝜙𝜙 = min

𝜃𝜃
max
𝜙𝜙

𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 log𝐷𝐷 𝑥𝑥;𝜙𝜙 + 𝐸𝐸�𝑥𝑥~𝐺𝐺[log 1 − 𝐷𝐷( �𝑥𝑥;𝜙𝜙) ]

• Optimal discriminator 𝐷𝐷 𝑥𝑥;𝜙𝜙⋆ = 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑥𝑥)/(𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥 + 𝑝𝑝𝐺𝐺(𝑥𝑥))
• Optimal generator 𝐺𝐺(𝑧𝑧;𝜃𝜃) with 𝜙𝜙⋆

• 𝐾𝐾 𝜃𝜃,𝜙𝜙 = 𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 log 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥
𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥 +𝑝𝑝𝐺𝐺 𝑥𝑥

+ 𝐸𝐸𝑥𝑥~𝑝𝑝𝐺𝐺 log 𝑝𝑝𝐺𝐺 𝑥𝑥
𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥 +𝑝𝑝𝐺𝐺(𝑥𝑥)

•  = 𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 log 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥
𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥 +𝑝𝑝𝐺𝐺 𝑥𝑥

2

+ 𝐸𝐸𝑥𝑥~𝑝𝑝𝐺𝐺 log 𝑝𝑝𝐺𝐺 𝑥𝑥
𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥 +𝑝𝑝𝐺𝐺(𝑥𝑥)

2

− log 4

•  = 𝐾𝐾𝐾𝐾 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥 || 1
2

(𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 + 𝑝𝑝𝐺𝐺) + 𝐾𝐾𝐾𝐾 𝑝𝑝𝐺𝐺|| 1
2

(𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 + 𝑝𝑝𝐺𝐺) − log 4
• 2*Jenson-Shannon Divergence (JSD)
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Generative Adversarial Network

• Kullback–Leibler Divergence (Recap)
• 𝐾𝐾𝐾𝐾 𝑝𝑝||𝑞𝑞 = 𝐸𝐸𝑥𝑥~𝑝𝑝[log𝑝𝑝(𝑥𝑥)/𝑞𝑞(𝑥𝑥)]
• Asymmetric measure

• 𝐾𝐾𝐾𝐾 𝑝𝑝||𝑞𝑞  forward KL (inclusive)
• 𝐾𝐾𝐾𝐾 𝑞𝑞||𝑝𝑝  reverse KL (exclusive)

• Jensen-Shannon Divergence (JSD)
• 𝐽𝐽𝐽𝐽𝐷𝐷 𝑝𝑝||𝑞𝑞 = 1

2
𝐾𝐾𝐾𝐾 𝑝𝑝|| 1

2
(𝑝𝑝 + 𝑞𝑞) + 𝐾𝐾𝐾𝐾 𝑞𝑞|| 1

2
(𝑝𝑝 + 𝑞𝑞)

• Properties
• Symmetric: 𝐽𝐽𝐽𝐽𝐷𝐷 𝑝𝑝||𝑞𝑞 = 𝐽𝐽𝐽𝐽𝐷𝐷 𝑞𝑞||𝑝𝑝  
• 𝐽𝐽𝐽𝐽𝐷𝐷 𝑝𝑝||𝑞𝑞 ≥ 0 and 𝐽𝐽𝐽𝐽𝐷𝐷 𝑝𝑝||𝑞𝑞 = 0 iff 𝑝𝑝 = 𝑞𝑞
• Jenson-Shannon distance: 𝐽𝐽𝐽𝐽𝐷𝐷 𝑝𝑝||𝑞𝑞  satisfies triangular inequality
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Generative Adversarial Network

• GAN Objective
𝐾𝐾 𝜃𝜃,𝜙𝜙 = min

𝜃𝜃
max
𝜙𝜙

𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 log𝐷𝐷 𝑥𝑥;𝜙𝜙 + 𝐸𝐸�𝑥𝑥~𝐺𝐺[log 1 − 𝐷𝐷( �𝑥𝑥;𝜙𝜙) ]

• Optimal discriminator 𝐷𝐷 𝑥𝑥;𝜙𝜙⋆ = 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑥𝑥)/(𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥 + 𝑝𝑝𝐺𝐺(𝑥𝑥))
• Loss function with optimal discriminator

𝐾𝐾 𝜃𝜃 = 2𝐽𝐽𝐽𝐽𝐷𝐷 𝑝𝑝𝐺𝐺||𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 − log 4
• Global optimum

• 𝐺𝐺⋆ = 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
• 𝐾𝐾⋆ = − log 4
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Generative Adversarial Network

• Pros of GAN
• Likelihood-free learning
• Focus on generation
• Powerful loss function (neural net!)
• Flexible mathematical framework
• Connection to EBM, Game Theory (Minimax game between 𝐺𝐺 and 𝐷𝐷) and 

even RL (connection to actor-critic method)
• Further reading: https://arxiv.org/abs/1611.03852, https://arxiv.org/abs/1610.01945

• There is no free lunch!
• Cons

• evaluation; sample diversity & training instability
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Generative Adversarial Network

• Evaluation of GAN
• No 𝑝𝑝 𝑥𝑥  at all!

• Not possible for any likelihood-based evaluation
• Idea: use a trained neural classifier 𝑓𝑓(𝑦𝑦|𝑥𝑥)

• If 𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,𝑓𝑓(𝑦𝑦|𝑥𝑥) should have low entropy
• Otherwise, 𝑓𝑓(𝑦𝑦|𝑥𝑥) should be close to uniform

• Samples from 𝐺𝐺 should also vary! 
• 𝑝𝑝𝑓𝑓 𝑦𝑦 = 𝐸𝐸𝑥𝑥~𝐺𝐺 𝑓𝑓(𝑦𝑦|𝑥𝑥)  should be close to uniform
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Generative Adversarial Network

• Evaluation of GAN
• No 𝑝𝑝 𝑥𝑥  at all!

• Not possible for any likelihood-based evaluation
• Idea: use a trained neural classifier 𝑓𝑓(𝑦𝑦|𝑥𝑥)

• If 𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,𝑓𝑓(𝑦𝑦|𝑥𝑥) should have low entropy
• Otherwise, 𝑓𝑓(𝑦𝑦|𝑥𝑥) should be close to uniform

• Samples from 𝐺𝐺 should also vary! 
• 𝑝𝑝𝑓𝑓 𝑦𝑦 = 𝐸𝐸𝑥𝑥~𝐺𝐺 𝑓𝑓(𝑦𝑦|𝑥𝑥)  should be close to uniform

Let’s combine them!
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Generative Adversarial Network

• Evaluation of GAN
• Idea: use a trained neural classifier 𝑓𝑓

• If 𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,𝑓𝑓(𝑦𝑦|𝑥𝑥) should have low entropy
• Samples should also vary: 𝑝𝑝𝑓𝑓(𝑦𝑦) should be close to uniform

• Inception Score (IS, Salimans et al, 2016)
• Use Inception v3 trained on ImageNet as 𝑓𝑓(𝑦𝑦|𝑥𝑥)
• 𝐼𝐼𝐽𝐽 = exp 𝐸𝐸𝑥𝑥~𝐺𝐺 𝐾𝐾𝐾𝐾 𝑓𝑓 𝑦𝑦 𝑥𝑥 ||𝑝𝑝𝑓𝑓(𝑦𝑦)  (higher the better)
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Generative Adversarial Network

• Evaluation of GAN
• Idea: use a trained neural classifier 𝑓𝑓

• If 𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,𝑓𝑓(𝑦𝑦|𝑥𝑥) should have low entropy
• Samples should also vary: 𝑝𝑝𝑓𝑓(𝑦𝑦) should be close to uniform

• Inception Score (IS, Salimans et al, 2016)
• Use Inception v3 trained on ImageNet as 𝑓𝑓(𝑦𝑦|𝑥𝑥)
• 𝐼𝐼𝐽𝐽 = exp 𝐸𝐸𝑥𝑥~𝐺𝐺 𝐾𝐾𝐾𝐾 𝑓𝑓 𝑦𝑦 𝑥𝑥 ||𝑝𝑝𝑓𝑓(𝑦𝑦)

• Issue of IS?
• No 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 involved in IS!
• What if 𝐺𝐺 memorizes a single image per label 𝑦𝑦 from 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑?

