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Outline

• Autoencoders (AE)

• Variational Autoencoders (VAE)

• Vector Quantized VAE (VQ-VAE)

• Diffusion Models



Objective - Reminder

Goal: map simple (known) distribution to the data distribution

Sample From Data
Travel on “data manifold”



GANs - Reminder

ℒ𝐺𝐴𝑁 = 𝑚𝑖𝑛
𝐺

𝑚𝑎𝑥
𝐷

𝔼𝑥~𝑝𝑑𝑎𝑡𝑎 𝑙𝑜𝑔𝐷 𝑥 + 𝔼𝑧~𝑝𝑧[𝑙𝑜𝑔 1 − 𝐷(𝐺(𝑧)) ]

Source: Assaf Shocher’s slides
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Autoencoders

- Generative model?

Reconstruction Loss

Latent 
representation

Z

Dimensionality Reduction

What happens in Latent Space?

source: https://theailearner.com/2018/11/10/denoising-autoencoders

Z

Z1 = E(img1)

Z2 = E(img2)
Z3 = Z1 + ½ Z2 ?

“Stacked Denoising Autoencoders: Learning Useful Representations in a 
Deep Network with a Local Denoising Criterion” [Vincent et al, 2010]

Denoising Autoencoder
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Autoencoders

- Generative model?

Reconstruction Loss

Latent 
representation

Z

Dimensionality Reduction
Denoising Autoencoder

What happens in Latent Space?

source: https://theailearner.com/2018/11/10/denoising-autoencoders

Z

Z1 = E(img1)

Z2 = E(img2)
Z3 = Z1 + ½ Z2 ?
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Variational Autoencoders (VAE)

“Auto-Encoding Variational Bayes” [Kingma&Welling 14’]

Z

σ

μ

~

torch.randn_like(std)

“Reparametrization Trick”:
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Variational Autoencoders (VAE)

“Auto-Encoding Variational Bayes” [Kingma&Welling 14’]

Z

σ

μ

~

Encourage  𝑝 𝑧 ~𝒩 0,1 :

torch.randn_like(std)

“Reparametrization Trick”:

KL Between 2 Gaussians
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AEVAE
Also check out the scale!

https://towardsdatascience.com/intuitively-understanding-variational-autoencoders-1bfe67eb5daf



Generate Data

From VAE paper



Slide credit: Stanford cs231n

Probabilistic Interpretation

VAEs minimize a lower 
bound of the (minus) 

log likelihood

E D
Reconstruction
+ Latent Prior



Vector-Quantized (VQ) VAE

𝒙 ෝ𝒙
𝑬(𝒙) 𝑸(𝑬(𝒙))

Codebook

Source: Assaf Shocher’s slides “Neural Discrete Representation Learning “ [van den Oord et al., 2017]

Quantization / Discretization



Vector-Quantized (VQ) VAE 

Codebook

Quantize

Source: Assaf Shocher’s slides “Neural Discrete Representation Learning “ [van den Oord et al., 2017]



Vector-Quantized (VQ) VAE

ℒ𝑟𝑒𝑐 = ො𝑥 − 𝑥 2
2

Quantization is non-differentiable!

𝒙 ෝ𝒙
𝑬(𝒙) 𝑸(𝒙)

ℒ𝑐𝑜𝑚𝑚𝑖𝑡 = 𝐸(𝑥) − 𝑠𝑔(𝑄 𝑥 ) 2
2

Codebook

ℒ𝑐𝑜𝑑𝑒𝑏𝑜𝑜𝑘 = 𝑠𝑔(𝐸 𝑥 ) − 𝑄 𝑥 2
2

Source: Assaf Shocher’s slides “Neural Discrete Representation Learning “ [van den Oord et al., 2017]

𝑠𝑔 = stop-gradient



VQ-VAE Reconstructions

Real Reconstructed

“Neural Discrete Representation Learning “ [van den Oord et al., 2017]



Sampling New Instances
How to sample new “sentence”?

“Neural Discrete Representation Learning “ [van den Oord et al., 2017]

How to sample (not copying)?

Train an autoregressive model to 
predict “words”



Sampling New Instances

AutoRegressive
Model 

(e.g. RNN)

Training an autoregressive 
on codebook elements
(ordered by the encoder)

“Neural Discrete Representation Learning “ [van den Oord et al., 2017]



Sampling New Instances

AutoRegressive
Model 

(e.g. RNN)

Once trained, use it to 
generate new decoder inputs

“Neural Discrete Representation Learning “ [van den Oord et al., 2017]



Sampling New Instances - Results

“Neural Discrete Representation Learning “ [van den Oord et al., 2017]



VQGAN (Taming Transformers)

Taming Transformers for High-Resolution Image Synthesis [Esser et al. 2020]

VQ-VAE + GAN



VQGAN (Taming Transformers)

Taming Transformers for High-Resolution Image Synthesis [Esser et al. 2020]

VQ-VAE + GAN
Transformer



VQGAN (Taming Transformers)

Taming Transformers for High-Resolution Image Synthesis [Esser et al. 2020]



Learning Transferable Visual Models From Natural Language Supervision, Radford et al., 2021

Text
Encoder

Image
Encoder

“A diagram explaining what CLIP is”
Text Embedding

Image Embedding

CosSim
Loss

Pretrained
GAN

Latent Code

CLIP

CLIP: Contrastive Langauage-Image Pre-Training 

Mostly:
VQGAN / StyleGAN2/3, BigGAN



CLIP: Contrastive Langauage-Image Pre-Training 

https://twitter.com/AireGANs/status/1467158078843985932

Learning Transferable Visual Models From Natural Language Supervision, Radford et al., 2021

https://twitter.com/RiversHaveWings



(~)VQ-VAE + Transformers: DALL-E
Ramesh et al., 2021 Teapot in the shape of a rubik’s cube

