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1.Goal, motivation, Basic methods
1.Parametric methods

2.Autoregressive methods

3.Latent space mapping

2.Variational Auto Encoder (VAE)

3.Generative Adversarial Networks (GAN)
1.Introduction (basic setup, intuition)

2.Evaluation

3.Image to image (pix2pix, CycleGAN)

4.Problems and how to improve GAN performance (losses, tricks etc.)

5.StyleGAN

6.Extras (GAN Dissection, Single Image)

Today: Basics,  Next week: Advanced
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Video
Whatever…

Why?

• Because it’s cool

• Content creation!

• Computer graphics

• Image to image

• Image processing

• Apps (emojis, faceapp)

• Simulations

The correct approach when 
there is more than one valid 
solution!



Prompt: A bunch of students trying to figure 
out what generative models are.
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Parametric Distribution 
Estimation
Example: GMM

Step 4: Sample

Elements in the slide taken from NVIDIA CVPR’18 GANs tutorial
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Autoregressive image generation - Recent

Wait for the advanced generative models class!

Diffusion models:
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AE does not transform one *pre-determined* distribution to another!
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AEVAE
Also check out the scale!
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No good! 

Best L2 solution:  All noise is mapped to the mean
(For images: ~ grey image)

In expectation: every noise is mapped to every instance

Multimodality not obtained! 
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Q: What makes a good counterfeiter?



Q: What makes a good counterfeiter?

A: Can fool a good cop



Q: What makes a good counterfeiter?

A: Can fool a good cop

Generator Discriminator



Generator Discriminator

Train D



Generator Discriminator

Train D



Generator Discriminator

Train D



Generator Discriminator

Train D



Generator Discriminator

Train D

Fake (0) or 
Real (1) ?
0 ≤ 𝑝 ≤ 1



Generator Discriminator

Train D

Fake (0) or 
Real (1) ?
0 ≤ 𝑝 ≤ 1

Label: 1



Generator Discriminator

Train D

m𝑎𝑥
𝐷

𝔼𝑥~𝑝𝑑𝑎𝑡𝑎
log 𝐷(𝑥)  

Fake (0) or 
Real (1) ?
0 ≤ 𝑝 ≤ 1

Label: 1



Generator Discriminator

Train D

m𝑎𝑥
𝐷

𝔼𝑥~𝑝𝑑𝑎𝑡𝑎
log 𝐷(𝑥)  

Fake (0) or 
Real (1) ?
0 ≤ 𝑝 ≤ 1

Backprop, 
update weights

Label: 1



Generator Discriminator

Train D

m𝑎𝑥
𝐷

𝔼𝑥~𝑝𝑑𝑎𝑡𝑎
log 𝐷(𝑥)  Maximize log likelihood of true examples



Generator Discriminator

Train D

m𝑎𝑥
𝐷

𝔼𝑥~𝑝𝑑𝑎𝑡𝑎
log 𝐷(𝑥)  



Generator Discriminator

Train D

m𝑎𝑥
𝐷

𝔼𝑥~𝑝𝑑𝑎𝑡𝑎
log 𝐷(𝑥)  



Generator Discriminator

Train D

m𝑎𝑥
𝐷

𝔼𝑥~𝑝𝑑𝑎𝑡𝑎
log 𝐷(𝑥)  



Generator Discriminator

Train D

m𝑎𝑥
𝐷

𝔼𝑥~𝑝𝑑𝑎𝑡𝑎
log 𝐷(𝑥)  

Label: 0



Generator Discriminator

Train D

m𝑎𝑥
𝐷

𝔼𝑥~𝑝𝑑𝑎𝑡𝑎
log 𝐷(𝑥)  m𝑎𝑥

𝐷
𝔼𝑥~𝑝𝑑𝑎𝑡𝑎

log 𝐷(𝑥) + 𝔼𝒛~𝒑𝒛
𝐥𝐨𝐠 𝟏 − 𝑫(𝑮(𝒛))  

Label: 0



Generator Discriminator

Train D

m𝑎𝑥
𝐷

𝔼𝑥~𝑝𝑑𝑎𝑡𝑎
log 𝐷(𝑥)  m𝑎𝑥

𝐷
𝔼𝑥~𝑝𝑑𝑎𝑡𝑎

log 𝐷(𝑥) + 𝔼𝒛~𝒑𝒛
𝐥𝐨𝐠 𝟏 − 𝑫(𝑮(𝒛))  

Backprop, 
update weights

Label: 0



Generator Discriminator

Train D

m𝑎𝑥
𝐷

𝔼𝑥~𝑝𝑑𝑎𝑡𝑎
log 𝐷(𝑥)  m𝑎𝑥

𝐷
𝔼𝑥~𝑝𝑑𝑎𝑡𝑎

log 𝐷(𝑥) + 𝔼𝒛~𝒑𝒛
𝐥𝐨𝐠 𝟏 − 𝑫(𝑮(𝒛))  