• Additional reading: https://arxiv.org/abs/1801.01973 
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Generative Adversarial Network

• Evaluation of GAN
• Inception Score (IS, Salimans et al, 2016)

• 𝐼𝐼𝐽𝐽 = exp 𝐸𝐸𝑥𝑥~𝐺𝐺 𝐾𝐾𝐾𝐾 𝑓𝑓 𝑦𝑦 𝑥𝑥 ||𝑝𝑝𝑓𝑓(𝑦𝑦)
• IS only measures the quality of generated samples

• We also want 𝐺𝐺 to fully cover 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
• Idea: statistics of 𝐺𝐺(𝑧𝑧) should be similar to 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

• Statistics: measure the distribution of extracted features of 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
• Fréchet Inception Distance (FID, Heusel et al, NIPS 2017) 

• Compute 𝜇𝜇𝑝𝑝, Σ𝑝𝑝 and 𝜇𝜇𝐺𝐺 , Σ𝐺𝐺for 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 and 𝐺𝐺(𝑧𝑧) using inception v3 pool3 layer (2048-d)
• Compute Wasserstein distance between two Gaussians (more on this later)

• 𝐹𝐹𝐼𝐼𝐷𝐷 = 𝜇𝜇𝑝𝑝 − 𝜇𝜇𝐺𝐺
2 + 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 Σ𝑝𝑝 + Σ𝐺𝐺 − 2 Σ𝑝𝑝Σ𝐺𝐺

1/2  
• Lower the better
• https://arxiv.org/abs/1706.08500 
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Note: IND is a “distance version” of inception score. Details can be found at the FID paper’s Appendix A.1
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Note: IND is a “distance version” of inception score. Details can be found at the FID paper’s Appendix A.1
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Generative Adversarial Network

• Sample Diversity
• GAN suffer from the mode collapse issue

• The generator converges to a few samples
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Generative Adversarial Network

• Sample Diversity
• GAN suffer from the mode collapse issue

• The generator converges to a few samples
• Or keep oscillating over a few modes
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Generative Adversarial Network

• Sample Diversity
• GAN suffer from the mode collapse issue

• The generator converges to a few samples
• Or keep oscillating over a few modes

• This is a cheating strategy for 𝐺𝐺(𝑧𝑧)
• No fundamental solution for this. 

• Intrinsic issue of JSD
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Generative Adversarial Network

• Training Instability
• Discriminator and generator may keep oscillating
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Generative Adversarial Network

• Training Instability
• Discriminator and generator may keep oscillating

• Simple gradient decent on the minimax game may not converge at all!
• Intuitive example: 𝐽𝐽 = −𝑥𝑥𝑦𝑦

• Generator: 𝑥𝑥; discriminator: 𝑦𝑦
• Nash Equilibrium: 𝑥𝑥 = 𝑦𝑦 = 0
• Gradient decent converges to the orbit
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Generative Adversarial Network

• Training Instability
• Discriminator and generator may keep oscillating

• Simple gradient decent on the minimax game may not converge at all!
• Intuitive example: 𝐽𝐽 = −𝑥𝑥𝑦𝑦

• Generator: 𝑥𝑥; discriminator: 𝑦𝑦
• Nash Equilibrium: 𝑥𝑥 = 𝑦𝑦 = 0
• Gradient decent converges to the orbit

• No stopping criteria!
• Unlike MLE learning
• Sometimes GAN may suffer from immediate crashing!

• Additional reading:
• GANs May Have No Nash Equilibria (Farnia et al, ICML2020)
• https://arxiv.org/abs/2002.09124
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Generative Adversarial Network

• Training Instability
• Discriminator and generator may keep oscillating
• Gradient Vanishing Issue

• Generator: 𝑧𝑧 → 𝑥𝑥, low-d to high-d
• The intrinsic dimensionality of 𝐺𝐺 is small 

• Discriminator: 𝑥𝑥 → 𝑧𝑧, a hyper-plan in the high-d
• It is almost impossible for two low-dimensional manifold to fully overlap in high-d
• 𝐷𝐷 can always achieve 100%
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Generative Adversarial Network

• Training Instability
• Discriminator and generator may keep oscillating
• Gradient Vanishing Issue

• Generator: 𝑧𝑧 → 𝑥𝑥, low-d to high-d
• The intrinsic dimensionality of 𝐺𝐺 is small 

• Discriminator: 𝑥𝑥 → 𝑧𝑧, a hyper-plan in the high-d
• It is almost impossible for two low-dimensional manifold to fully overlap in high-d
• 𝐷𝐷 can always achieve 100%

• When 𝐷𝐷 is overly confident
• Gradient vanishes for Sigmoid output
• Discriminator cannot learn too fast!
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Generative Adversarial Network

• A lot of issues in GAN
• Evaluation

• IS & FID
• Sample Diversity

• Mode collapse
• No fundamental solution

• Training Instability
• Tricky balancing between 𝐺𝐺 and 𝐷𝐷

• Let’s make it work!
• … and a lot of tricks are coming!
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GAN Techniques

• Deep Convolutional GAN (DCGAN, Radford et al, ICLR2016)
• The first milestone paper to make GAN really work
• Trick Suggestions

• Use fully convolutional network
• No pooling or MLP layer
• Supervised CNNs cannot be directly used as discriminators
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GAN Techniques

• Deep Convolutional GAN (DCGAN, Radford et al, ICLR2016)
• The first milestone paper to make GAN really work
• Trick Suggestions

• Use fully convolutional network
• Batch normalization should be used

• To stabilize training
• But NO batchnorm for output of 𝐺𝐺 or input of 𝐷𝐷
• Separate batchnorm for 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 and 𝐺𝐺
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GAN Techniques

• Deep Convolutional GAN (DCGAN, Radford et al, ICLR2016)
• The first milestone paper to make GAN really work
• Trick Suggestions

• Use fully convolutional network
• Batch normalization should be used
• Avoid ReLU activation in discriminator

• Avoid gradient vanishing
• ReLU in generator except output layer, which should use tanh
• Leaky ReLU in discriminator (slope = 0.2)
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GAN Techniques

• Deep Convolutional GAN (DCGAN, Radford et al, ICLR2016)
• The first milestone paper to make GAN really work
• Trick Suggestions

• Use fully convolutional network
• Batch normalization should be used
• Avoid ReLU activation in discriminator
• Small learning rate and momentum

• Adam with learning rate 𝜂𝜂 = 0.0002
• Momentum 𝛽𝛽 = 0.5
• Small batch size = 128 (which helps prevent memorizing the training data)

• DCGAN can learn interesting features and patterns
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GAN Techniques

• Deep Convolutional GAN (DCGAN, Radford et al, ICLR2016)
• The first milestone paper to make GAN really work
• Trick Suggestions

• Use fully convolutional network
• Batch normalization should be used
• Avoid ReLU activation in discriminator
• Small learning rate and momentum

