
Recap.



判别难度：如何有效地区分两个分布？

• 怎么判别人脸是真实的？
• 这并不容易…
• 判别器无法有效为生成器提供优化信息

真实！ 生成！



Mode Collapse

https://arxiv.org/pdf/1701.07875.pdf



Problems of DJS

If pand qdon’t overlap, DJS is a constant (log2), i.e., no gradient



Wasserstein Distance • when pand qare delta functions:



W-GAN vs. original GAN

original 

GAN

W-GAN



“Simply penalizing overly large gradients

also works in theory, but experimentally

we found that this approach converged

faster and to better optima.”

Improved WGAN (WGAN-GP)

𝑃𝑑𝑎𝑡𝑎

−𝜆𝐸𝑥~𝑃𝑝𝑒𝑛𝑎𝑙𝑡𝑦

𝐷
≈ max{𝐸𝑥~𝑃𝑑𝑎𝑡𝑎 𝐷 𝑥 − 𝐸𝑥~𝑃𝐺 𝐷 𝑥𝑉 𝐺,

𝐷

𝑃𝑝𝑒𝑛𝑎𝑙𝑡𝑦

𝑚𝑎𝑥 0, 𝛻𝑥𝐷 𝑥 − 1 }

𝛻𝑥𝐷 𝑥 − 1 2

𝑃𝐺

𝐷 𝑥𝐷 𝑥
Largest gradient in 

this region (=1)



Energy-based GAN (EBGAN)

Discriminator

0 for the 

best images

Generator is 

the same.

-
0.1

EN DE

Autoencoder

X -1 -0.1

• Using an autoencoder as discriminator D

➢Using the negative reconstruction error of

auto-encoder to determine the goodness

➢Benefit: The auto-encoder can be pre-train

[Junbo Zhao, et al., arXiv, 2016]

by real images without generator.



Loss-sensitive GAN (LSGAN)

D(x)

𝑥

WGAN LSGAN

𝑥′′

D(x)

Δ 𝑥, 𝑥′′

Δ 𝑥, 𝑥′

𝑥′′

𝑥′

𝑥′

𝑥



More GANs
• BigGAN

• PGGAN

• StyleGAN Series

• VQGAN



Gaussian Target distribution

Recap：GANs



Horses Zebras

Recap：CycleGAN



BigGAN: LARGE SCALE GAN TRAINING FOR HIGH 

FIDELITY NATURAL IMAGE SYNTHESIS
• Bag of tricks for GANs

https://arxiv.org/pdf/1809.11096

GANs benefit dramatically from 

scaling, and train models with two to 

four times as many parameters and 

eight times the batch size compared to 

prior art.



PGGAN: PROGRESSIVE GROWING OF GANS FOR 

IMPROVED QUALITY, STABILITY, AND VARIATION
• Multi-scale framework.

https://arxiv.org/pdf/1710.10196



PGGAN: PROGRESSIVE GROWING OF GANS FOR 

IMPROVED QUALITY, STABILITY, AND VARIATION
• Multi-scale framework.

https://arxiv.org/pdf/1710.10196



PGGAN: PROGRESSIVE GROWING OF GANS FOR 

IMPROVED QUALITY, STABILITY, AND VARIATION
• CelebA-HQ

https://arxiv.org/pdf/1710.10196



STYLEGAN: A Style-Based Generator Architecture for 

Generative Adversarial Networks
• SoTA GAN before tokenizers.

https://arxiv.org/pdf/1812.04948

AdaIN



STYLEGAN: A Style-Based Generator Architecture for 

Generative Adversarial Networks
• Good editability.

https://arxiv.org/pdf/1812.04948



STYLEGANv2

• Analyses and minor updates.

https://arxiv.org/pdf/1912.04958



STYLEGANv2

• Analyses and minor updates.

https://arxiv.org/pdf/1912.04958



STYLEGANv3: Alias-Free Generative Adversarial Networks

• Aliasing.
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STYLEGANv3: Alias-Free Generative Adversarial Networks