Backprop, 
update weights

Label: 0



Generator Discriminator

Train D

m𝑎𝑥
𝐷

𝔼𝑥~𝑝𝑑𝑎𝑡𝑎
log 𝐷(𝑥)  m𝑎𝑥

𝐷
𝔼𝑥~𝑝𝑑𝑎𝑡𝑎

log 𝐷(𝑥) + 𝔼𝒛~𝒑𝒛
𝐥𝐨𝐠 𝟏 − 𝑫(𝑮(𝒛))  

Backprop, 
update weights

Label: 0



Generator Discriminator

m𝑎𝑥
𝐷

𝔼𝑥~𝑝𝑑𝑎𝑡𝑎
log 𝐷(𝑥)  m𝑎𝑥

𝐷
𝔼𝑥~𝑝𝑑𝑎𝑡𝑎

log 𝐷(𝑥) + 𝔼𝒛~𝒑𝒛
𝐥𝐨𝐠 𝟏 − 𝑫(𝑮(𝒛))  



Generator Discriminator

m𝑎𝑥
𝐷

𝔼𝑥~𝑝𝑑𝑎𝑡𝑎
log 𝐷(𝑥)  m𝑎𝑥

𝐷
𝔼𝑥~𝑝𝑑𝑎𝑡𝑎

log 𝐷(𝑥) + 𝔼𝒛~𝒑𝒛
𝐥𝐨𝐠 𝟏 − 𝑫(𝑮(𝒛))  

Train G



Generator Discriminator

m𝑎𝑥
𝐷

𝔼𝑥~𝑝𝑑𝑎𝑡𝑎
log 𝐷(𝑥)  m𝑎𝑥

𝐷
𝔼𝑥~𝑝𝑑𝑎𝑡𝑎

log 𝐷(𝑥) + 𝔼𝒛~𝒑𝒛
𝐥𝐨𝐠 𝟏 − 𝑫(𝑮(𝒛))  𝒎𝒊𝒏

𝑮
 𝑚𝑎𝑥

𝐷
𝔼𝑥~𝑝𝑑𝑎𝑡𝑎

log 𝐷(𝑥) + 𝔼𝑧~𝑝𝑧
𝑙𝑜𝑔 1 − 𝐷(𝑮(𝑧))  

Train G

Minimax game: Make the best cop do the worst mistake!



Generator Discriminator

m𝑎𝑥
𝐷

𝔼𝑥~𝑝𝑑𝑎𝑡𝑎
log 𝐷(𝑥)  m𝑎𝑥

𝐷
𝔼𝑥~𝑝𝑑𝑎𝑡𝑎

log 𝐷(𝑥) + 𝔼𝒛~𝒑𝒛
𝐥𝐨𝐠 𝟏 − 𝑫(𝑮(𝒛))  𝒎𝒊𝒏

𝑮
 𝑚𝑎𝑥

𝐷
𝔼𝑥~𝑝𝑑𝑎𝑡𝑎

log 𝐷(𝑥) + 𝔼𝑧~𝑝𝑧
𝑙𝑜𝑔 1 − 𝐷(𝑮(𝑧))  

Train G



Generator Discriminator

m𝑎𝑥
𝐷

𝔼𝑥~𝑝𝑑𝑎𝑡𝑎
log 𝐷(𝑥)  m𝑎𝑥

𝐷
𝔼𝑥~𝑝𝑑𝑎𝑡𝑎

log 𝐷(𝑥) + 𝔼𝒛~𝒑𝒛
𝐥𝐨𝐠 𝟏 − 𝑫(𝑮(𝒛))  𝒎𝒊𝒏

𝑮
 𝑚𝑎𝑥

𝐷
𝔼𝑥~𝑝𝑑𝑎𝑡𝑎

log 𝐷(𝑥) + 𝔼𝑧~𝑝𝑧
𝑙𝑜𝑔 1 − 𝐷(𝑮(𝑧))  



Generator Discriminator

m𝑎𝑥
𝐷

𝔼𝑥~𝑝𝑑𝑎𝑡𝑎
log 𝐷(𝑥)  m𝑎𝑥

𝐷
𝔼𝑥~𝑝𝑑𝑎𝑡𝑎

log 𝐷(𝑥) + 𝔼𝒛~𝒑𝒛
𝐥𝐨𝐠 𝟏 − 𝑫(𝑮(𝒛))  𝒎𝒊𝒏

𝑮
 𝑚𝑎𝑥

𝐷
𝔼𝑥~𝑝𝑑𝑎𝑡𝑎

log 𝐷(𝑥) + 𝔼𝑧~𝑝𝑧
𝑙𝑜𝑔 1 − 𝐷(𝑮(𝑧))  

I want to 
fool D



Generator Discriminator

m𝑎𝑥
𝐷

𝔼𝑥~𝑝𝑑𝑎𝑡𝑎
log 𝐷(𝑥)  m𝑎𝑥

𝐷
𝔼𝑥~𝑝𝑑𝑎𝑡𝑎

log 𝐷(𝑥) + 𝔼𝒛~𝒑𝒛
𝐥𝐨𝐠 𝟏 − 𝑫(𝑮(𝒛))  𝒎𝒊𝒏

𝑮
 𝑚𝑎𝑥

𝐷
𝔼𝑥~𝑝𝑑𝑎𝑡𝑎

log 𝐷(𝑥) + 𝔼𝑧~𝑝𝑧
𝑙𝑜𝑔 1 − 𝐷(𝑮(𝑧))  