• DCGAN can learn interesting features and patterns

Lecture 6, Deep Learning, 2025 Spring OpenPsi @ IIIS

3/18 Copyright @ IIIS, Tsinghua University 44

De
ep
 L
ea
rn
in
g,
 S
pr
in
g 
20
25
 

II
IS
, 
Ts
in
gh
ua
 U
ni
ve
rs
it
y



GAN Techniques

• Deep Convolutional GAN (DCGAN, Radford et al, ICLR2016)
• The first milestone paper to make GAN really work
• Trick Suggestions

• Use fully convolutional network
• Batch normalization should be used
• Avoid ReLU activation in discriminator
• Small learning rate and momentum

• DCGAN can learn interesting features and patterns
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GAN Techniques

• Deep Convolutional GAN (DCGAN, Radford et al, ICLR2016)
• The first milestone paper to make GAN really work
• Trick Suggestions

• Use fully convolutional network
• Batch normalization should be used
• Avoid ReLU activation in discriminator
• Small learning rate and momentum

• DCGAN can learn interesting features and patterns
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GAN Techniques

• Deep Convolutional GAN (DCGAN, Radford et al, ICLR2016)
• The first milestone paper to make GAN really work
• Trick Suggestions

• Use fully convolutional network
• Batch normalization should be used
• Avoid ReLU activation in discriminator
• Small learning rate and momentum

• DCGAN can learn interesting features and patterns
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GAN Techniques

• Deep Convolutional GAN (DCGAN, Radford et al, ICLR2016)
• The first milestone paper to make GAN really work
• Trick Suggestions

• Use fully convolutional network
• Batch normalization should be used
• Avoid ReLU activation in discriminator
• Small learning rate and momentum

• DCGAN can learn interesting features and patterns
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GAN Techniques

• Improved Training Techniques for GAN (Salimans et al, NIPS2016)
• The paper primarily about GAN tricks

• also IS and semi-supervised learning; more to cover later
• Trick Suggestions

• Feature matching
• Directly optimizing 𝐷𝐷(𝐺𝐺(𝑧𝑧)) for generator may suffer from gradient vanishing
• Idea: 𝐺𝐺(𝑧𝑧) should match the image statistics for 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
• Features are more informative than the final score

𝐾𝐾 𝜃𝜃 = 𝐸𝐸�𝑥𝑥~𝐺𝐺 𝑓𝑓 �𝑥𝑥;𝜙𝜙 − 𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑓𝑓 𝑥𝑥;𝜙𝜙 2

• 𝑓𝑓(𝑥𝑥) is the final activation layer in 𝐷𝐷
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GAN Techniques

• Improved Training Techniques for GAN (Salimans et al, NIPS2016)
• The paper primarily about GAN tricks

• also IS, and semi-supervised learning, more to cover later
• Trick Suggestions

• Feature matching
• Minibatch discrimination

• Avoid mode collapse
• if 𝐺𝐺 has collapsed mode, then samples of 𝐺𝐺 will cluster to each other in the minibatch

• Idea: compute clustering feature as additional side information per mini-batch
• Similar to batchnorm

• Additional feature 𝑜𝑜 𝑥𝑥𝑖𝑖

• 𝑀𝑀 = 𝑓𝑓 𝑥𝑥𝑖𝑖 × 𝑇𝑇 (𝑇𝑇: projection tensor)
• 𝑡𝑡 𝑥𝑥𝑖𝑖 , 𝑥𝑥𝑗𝑗 𝑏𝑏 = exp(| �𝑀𝑀𝑖𝑖,𝑏𝑏 − 𝑀𝑀𝑗𝑗,𝑏𝑏 1

)
• 𝑜𝑜 𝑥𝑥𝑖𝑖 𝑏𝑏 = ∑𝑗𝑗 𝑡𝑡 𝑥𝑥𝑖𝑖 , 𝑥𝑥𝑗𝑗 𝑏𝑏
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GAN Techniques

• Improved Training Techniques for GAN (Salimans et al, NIPS2016)
• The paper primarily about GAN tricks

• also IS, and semi-supervised learning, more to cover later
• Trick Suggestions

• Feature matching
• Minibatch discrimination
• Historical averaging

• Include term 𝜃𝜃 − 1
𝑇𝑇
∑𝑑𝑑=1𝑇𝑇 𝜃𝜃

2
 for averaging historical weights

• Inspired by the fictitious self-play algorithm in game theory
• Exponential weight averaging for efficient computation
• Similar to how DQN stabilizes training

• Most stabilizing tricks in RL works here as well
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GAN Techniques

• Improved Training Techniques for GAN (Salimans et al, NIPS2016)
• The paper primarily about GAN tricks

• also IS, and semi-supervised learning, more to cover later
• Trick Suggestions

• Feature matching
• Minibatch discrimination
• Historical averaging
• One-sided label smoothing

• Change positive label to 0.9
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GAN Techniques

• Improved Training Techniques for GAN (Salimans et al, NIPS2016)
• The paper primarily about GAN tricks

• also IS, and semi-supervised learning, more to cover later
• Trick Suggestions

• Feature matching
• Minibatch discrimination
• Historical averaging
• One-sided label smoothing

• Change positive label to 0.9
• Why only one-sided?

• Data label (positive) 𝛼𝛼, sample label (negative) 𝛽𝛽
• Optimal classifier 𝐷𝐷⋆ = 𝛼𝛼⋅𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥 +𝛽𝛽⋅𝑝𝑝𝐺𝐺(𝑥𝑥)

𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥 +𝑝𝑝𝐺𝐺(𝑥𝑥)
• If 𝛽𝛽 > 0, then for 𝑥𝑥 with 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑥𝑥 = 0, 𝐺𝐺 has no incentive to move 𝑝𝑝𝐺𝐺(𝑥𝑥) to 0
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GAN Techniques

• Improved Training Techniques for GAN (Salimans et al, NIPS2016)
• The paper primarily about GAN tricks

• also IS, and semi-supervised learning, more to cover later
• Trick Suggestions

• Feature matching
• Minibatch discrimination
• Historical averaging
• One-sided label smoothing
• Virtual batch normalization

• Issue of batch norm in DCGAN
• Output of 𝐺𝐺(𝑥𝑥) can be highly dependent on each other

• Idea: select a fixed batch 𝐵𝐵 to compute batch statistics
• Only applied when training generator 𝐺𝐺 for computation purpose
• Practical: combine 𝐵𝐵 and current batch to avoid overfitting
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GAN Techniques

• Improved Training Techniques for GAN (Salimans et al, NIPS2016)
• The paper primarily about GAN tricks

• also IS, and semi-supervised learning, more to cover later
• Trick Suggestions

• Feature matching
• Minibatch discrimination
• Historical averaging
• One-sided label smoothing
• Virtual batch normalization

• And more!
• Check https://github.com/soumith/ganhacks and more on Google
• “Keep calm and train a GAN” 
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GAN Techniques

• Some mathematical technique
• 𝐾𝐾 𝜃𝜃 = 2𝐽𝐽𝐽𝐽𝐷𝐷 𝑝𝑝𝐺𝐺||𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 − log 4 with 𝜙𝜙⋆

• Issue of JSD:
• Gradient vanishing when 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 and 𝑝𝑝𝐺𝐺 are fully disjoint
• Mode collapse

• We need a better metric!
• Idea: Wasserstein distance

• It is also called Earth Mover’s distance
𝑊𝑊 𝑃𝑃,𝑄𝑄 = inf

𝛾𝛾~Π(𝑃𝑃,𝑄𝑄)
𝐸𝐸 𝑥𝑥,𝑦𝑦 ~𝛾𝛾 |𝑥𝑥 − 𝑦𝑦|

• Intuition:
• Two distribution of dirt
• We want to move the dirt to change 𝑃𝑃 to 𝑄𝑄
• 𝑊𝑊 𝑃𝑃,𝑄𝑄 : the minimum energy consumed to transport dirt from 𝑃𝑃 to 𝑄𝑄
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GAN Techniques