• Aliasing.

https://arxiv.org/pdf/2106.12423



STYLEGANv3: Alias-Free Generative Adversarial Networks

• “Coordinate system”

https://arxiv.org/pdf/2106.12423
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STYLEGANv3: Alias-Free Generative Adversarial Networks
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STYLEGANv3: Alias-Free Generative Adversarial Networks

https://arxiv.org/pdf/2106.12423



STYLEGANv3: Alias-Free Generative Adversarial Networks

• Excellent interpolation.
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STYLEGANv3: Alias-Free Generative Adversarial Networks

• Excellent interpolation.

https://arxiv.org/pdf/2106.12423



StyleGAN-XL: Scaling StyleGAN to Large Diverse Datasets

• Training improvements.

https://arxiv.org/pdf/2202.00273



StyleGAN-XL: Scaling StyleGAN to Large Diverse Datasets

• Training improvements.

https://arxiv.org/pdf/2202.00273

https://sites.google.com/view/stylegan-xl/

https://sites.google.com/view/stylegan-xl/


From VQ-VAE to VQ-GAN

ze
VQ

encoder

VQ

decoder
zq

ConvNet

encoder
ConvNet

decoder

codebook

e0e1 .. .

zx x’

l2

VQ-VAE: L2-

only

D

VQ-GAN: L2 + Adv

Esser, et al., “Taming Transformers for High-Resolution Image Synthesis”, CVPR 2021



VQGAN

Esser, et al., “Taming Transformers for High-Resolution Image Synthesis”, CVPR 2021



From VQ-VAE to VQ-GAN
VQ-VAE VQ-GAN

Esser, et al., “Taming Transformers for High-Resolution Image Synthesis”, CVPR 2021



From VQ-VAE to VQ-GAN

Esser, et al., “Taming Transformers for High-Resolution Image Synthesis”, CVPR 2021



Discussion
• To be precise: VQ-GAN = VQ-VAE + Adv Loss + Perceptual Loss

• w/o VQ, it’s VAE + Adv Loss + Perceptual Loss

• Both are the de facto tokenizers in image generation
• w/ VQ: e.g., Autoregressive Models

• w/o VQ: e.g., Diffusion Models

• Commercial models (e.g., Stable Diffusion, Sora) use these tokenizers



Discussion
• To be precise: VQ-GAN = VQ-VAE + Adv Loss + Perceptual Loss

• w/o VQ, it’s VAE + Adv Loss + Perceptual Loss

• Both are the de facto tokenizers in image generation
• w/ VQ: e.g., Autoregressive Models

• w/o VQ: e.g., Diffusion Models

• Commercial models (e.g., Stable Diffusion, Sora) use these tokenizers

It involves everything!



Text Tokenizers
Meet

Vision Generative Centent



With enough data, deep learning can 

solve pretty much anything

Deep Learning



This is a “dax”.

Which of the below symbols are also 

daxes?

Few-shot Learning

[Lake, Salakhutdinov, Tenenbaum, 2015]



[Lake, Salakhutdinov, Tenenbaum, 2015]

Which of these is an example of the same 

concept as the item in the box?

Few-shot Learning



Representations 

(encoders)

Models 

(decoders)

Deep learning

The point of deep learning is to enable learning with little data



Foundation models

[Blind Orion Searching for the Rising Sun by Nicolas Poussin, 1658]

“If I have seen further it 

is by standing on the 

shoulders of Giants” 
— Newton

https://arxiv.org/pdf/2108.07258.pdf[Bommasani et al. 2021]



1. Learn foundation model 

encoders and decoders 

for each domain
CLIP StyleGAN

GPT-3
SimCLR

BERT

2. Plug them together to 

translate between modalities 
(may require finetuning)