Label: 1



Generator Discriminator

m𝑎𝑥
𝐷

𝔼𝑥~𝑝𝑑𝑎𝑡𝑎
log 𝐷(𝑥)  m𝑎𝑥

𝐷
𝔼𝑥~𝑝𝑑𝑎𝑡𝑎

log 𝐷(𝑥) + 𝔼𝒛~𝒑𝒛
𝐥𝐨𝐠 𝟏 − 𝑫(𝑮(𝒛))  𝒎𝒊𝒏

𝑮
 𝑚𝑎𝑥

𝐷
𝔼𝑥~𝑝𝑑𝑎𝑡𝑎

log 𝐷(𝑥) + 𝔼𝑧~𝑝𝑧
𝑙𝑜𝑔 1 − 𝐷(𝑮(𝑧))  

Backprop, 
Update weights Don’t

Backprop, 
update weights

Label: 1



Generator Discriminator

m𝑎𝑥
𝐷

𝔼𝑥~𝑝𝑑𝑎𝑡𝑎
log 𝐷(𝑥)  m𝑎𝑥

𝐷
𝔼𝑥~𝑝𝑑𝑎𝑡𝑎

log 𝐷(𝑥) + 𝔼𝒛~𝒑𝒛
𝐥𝐨𝐠 𝟏 − 𝑫(𝑮(𝒛))  𝒎𝒊𝒏

𝑮
 𝑚𝑎𝑥

𝐷
𝔼𝑥~𝑝𝑑𝑎𝑡𝑎

log 𝐷(𝑥) + 𝔼𝑧~𝑝𝑧
𝑙𝑜𝑔 1 − 𝐷(𝑮(𝑧))  

Don’t

Backprop, 
update weights

Label: 1



Generator Discriminator

m𝑎𝑥
𝐷

𝔼𝑥~𝑝𝑑𝑎𝑡𝑎
log 𝐷(𝑥)  m𝑎𝑥

𝐷
𝔼𝑥~𝑝𝑑𝑎𝑡𝑎

log 𝐷(𝑥) + 𝔼𝒛~𝒑𝒛
𝐥𝐨𝐠 𝟏 − 𝑫(𝑮(𝒛))  𝒎𝒊𝒏

𝑮
 𝑚𝑎𝑥

𝐷
𝔼𝑥~𝑝𝑑𝑎𝑡𝑎

log 𝐷(𝑥) + 𝔼𝑧~𝑝𝑧
𝑙𝑜𝑔 1 − 𝐷(𝑮(𝑧))  

Don’t

Backprop, 
update weights

Label: 1

                           

                        



Generator Discriminator

m𝑎𝑥
𝐷

𝔼𝑥~𝑝𝑑𝑎𝑡𝑎
log 𝐷(𝑥)  m𝑎𝑥

𝐷
𝔼𝑥~𝑝𝑑𝑎𝑡𝑎

log 𝐷(𝑥) + 𝔼𝒛~𝒑𝒛
𝐥𝐨𝐠 𝟏 − 𝑫(𝑮(𝒛))  𝒎𝒊𝒏

𝑮
 𝑚𝑎𝑥

𝐷
𝔼𝑥~𝑝𝑑𝑎𝑡𝑎

log 𝐷(𝑥) + 𝔼𝑧~𝑝𝑧
𝑙𝑜𝑔 1 − 𝐷(𝑮(𝑧))  

Don’t

Backprop, 
update weights

Label: 1

Q:  Who do you train first?

                        



Generator Discriminator

m𝑎𝑥
𝐷

𝔼𝑥~𝑝𝑑𝑎𝑡𝑎
log 𝐷(𝑥)  m𝑎𝑥

𝐷
𝔼𝑥~𝑝𝑑𝑎𝑡𝑎

log 𝐷(𝑥) + 𝔼𝒛~𝒑𝒛
𝐥𝐨𝐠 𝟏 − 𝑫(𝑮(𝒛))  𝒎𝒊𝒏

𝑮
 𝑚𝑎𝑥

𝐷
𝔼𝑥~𝑝𝑑𝑎𝑡𝑎

log 𝐷(𝑥) + 𝔼𝑧~𝑝𝑧
𝑙𝑜𝑔 1 − 𝐷(𝑮(𝑧))  

Don’t

Backprop, 
update weights

Label: 1

Q:  Who do you train first?

A:  Alternate training! G,D,G,D….
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FAQ1: Why does it work?

• D learns probability! G trains to sample instance with high probability!

• Objective does not determine mapping directly- arrangement of latent 
space is learned!

• Theory: minimizes JS divergence between generated and real 
distributions.
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Why does it work?

1. Every point is mapped to a valid example.

2. Network is continuous.
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1:20-1:48

Progressive Growing of GAN, Karras et al., Feb2018

https://www.youtube.com/watch?v=XOxxPcy5Gr4#action=share


Style Modules (AdaIN)

StyleGAN, Karras et al. NVIDIA 2019 
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