• Wasserstein Distance (Earth Mover’s distance)
𝑊𝑊 𝑃𝑃,𝑄𝑄 = inf

𝛾𝛾~Π(𝑃𝑃,𝑄𝑄)
𝐸𝐸 𝑥𝑥,𝑦𝑦 ~𝛾𝛾 |𝑥𝑥 − 𝑦𝑦|

• Examples: discrete case
• 𝑃𝑃 = 1

𝑍𝑍
Categorical(3,2,1,4)

• 𝑄𝑄 = 1
𝑍𝑍

Categorical(1,2,4,3)
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GAN Techniques

• Wasserstein Distance (Earth Mover’s distance)
𝑊𝑊 𝑃𝑃,𝑄𝑄 = inf

𝛾𝛾~Π(𝑃𝑃,𝑄𝑄)
𝐸𝐸 𝑥𝑥,𝑦𝑦 ~𝛾𝛾 |𝑥𝑥 − 𝑦𝑦|

• Examples: discrete case
• 𝑃𝑃 = 1

𝑍𝑍
Categorical(3,2,1,4)

• 𝑄𝑄 = 1
𝑍𝑍

Categorical(1,2,4,3)
• Let’s change 𝑃𝑃 to 𝑄𝑄!

• 𝛿𝛿 = 2 + 2 + −1 = 5
• So 𝑊𝑊 𝑃𝑃,𝑄𝑄 = 1

𝑍𝑍
⋅ 5

• Continuous case
• 𝑊𝑊 𝑃𝑃,𝑄𝑄 = inf

𝛾𝛾~Π(𝑃𝑃,𝑄𝑄)
∑ 𝑥𝑥,𝑦𝑦 ∼𝛾𝛾 𝑝𝑝 𝑥𝑥,𝑦𝑦 |𝑥𝑥 − 𝑦𝑦|

• 𝑝𝑝(𝑥𝑥,𝑦𝑦) the amount of dirty transported from 𝑥𝑥 to 𝑦𝑦, |𝑥𝑥 − 𝑦𝑦| is the cost of the transport
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GAN Techniques

• Wasserstein Distance (Earth Mover’s distance)
𝑊𝑊 𝑃𝑃,𝑄𝑄 = inf

𝛾𝛾~Π(𝑃𝑃,𝑄𝑄)
𝐸𝐸 𝑥𝑥,𝑦𝑦 ~𝛾𝛾 |𝑥𝑥 − 𝑦𝑦|

• Compare with JSD
• 𝑃𝑃: 𝑥𝑥 = 0, 0 ≤ 𝑦𝑦 ≤ 1, uniform
• 𝑄𝑄: 𝑥𝑥 = 𝜃𝜃, 0 ≤ 𝑦𝑦 ≤ 1, uniform
• Assume 𝜃𝜃 ≠ 0

• 𝐾𝐾𝐾𝐾 𝑃𝑃||𝑄𝑄 = 𝐾𝐾𝐾𝐾 𝑄𝑄||𝑃𝑃 = ∞
• 𝐽𝐽𝐽𝐽𝐷𝐷 𝑃𝑃,𝑄𝑄 = 1

2
∑𝑥𝑥,𝑦𝑦 log 1

1
2

+ ∑𝑥𝑥,𝑦𝑦 log 1
1
2

= log 2

• 𝑊𝑊 𝑃𝑃,𝑄𝑄 = |𝜃𝜃|
• Wasserstein Distance is a smooth measure!

• Let’s make Wasserstein Distance as a GAN objective!
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Wasserstein GAN

• WGAN (Arjovsky et al, 18.5k citations, ICML2017)
• Goal: 𝑊𝑊(𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ,𝑝𝑝𝐺𝐺)

• Intractable
• Kantorovich Rubinstein Duality

• 𝑊𝑊 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,𝑝𝑝𝐺𝐺 = 1
𝐾𝐾

sup
𝑓𝑓 𝐿𝐿≤𝐾𝐾

𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑓𝑓 𝑥𝑥 − 𝐸𝐸𝑥𝑥~𝑝𝑝𝐺𝐺 𝑓𝑓(𝑥𝑥)

• 𝑓𝑓 𝜕𝜕 ≤ 𝐾𝐾: 𝑓𝑓 is 𝐾𝐾-Lipschitz continuous
• 𝑓𝑓 𝑥𝑥 − 𝑓𝑓 𝑦𝑦 ≤ 𝐾𝐾|𝑥𝑥 − 𝑦𝑦|

• Search over all 𝐾𝐾-continuous functions!
• WGAN objective  (𝐾𝐾 = 1)

• 𝑓𝑓 𝑥𝑥;𝜙𝜙  is called a critic
• 𝐾𝐾 𝜙𝜙 = 𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑓𝑓(𝑥𝑥;𝜙𝜙) − 𝐸𝐸𝑥𝑥~𝑝𝑝𝐺𝐺 𝑓𝑓 𝑥𝑥;𝜙𝜙
• 𝐾𝐾 𝜃𝜃 = 𝐸𝐸𝑥𝑥~𝐺𝐺(𝑧𝑧;𝜃𝜃)[𝑓𝑓(𝑥𝑥;𝜙𝜙)]
• Subject to 𝑓𝑓 𝑥𝑥;𝜙𝜙 𝜕𝜕 ≤ 1
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Wasserstein GAN

• WGAN (Arjovsky et al, ICML2017)
• Goal: 𝑊𝑊(𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ,𝑝𝑝𝐺𝐺)

• Intractable
• Kantorovich Rubinstein Duality

• 𝑊𝑊 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,𝑝𝑝𝐺𝐺 = 1
𝐾𝐾

sup
𝑓𝑓 𝐿𝐿≤𝐾𝐾

𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑓𝑓 𝑥𝑥 − 𝐸𝐸𝑥𝑥~𝑝𝑝𝐺𝐺 𝑓𝑓(𝑥𝑥)

• 𝑓𝑓 𝜕𝜕 ≤ 𝐾𝐾: 𝑓𝑓 is 𝐾𝐾-Lipschitz continuous
• 𝑓𝑓 𝑥𝑥 − 𝑓𝑓 𝑦𝑦 ≤ 𝐾𝐾|𝑥𝑥 − 𝑦𝑦|

• Search over all 𝐾𝐾-continuous functions!
• WGAN objective  (𝐾𝐾 = 1)

• 𝑓𝑓 𝑥𝑥;𝜙𝜙  is called a critic
• 𝐾𝐾 𝜙𝜙 = 𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑓𝑓(𝑥𝑥;𝜙𝜙) − 𝐸𝐸𝑥𝑥~𝑝𝑝𝐺𝐺 𝑓𝑓 𝑥𝑥;𝜙𝜙
• 𝐾𝐾 𝜃𝜃 = 𝐸𝐸𝑥𝑥~𝐺𝐺(𝑧𝑧;𝜃𝜃)[𝑓𝑓(𝑥𝑥;𝜙𝜙)]
• Subject to 𝑓𝑓 𝑥𝑥;𝜙𝜙 𝜕𝜕 ≤ 1
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Wasserstein GAN

• WGAN (Arjovsky et al, ICML2017)
• Objective

• 𝐾𝐾 𝜙𝜙 = 𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑓𝑓(𝑥𝑥;𝜙𝜙) − 𝐸𝐸𝑥𝑥~𝑝𝑝𝐺𝐺 𝑓𝑓 𝑥𝑥;𝜙𝜙
• 𝐾𝐾 𝜃𝜃 = 𝐸𝐸𝑥𝑥~𝐺𝐺(𝑧𝑧;𝜃𝜃)[𝑓𝑓(𝑥𝑥;𝜙𝜙)]
• Subject to 𝑓𝑓 𝑥𝑥;𝜙𝜙 𝜕𝜕 ≤ 1