Image caption



Tons of data

Learn foundation models

Learner

CLIP GPT

AlexNet SimCLR

BERT

DALL-E

VQGANStyleGANBigGAN

SimCLR

WaveNet

Use/adapt foundations to 

solve new problems

Little or no data

Adaptor

App



[https://openai.com/blog/clip/]

[Radford et al., 2021] https://arxiv.org/pdf/2103.00020.pdfCLIP

1. Multi-Modal 

Training: Matching 

Text-Image 

representations 

with Contrastive 

Learning

https://openai.com/blog/clip/


[https://openai.com/blog/clip/]

[Radford et al., 2021] https://arxiv.org/pdf/2103.00020.pdf

2. Adaptor: Linear 

classifer on top of 

image encodings

CLIP

https://openai.com/blog/clip/


[https://openai.com/blog/clip/]

[Radford et al., 2021] https://arxiv.org/pdf/2103.00020.pdf

2. Adaptor: Just 

ask

[https://evjang.com/2021/10/23/generalization.html]

CLIP

https://openai.com/blog/clip/
https://evjang.com/2021/10/23/generalization.html


New capabilities by just asking

“A sketch of a banana”

“A photo of a banana”



New capabilities by plugging pretrained models together: CLIP+GAN

“A Monet painting of the Dome”

To maximize 

this

INPUT:

OUTPUT:

GAN 

Generator

Optimize this



"What is the answer to the ultimate question of life, 

the universe, and everything?”

To maximize 

this

INPUT:

OUTPUT:

Image

Generator

Optimize this

Code: https://colab.research.google.com/drive/1_4PQqzM_0KKytCzWtn-ZPi4cCa5bwK2F?usp=sharing

New capabilities by plugging pretrained models together: CLIP+GAN



Tons of data

Learn foundation models

Learner

CLIP GPT

AlexNet SimCLR

BERT

DALL-E

VQGANStyleGANBigGAN

SimCLR

WaveNet

Use/adapt foundations to 

solve new problems

Little or no data

Adaptor

VQGAN CLIP

Text-to-image



DALL-E

Image 

Decoder

“A wide-eyed cat on the lookout 

for food”

INPUT:

Latent space 

Transformer

[Ramesh et al. 2021] https://arxiv.org/pdf/2102.12092.pdf https://openai.com/blog/dall-e/



“An illustration of a baby 

daikon radish in a tutu walking 

a dog” 

Image 

Decoder

OUTPUT:

Latent space 

Transformer

INPUT:

Text-to-image translation



New capabilities by just asking



New capabilities by just 
asking: image translation







DALL-E [Ramesh et al. 2021] https://arxiv.org/pdf/2102.12092.pdf https://openai.com/blog/dall-e/



DALL-E 2



StyleCLIP: Text-Driven Manipulation of StyleGAN Imagery

https://arxiv.org/pdf/2103.17249
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StyleCLIP: Text-Driven Manipulation of StyleGAN Imagery

https://arxiv.org/pdf/2103.17249



StyleGAN-T: Unlocking the Power of GANs for

Fast Large-Scale Text-to-Image Synthesis

https://arxiv.org/pdf/2301.09515
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Fast Large-Scale Text-to-Image Synthesis

https://arxiv.org/pdf/2301.09515



GigaGAN: Scaling up GANs for Text-to-Image Synthesis

https://arxiv.org/pdf/2303.05511

It is orders of magnitude 

faster at inference time, 

taking only 0.13 seconds to 

synthesize a 512px image. 

Second, it can synthesize 

high-resolution images, for 

example, 16-megapixel 

images in 3.66 seconds.
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Discussion
• To be precise: VQ-GAN = VQ-VAE + Adv Loss + Perceptual Loss

• w/o VQ, it’s VAE + Adv Loss + Perceptual Loss

• Both are the de facto tokenizers in image generation
• w/ VQ: e.g., Autoregressive Models

• w/o VQ: e.g., Diffusion Models

• Commercial models (e.g., Stable Diffusion, Sora) use these tokenizers

It involves everything!



DALL-E 2