• Tricks to enforce 𝑓𝑓 𝑥𝑥;𝜙𝜙 𝜕𝜕 ≤ 1
• For each 𝜙𝜙𝑖𝑖, 𝜙𝜙𝑖𝑖 ← clip(𝜙𝜙𝑖𝑖 ,−𝑡𝑡, 𝑡𝑡) (e.g., with 𝑡𝑡 = 0.01)
• No momentum! RMSProp suggested (𝛼𝛼 = 5𝑡𝑡 − 5)
• Update critic for 𝑛𝑛𝑐𝑐𝑐𝑐𝑖𝑖𝑑𝑑𝑖𝑖𝑐𝑐 batches before update 𝐺𝐺 (𝑛𝑛𝑐𝑐𝑐𝑐𝑖𝑖𝑑𝑑𝑖𝑖𝑐𝑐 = 5) 

• Results
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Wasserstein GAN

• WGAN (Arjovsky et al, ICML2017)
• Objective

• 𝐾𝐾 𝜙𝜙 = 𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑓𝑓(𝑥𝑥;𝜙𝜙) − 𝐸𝐸𝑥𝑥~𝑝𝑝𝐺𝐺 𝑓𝑓 𝑥𝑥;𝜙𝜙
• 𝐾𝐾 𝜃𝜃 = 𝐸𝐸𝑥𝑥~𝐺𝐺(𝑧𝑧;𝜃𝜃)[𝑓𝑓(𝑥𝑥;𝜙𝜙)]
• Subject to 𝑓𝑓 𝑥𝑥;𝜙𝜙 𝜕𝜕 ≤ 1

• Tricks to enforce 𝑓𝑓 𝑥𝑥;𝜙𝜙 𝜕𝜕 ≤ 1
• For each 𝜙𝜙𝑖𝑖, 𝜙𝜙𝑖𝑖 ← clip(𝜙𝜙𝑖𝑖 ,−𝑡𝑡, 𝑡𝑡) (e.g., with 𝑡𝑡 = 0.01)
• No momentum! RMSProp suggested (𝛼𝛼 = 5𝑡𝑡 − 5)
• Update critic for 𝑛𝑛𝑐𝑐𝑐𝑐𝑖𝑖𝑑𝑑𝑖𝑖𝑐𝑐 batches before update 𝐺𝐺 (𝑛𝑛𝑐𝑐𝑐𝑐𝑖𝑖𝑑𝑑𝑖𝑖𝑐𝑐 = 5) 
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Wasserstein GAN

• WGAN (Arjovsky et al, ICML2017)
• Objective

• 𝐾𝐾 𝜙𝜙 = 𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑓𝑓(𝑥𝑥;𝜙𝜙) − 𝐸𝐸𝑥𝑥~𝑝𝑝𝐺𝐺 𝑓𝑓 𝑥𝑥;𝜙𝜙
• 𝐾𝐾 𝜃𝜃 = 𝐸𝐸𝑥𝑥~𝐺𝐺(𝑧𝑧;𝜃𝜃)[𝑓𝑓(𝑥𝑥;𝜙𝜙)]
• Subject to 𝑓𝑓 𝑥𝑥;𝜙𝜙 𝜕𝜕 ≤ 1

• Tricks to enforce 𝑓𝑓 𝑥𝑥;𝜙𝜙 𝜕𝜕 ≤ 1
• For each 𝜙𝜙𝑖𝑖, 𝜙𝜙𝑖𝑖 ← clip(𝜙𝜙𝑖𝑖 ,−𝑡𝑡, 𝑡𝑡) (e.g., with 𝑡𝑡 = 0.01)
• No momentum! RMSProp suggested (𝛼𝛼 = 5𝑡𝑡 − 5)
• Update critic for 𝑛𝑛𝑐𝑐𝑐𝑐𝑖𝑖𝑑𝑑𝑖𝑖𝑐𝑐 batches before update 𝐺𝐺 (𝑛𝑛𝑐𝑐𝑐𝑐𝑖𝑖𝑑𝑑𝑖𝑖𝑐𝑐 = 5) 
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Wasserstein GAN

• Summary of WGAN (Arjovsky et al, ICML2017)
• Original GAN objective

min
𝐺𝐺

max
𝜕𝜕

𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 log𝐷𝐷 𝑥𝑥 + 𝐸𝐸�𝑥𝑥~𝑝𝑝𝐺𝐺 log(1 − 𝐷𝐷(�𝑥𝑥))

• Wasserstein GAN objective
min
𝐺𝐺

max
𝜕𝜕: 𝜕𝜕 𝐿𝐿≤1

𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝐷𝐷(𝑥𝑥) − 𝐸𝐸�𝑥𝑥~𝑝𝑝𝐺𝐺 𝐷𝐷(�𝑥𝑥)

• Pros
• Address instability and gradient vanishing due to JSD, also help mode collapse
• Robust to architecture choice
• Introduce the idea of Lipschitzness for stabilizing GAN training

• Cons
• Cited from the paper
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Wasserstein GAN

• Improved Training of Wasserstein GANs (Gulrajani et al, NIPS2017)
• Wasserstein GAN objective

min
𝐺𝐺

max
𝑓𝑓: 𝑓𝑓 𝐿𝐿≤1

𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑓𝑓(𝑥𝑥) − 𝐸𝐸�𝑥𝑥~𝑝𝑝𝐺𝐺 𝑓𝑓(�𝑥𝑥)

• Corollary: 𝑓𝑓⋆ have ∇𝑓𝑓 = 1 almost everywhere under 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 and 𝑝𝑝𝐺𝐺
• WGAN-GP (Gradient Penalty)

• �𝑥𝑥 ← 1 − 𝜖𝜖 𝑥𝑥 + 𝜖𝜖 ⋅ �𝑥𝑥 with 𝜖𝜖~Unif (0,1)
• 𝐾𝐾 𝜙𝜙 = 𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑓𝑓 𝑥𝑥;𝜙𝜙 − 𝐸𝐸�𝑥𝑥~𝑝𝑝𝐺𝐺 𝑓𝑓 �𝑥𝑥 + 𝜆𝜆 ⋅ 𝐸𝐸�𝑥𝑥 ∇ �𝑥𝑥𝑓𝑓 �𝑥𝑥;𝜙𝜙 2 − 1 2  
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Wasserstein GAN

• Improved Training of Wasserstein GANs (Gulrajani et al, NIPS2017)
• Wasserstein GAN objective

min
𝐺𝐺

max
𝑓𝑓: 𝑓𝑓 𝐿𝐿≤1

𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑓𝑓(𝑥𝑥) − 𝐸𝐸�𝑥𝑥~𝑝𝑝𝐺𝐺 𝑓𝑓(�𝑥𝑥)

• Corollary: 𝑓𝑓⋆ have ∇𝑓𝑓 = 1 almost everywhere under 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 and 𝑝𝑝𝐺𝐺
• WGAN-GP (Gradient Penalty)

• �𝑥𝑥 ← 1 − 𝜖𝜖 𝑥𝑥 + 𝜖𝜖 ⋅ �𝑥𝑥 with 𝜖𝜖~Unif (0,1)
• 𝐾𝐾 𝜙𝜙 = 𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑓𝑓 𝑥𝑥;𝜙𝜙 − 𝐸𝐸�𝑥𝑥~𝑝𝑝𝐺𝐺 𝑓𝑓 �𝑥𝑥 + 𝜆𝜆 ⋅ 𝐸𝐸�𝑥𝑥 ∇ �𝑥𝑥𝑓𝑓 �𝑥𝑥;𝜙𝜙 2 − 1 2  
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Wasserstein GAN

• Improved Training of Wasserstein GANs (Gulrajani et al, NIPS2017)
• Wasserstein GAN objective

min
𝐺𝐺

max
𝑓𝑓: 𝑓𝑓 𝐿𝐿≤1

𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑓𝑓(𝑥𝑥) − 𝐸𝐸�𝑥𝑥~𝑝𝑝𝐺𝐺 𝑓𝑓(�𝑥𝑥)

• Corollary: 𝑓𝑓⋆ have ∇𝑓𝑓 = 1 almost everywhere under 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 and 𝑝𝑝𝐺𝐺
• WGAN-GP (Gradient Penalty)

• �𝑥𝑥 ← 1 − 𝜖𝜖 𝑥𝑥 + 𝜖𝜖 ⋅ �𝑥𝑥 with 𝜖𝜖~Unif (0,1)
• 𝐾𝐾 𝜙𝜙 = 𝐸𝐸𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑓𝑓 𝑥𝑥;𝜙𝜙 − 𝐸𝐸�𝑥𝑥~𝑝𝑝𝐺𝐺 𝑓𝑓 �𝑥𝑥 + 𝜆𝜆 ⋅ 𝐸𝐸�𝑥𝑥 ∇ �𝑥𝑥𝑓𝑓 �𝑥𝑥;𝜙𝜙 2 − 1 2  

• Practical issue
• No batch norm for 𝑓𝑓(𝑥𝑥;𝜙𝜙) (since we compute ∇ �𝑥𝑥𝑓𝑓( �𝑥𝑥) for each �𝑥𝑥)
• Layer norm or instance norm recommended as a drop-in replacement

• Remark: 
• Stable training with various architecture (even ResNet) and Adam
• But expensive due to gradient computation over gradient
• Also might be unstable due to the heuristic distribution �𝑥𝑥 when learning rate is high
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• No batch norm for 𝑓𝑓(𝑥𝑥;𝜙𝜙) (since we compute ∇ �𝑥𝑥𝑓𝑓( �𝑥𝑥) for each �𝑥𝑥)
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• Stable training with various architecture (even ResNet) and Adam
• But expensive due to gradient computation over gradient
• Also might be stable due to the heuristic distribution �𝑥𝑥 when learning rate is high
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Wasserstein GAN

• Improved Training of Wasserstein GANs (Gulrajani et al, NIPS2017)
• Wasserstein GAN objective
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• No batch norm for 𝑓𝑓(𝑥𝑥;𝜙𝜙) (since we compute ∇ �𝑥𝑥𝑓𝑓( �𝑥𝑥) for each �𝑥𝑥)
• Layer norm or instance norm recommended as a drop-in replacement

• Remark: 
• Stable training with various architecture (even ResNet) and Adam
• But expensive due to gradient computation over gradient
• Also might be stable due to the heuristic distribution �𝑥𝑥 when learning rate is high
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GAN Techniques

• BigGAN (DeepMind, ICLR2019)
• Large-Scale Training of GAN!

• ~100M params
• TPU training (48h)
• Large batch size

• Trick Suggestions
• Synced cross-replica class-conditioned batch-norm (linear projected from class id)
• Large batch size (as much as you can) and wider model!
• Sample 𝑧𝑧 from truncated Gaussian 𝑁𝑁(0,1,−𝑡𝑡, 𝑡𝑡)
• Orthogonal initialization & spectral normalization for weights
• Hinge loss 𝑙𝑙 𝑧𝑧 = max(0, 1 − 𝑡𝑡 ∗ 𝑧𝑧):

• Ignore samples when 𝐷𝐷 make a correct output with high confidence (𝑧𝑧 is too high)
• Adaptive hinge loss margin 𝑡𝑡 to include sufficient training data
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GAN Techniques

• BigGAN (DeepMind, ICLR2019)
• Large-Scale Training of GAN!

• ~100M params
• TPU training (48h)
• Large batch size

• Trick Suggestions
• Synced cross-replica class-conditioned batch-norm (linear projected from class id)
• Large batch size (as much as you can) and wider model!
• Sample 𝑧𝑧 from truncated Gaussian 𝑁𝑁(0,1,−𝑡𝑡, 𝑡𝑡)
• Orthogonal initialization & spectral normalization for weights
• Hinge loss

• Ignore samples when 𝐷𝐷 make a correct output with high confidence
• Adaptive hinge loss margin to include sufficient training data
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GAN Techniques

• GigaGAN (CMU &  Adobe Reserch, CVPR 2023)
• A larger GAN model (https://mingukkang.github.io/GigaGAN/)

• 0.13s for 512px & 3.7s for 4k
• ~650M params
• 64 ~ 128x A100 GPU for training
• Text to image generation 

• (more on lecture 10 & 12)
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GAN Techniques

• GigaGAN (CMU &  Adobe Reserch, CVPR 2023)
• A larger GAN model (https://mingukkang.github.io/GigaGAN/)

• 0.13s for 512px & 3.7s for 4k
• ~650M params
• 64 ~ 128x A100 GPU for training
• Text to image generation

• A lot of tricks…
• StyleGAN2 Backbone
• Attention + adaptive convolution
• Multi-scale training
• Smart designs of G & D
• …
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GAN Techniques

• GigaGAN (2023)
• Super-resolution
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GAN Techniques

• GigaGAN (2023)
• Super-resolution

Lecture 6, Deep Learning, 2025 Spring OpenPsi @ IIIS

3/18 Copyright @ IIIS, Tsinghua University 76

De
ep
 L
ea
rn
in
g,
 S
pr
in
g 
20
25
 

II
IS
, 
Ts
in
gh
ua
 U
ni
ve
rs
it
y



GAN Techniques

• GigaGAN (2023): Latent-Space Interpolation
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GAN Techniques

• GigaGAN (2023)
• Latent-Space Mixing
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GAN Techniques

• R3GAN (Brown & Cornell, NeurIPS 2024)
• Latest GAN with modern architectures & (simplified) convergence guarantee
• A pairwise loss (from RpGAN, NeurIPS2020) for mode coverage

ℒ 𝜃𝜃,𝜓𝜓 = 𝔼𝔼𝑧𝑧~𝑝𝑝𝑧𝑧
𝑥𝑥~𝑝𝑝𝔇𝔇

𝑓𝑓 𝐷𝐷𝜓𝜓 𝐺𝐺𝜃𝜃 𝑧𝑧 − 𝐷𝐷𝜓𝜓 𝑥𝑥

• Zero-centered gradient penalty to ensure convergence
𝑅𝑅1 𝜓𝜓 = 𝛾𝛾

2
𝔼𝔼𝑥𝑥~𝑝𝑝𝒟𝒟 ∇𝑥𝑥𝐷𝐷𝜓𝜓

2
 𝑅𝑅2 𝜃𝜃,𝜓𝜓 = 𝛾𝛾

2
𝔼𝔼𝑥𝑥~𝑝𝑝𝜃𝜃 ∇𝑥𝑥𝐷𝐷𝜓𝜓

2

• Modern architectures (i.e., ConvNeXT) & very few tricks
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GAN Techniques

• R3GAN (Brown & Cornell, NeurIPS 2024)
• Latest GAN with modern architectures & (simplified) convergence guarantee
• A pairwise loss (from RpGAN, NeurIPS2020) for mode coverage

ℒ 𝜃𝜃,𝜓𝜓 = 𝔼𝔼𝑧𝑧~𝑝𝑝𝑧𝑧
𝑥𝑥~𝑝𝑝𝔇𝔇

𝑓𝑓 𝐷𝐷𝜓𝜓 𝐺𝐺𝜃𝜃 𝑧𝑧 − 𝐷𝐷𝜓𝜓 𝑥𝑥

• Zero-centered gradient penalty to ensure convergence
𝑅𝑅1 𝜓𝜓 = 𝛾𝛾

2
𝔼𝔼𝑥𝑥~𝑝𝑝𝒟𝒟 ∇𝑥𝑥𝐷𝐷𝜓𝜓

2
 𝑅𝑅2 𝜃𝜃,𝜓𝜓 = 𝛾𝛾

2
𝔼𝔼𝑥𝑥~𝑝𝑝𝜃𝜃 ∇𝑥𝑥𝐷𝐷𝜓𝜓

2

• Modern architectures (i.e., ConvNeXT) & very few tricks
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GAN Extensions

• Semi-Supervised Learning with GAN (Salimans et al, 2016)
• Dataset 𝑥𝑥,𝑦𝑦 ∪ {𝑥𝑥}, 𝐾𝐾 labels
• Conditioned GAN

• 𝐺𝐺 𝑧𝑧,𝑦𝑦 → 𝑥𝑥
• 𝐷𝐷 𝑥𝑥 → 𝑠𝑠𝑜𝑜𝑓𝑓𝑡𝑡𝑠𝑠𝑡𝑡𝑥𝑥 𝑙𝑙1, … , 𝑙𝑙𝐾𝐾 , 𝑙𝑙𝐾𝐾+1

• Label 𝐾𝐾 + 1: “fake” data

• Semi-Supervised Learning
• For 𝑥𝑥 without label, 𝐾𝐾 𝑥𝑥;𝜙𝜙 = 1 − 𝑝𝑝𝜕𝜕(𝑦𝑦 = 𝐾𝐾 + 1|𝑥𝑥)
• Manually set 𝑙𝑙𝐾𝐾+1 = 1 for simplicity

• 𝐾𝐾𝑠𝑠𝑠𝑠𝑝𝑝 𝑥𝑥, 𝑘𝑘;𝜙𝜙 = 𝑝𝑝𝜕𝜕 𝑦𝑦 = 𝑘𝑘𝑘𝑥𝑥&𝑦𝑦 ≤ 𝐾𝐾 = 𝑠𝑠𝑜𝑜𝑓𝑓𝑡𝑡𝑠𝑠𝑡𝑡𝑥𝑥(𝑘𝑘|𝑙𝑙1, … , 𝑙𝑙𝐾𝐾)
• 𝐾𝐾𝑠𝑠𝑢𝑢𝑠𝑠 𝑥𝑥;𝜙𝜙 = 1 − 𝑝𝑝𝜕𝜕 𝑦𝑦 = 𝐾𝐾 + 1 𝑥𝑥 = 1 − 𝑠𝑠𝑜𝑜𝑓𝑓𝑡𝑡𝑠𝑠𝑡𝑡𝑥𝑥(𝐾𝐾 + 1|𝑙𝑙1, … , 𝑙𝑙𝐾𝐾 , 1)

• Tip: Labeled data help train a much better 𝐷𝐷, leading to higher sample quality!
• Remark: minibatch discrimination breaks training in practice
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GAN Extensions

• Representation learning with GAN?
• 𝐺𝐺: 𝑧𝑧 → 𝑥𝑥; can we learn 𝐸𝐸 𝑥𝑥 → 𝑧𝑧?
• Idea: (𝑧𝑧,𝐺𝐺(𝑧𝑧)) and (𝐸𝐸 𝑥𝑥 , 𝑥𝑥) should from the same distribution!

• Adversarial Feature Learning (BiGAN, Donahue et al, ICLR2017)
• Bidirectional GAN: learn both 𝐺𝐺(𝑧𝑧) and 𝐸𝐸(𝑥𝑥)
• Discriminator 𝐷𝐷(𝑥𝑥, 𝑧𝑧)

• Input: either (𝑧𝑧,𝐺𝐺(𝑧𝑧)) or (𝐸𝐸 𝑥𝑥 , 𝑥𝑥), 𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
• Predict how likely a sample is from (𝐸𝐸 𝑥𝑥 , 𝑥𝑥)

• Learns better features than naïve AE
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GAN Extensions

• Representation learning with GAN?
• 𝐺𝐺: 𝑧𝑧 → 𝑥𝑥; can we learn 𝐸𝐸 𝑥𝑥 → 𝑧𝑧?
• Idea: (𝑧𝑧,𝐺𝐺(𝑧𝑧)) and (𝐸𝐸 𝑥𝑥 , 𝑥𝑥) should from the same distribution!

• Adversarial Feature Learning (BiGAN, Donahue et al, ICLR2017)
• Bidirectional GAN: learn both 𝐺𝐺(𝑧𝑧) and 𝐸𝐸(𝑥𝑥)
• Discriminator 𝐷𝐷(𝑥𝑥, 𝑧𝑧)

• Input: either (𝑧𝑧,𝐺𝐺(𝑧𝑧)) or (𝐸𝐸 𝑥𝑥 , 𝑥𝑥), 𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
• Predict how likely a sample is from (𝑥𝑥,𝐸𝐸(𝑥𝑥))

• Learns better features than naïve AE

Lecture 6, Deep Learning, 2025 Spring OpenPsi @ IIIS

3/18 Copyright @ IIIS, Tsinghua University 83

De
ep
 L
ea
rn
in
g,
 S
pr
in
g 
20
25
 

II
IS
, 
Ts
in
gh
ua
 U
ni
ve
rs
it
y



GAN Extensions

• BigBiGAN (Donahue et al, DeepMind, NIPS2019)
• Large scale training of BiGAN based on BigGAN
• Similar architecture and design as BigGAN
• Modification

• Additional unary constraint on 𝐸𝐸(𝑥𝑥) and 𝐺𝐺(𝑧𝑧)
• 𝐽𝐽(𝑥𝑥, 𝑧𝑧) takes in input of

• (𝑥𝑥, 𝑧𝑧), 𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑, 𝑧𝑧~𝑁𝑁(0, 𝐼𝐼)
• (𝐺𝐺 𝑧𝑧 ,𝐸𝐸 𝑧𝑧 ) (negative)

• A total of 3 loss functions
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GAN Extensions

• BigBiGAN (Donahue et al, DeepMind, NIPS2019)
• Large scale training of BiGAN based on BigGAN
• Similar architecture and design as BigGAN
• Modification

• Additional unary constraint on 𝐸𝐸(𝑥𝑥) and 𝐺𝐺(𝑧𝑧)
• 𝐽𝐽(𝑥𝑥, 𝑧𝑧) takes in input of

• (𝑥𝑥, 𝑧𝑧), 𝑥𝑥~𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑, 𝑧𝑧~𝑁𝑁(0, 𝐼𝐼)
• (𝐺𝐺 𝑧𝑧 ,𝐸𝐸 𝑧𝑧 ) (negative)

• A total of 3 loss functions
• Reconstruction result

• 𝐺𝐺(𝐸𝐸 𝑥𝑥 )
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GAN Extensions

• Extend the generator 𝐺𝐺
• Standard 𝐺𝐺: 𝑧𝑧 → 𝑥𝑥; 𝑧𝑧~𝑁𝑁(0, 𝐼𝐼)
• Extension: 𝑧𝑧 can be any distribution!

• Style transfer!
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GAN Extensions

• Extend the generator 𝐺𝐺
• Standard 𝐺𝐺: 𝑧𝑧 → 𝑥𝑥; 𝑧𝑧~𝑁𝑁(0, 𝐼𝐼)
• Extension: 𝑧𝑧 can be any distribution!

• Style transfer!

• Pix2Pix (Isola, Berkeley, CVPR2017)
• Paired data: {(𝑥𝑥, 𝑧𝑧)}, 𝑧𝑧: input; 𝑥𝑥: target
• Generator 𝐺𝐺: 𝑧𝑧 → 𝑥𝑥; 
• Discriminator 𝐷𝐷(𝑧𝑧, 𝑥𝑥) v.s. 𝐷𝐷(𝑧𝑧,𝐺𝐺(𝑧𝑧))
• Tricks

• U-Net architecture for generator with skip-connections for better conditioning
• Additional 𝐾𝐾1 loss |𝑥𝑥 − 𝐺𝐺(𝑧𝑧)|
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GAN Extensions

• Extend the generator 𝐺𝐺
• Standard 𝐺𝐺: 𝑧𝑧 → 𝑥𝑥; 𝑧𝑧~𝑁𝑁(0, 𝐼𝐼)
• Extension: 𝑧𝑧 can be any distribution!

• Style transfer!

• Pix2Pix (Isola, Berkeley, CVPR2017)
• Paired data: {(𝑥𝑥, 𝑧𝑧)}, 𝑧𝑧: input; 𝑥𝑥: target
• Generator 𝐺𝐺: 𝑧𝑧 → 𝑥𝑥; 
• Discriminator 𝐷𝐷(𝑧𝑧, 𝑥𝑥) v.s. 𝐷𝐷(𝑧𝑧,𝐺𝐺(𝑧𝑧))
• Tricks

• Skip-connection in generator for better conditioning
• Additional 𝐾𝐾1 loss |𝑥𝑥 − 𝐺𝐺(𝑧𝑧)|
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GAN Extensions

• Pix2Pix (Isola, Berkeley, CVPR2017)
• Paired data: {(𝑥𝑥, 𝑧𝑧)}, 𝑧𝑧: input; 𝑥𝑥: target
• Generator 𝐺𝐺: 𝑧𝑧 → 𝑥𝑥; 
• Discriminator 𝐷𝐷(𝑧𝑧, 𝑥𝑥) v.s. 𝐷𝐷(𝑧𝑧,𝐺𝐺(𝑧𝑧))

• Let’s draw cats!
• https://affinelayer.com/pixsrv/
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GAN Extensions

• Pix2Pix (Isola, Berkeley, CVPR2017)
• Paired data: {(𝑥𝑥, 𝑧𝑧)}, 𝑧𝑧: input; 𝑥𝑥: target
• Generator 𝐺𝐺: 𝑧𝑧 → 𝑥𝑥; 
• Discriminator 𝐷𝐷(𝑧𝑧, 𝑥𝑥) v.s. 𝐷𝐷(𝑧𝑧,𝐺𝐺(𝑧𝑧))

• Let’s draw cats!
• https://affinelayer.com/pixsrv/
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GAN Extensions

• Pix2Pix (Isola, Berkeley, CVPR2017)
• Paired data: {(𝑥𝑥, 𝑧𝑧)}, 𝑧𝑧: input; 𝑥𝑥: target
• Generator 𝐺𝐺: 𝑧𝑧 → 𝑥𝑥; 
• Discriminator 𝐷𝐷(𝑧𝑧, 𝑥𝑥) v.s. 𝐷𝐷(𝑧𝑧,𝐺𝐺(𝑧𝑧))

• Let’s dance! 
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GAN Extensions

• Pix2Pix (Isola, Berkeley, CVPR2017)
• Everybody Dance Now (Berkeley, ICCV 2019)
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GAN Extensions

• Pix2Pix (Isola, Berkeley, CVPR2017)
• Everybody Dance Now (Berkeley, ICCV 2019)
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GAN Extensions

• What if we do not have paired data?
• Pix2Pix require 1-on-1 mapped data pairs
• E.g., 𝑃𝑃𝑋𝑋 and 𝑃𝑃𝑌𝑌 but no pairing

• CycleGAN (Junyan Zhu et al, ICCV2017)
• Idea: two generator and two discriminator

• 𝐺𝐺: 𝑥𝑥 → 𝑦𝑦 and  𝐹𝐹:𝑦𝑦 → 𝑥𝑥
• Data: 𝐷𝐷𝑋𝑋 𝑥𝑥 → [0,1]  and 𝐷𝐷𝑌𝑌 𝑦𝑦 → [0,1]

• Cycle-consistency loss
• 𝑥𝑥 → 𝐺𝐺 𝑥𝑥 → 𝐹𝐹 𝐺𝐺 𝑥𝑥 → 𝑥𝑥

• 𝐾𝐾𝑐𝑐𝑦𝑦𝑐𝑐 = 𝐸𝐸𝑥𝑥 𝐹𝐹 𝐺𝐺 𝑥𝑥 − 𝑥𝑥 1 + 𝐸𝐸𝑦𝑦 𝐺𝐺 𝐹𝐹 𝑦𝑦 − 𝑦𝑦 1  

• Train two GANs jointly with additional loss 𝜆𝜆 ⋅ 𝐾𝐾𝑐𝑐𝑦𝑦𝑐𝑐
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GAN Extensions

• What if we do not have paired data?
• Pix2Pix require 1-on-1 mapped data pairs
• E.g., 𝑃𝑃𝑋𝑋 and 𝑃𝑃𝑌𝑌 but no pairing

• CycleGAN (Junyan Zhu et al, ICCV2017)
• Idea: two generator and two discriminator

• 𝐺𝐺: 𝑥𝑥 → 𝑦𝑦 and  𝐹𝐹:𝑦𝑦 → 𝑥𝑥
• 𝐷𝐷𝑋𝑋 𝑥𝑥 → [0,1]  and 𝐷𝐷𝑌𝑌 𝑦𝑦 → [0,1]

• Cycle-consistency loss
• 𝑥𝑥 → 𝐹𝐹 𝑥𝑥 → 𝐺𝐺 𝐹𝐹 𝑥𝑥 → 𝑥𝑥

• 𝐾𝐾𝑐𝑐𝑦𝑦𝑐𝑐 = 𝐸𝐸𝑥𝑥 𝐹𝐹 𝐺𝐺 𝑥𝑥 − 𝑥𝑥 1 + 𝐸𝐸𝑦𝑦 𝐺𝐺 𝐹𝐹 𝑦𝑦 − 𝑦𝑦 1  

• Train two GAN jointly and 𝜆𝜆 ⋅ 𝐾𝐾𝑐𝑐𝑦𝑦𝑐𝑐
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GAN Extensions

• Funny Failures of CycleGAN
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GAN Extensions

• DragGAN (Pan et al, SIGGRAPH 2023)
• You can modify an image by dragging points
• No fine-tuning required at all

• Key idea:
• A trained generator 𝐺𝐺 𝑧𝑧 → 𝑥𝑥
• Search over 𝑧𝑧𝑧 where key points move long the drag
• “Gradient” estimate for 𝑧𝑧𝑧
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Summary

• Generative Adversarial Networks
• Implicit generative model and likelihood-free learning
• Flexible framework and powerful neural loss function
• High quality generation and general applications
• Fundamentally hard to train and lots of tricks to make it work

• Compare with other generative models
• EBM: generic density, best math, sample via MCMC, slow converge
• VAE: flexible model and sampling, stable training but approximate inference
• Trade-offs: sampling, expressiveness and training
• Applications: (conditioned) generation/inference, semi/un-supervised learning 
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End of Class

• Yes, it is true!
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