Store front with ‘pytorch’Soap-dispenser in the 
shape of a doughnut
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Diffusion Models

https://lilianweng.github.io/lil-log/2021/07/11/diffusion-models.html
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Diffusion Models

Images from Jascha Sohl-Dickstein’s slides and “Denoising Diffusion Probabilistic Models”, [Ho et al. 2020]

1. How are we going to do that?!
2. Why should it even work?

Dye represents data density

Observation:
Diffusion destroys structure
Core Idea:
Recover structure by reversing time

Data 
Distribution

Uniform/Normal 
Distribution

https://www.lri.fr/TAU_seminars/videos/Jascha_Sohl_Dickstein_28avril2017/slides.pdf
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Diffusion Models

Images from Jascha Sohl-Dickstein’s slides and “Denoising Diffusion Probabilistic Models”, [Ho et al. 2020]

Dye represents data density

Observation:
Diffusion destroys structure
Core Idea:
Recover structure by reversing time

Data 
Distribution

Uniform/Normal 
Distribution

1. How are we going to do that?!
2. Why should it even work?

https://www.lri.fr/TAU_seminars/videos/Jascha_Sohl_Dickstein_28avril2017/slides.pdf
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Diffusion Models

Images from Jascha Sohl-Dickstein’s slides and “Denoising Diffusion Probabilistic Models”, [Ho et al. 2020]

1. How are we going to do that?!
2. Why should it even work?

© Rutger Saly

https://www.lri.fr/TAU_seminars/videos/Jascha_Sohl_Dickstein_28avril2017/slides.pdf
https://www.youtube.com/watch?v=cDcprgWiQEY
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Diffusion Models

Images from Jascha Sohl-Dickstein’s slides and “Denoising Diffusion Probabilistic Models”, [Ho et al. 2020]

Position updates
are small Gaussian

For Small step size:
Forward and Reverse
Have similar functional 
shape [Feller, 1949]

© Rutger Saly

Gaussian ~

1. How are we going to do that?!
2. Why should it even work?

https://www.lri.fr/TAU_seminars/videos/Jascha_Sohl_Dickstein_28avril2017/slides.pdf
https://www.youtube.com/watch?v=cDcprgWiQEY
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Diffusion Models

Images from Jascha Sohl-Dickstein’s slides and “Denoising Diffusion Probabilistic Models”, [Ho et al. 2020]

1. How on earth are we going to do that?!
2. Why on earth should it even work?

Position updates
are small Gaussian

For Small step size:
Forward and Reverse
Have similar functional 
shape [Feller, 1949]

© Rutger Saly

Gaussian ~

https://www.lri.fr/TAU_seminars/videos/Jascha_Sohl_Dickstein_28avril2017/slides.pdf
https://www.youtube.com/watch?v=cDcprgWiQEY
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Diffusion Models

add small noise

decay to origin

Forward process:
Gradually adding noise
According to beta schedule
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Diffusion Models

Intractable  (depends on entire dataset)

Yannic on DDPM: https://www.youtube.com/watch?v=W-O7AZNzbzQ&t=2015s
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Diffusion Models

Intractable  (depends on entire dataset)

Forward:
Easy

Reverse:
Needs a lot (!) of priors
about the data/world

Yannic on DDPM: https://www.youtube.com/watch?v=W-O7AZNzbzQ&t=2015s
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Diffusion Models

Intractable  (depends on entire dataset)
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Diffusion Models

Intractable  (depends on entire dataset)
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Diffusion Models

Intractable  (depends on entire dataset)
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Diffusion Models

Intractable  (depends on entire dataset)

Train by maximizing log-likelihood:
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Diffusion Models

Intractable  (depends on entire dataset)

Train by maximizing log-likelihood:

Tractable!
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Diffusion Models

Intractable  (depends on entire dataset)

Train by maximizing log-likelihood:
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Diffusion Models

Intractable  (depends on entire dataset)
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Diffusion Models

“Denoising Diffusion Probabilistic Models” [Ho et al., 2020]
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Diffusion Models

Computed from x0

(by adding noise - analytically)
“Denoising Diffusion Probabilistic Models” [Ho et al., 2020]
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GANs – 2014 → 2021
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Diffusion Models

“Diffusion Models Beat GANs on Image Synthesis “ [Dhariwal & Nichol, 2021]

“Deep Unsupervised Learning using Nonequilibrium Thermodynamics” [Sohl-Dickstein et al. 2015]

Sohl-Dickstein → Beat-GANS involves:
1) simplified losses (other bounds)
2) other schemes/learning betas/covariances
3) Architectures
4) sampling methods (T=1000 → T=25)
5) “classifier-guidance” 
and more…
Highly active research in 2021
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Summary

• Autoencoders (AE)

• Variational Autoencoders (VAE)

• Vector Quantized VAE (VQ-VAE)

• VQGAN

• Diffusion Models

• Epilogue: PNNs

• Bonus: ..
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GPNN Input

↓𝑟

↓𝑟

Patch 
GAN

Patch 
GAN

Patch 
GAN

+

Output

↑𝑟

↑𝑟

PNN

PNN

PNN

“Drop the GAN: In Defense of Patches 
Nearest Neighbors as Single Image 
Generative Models” [Granot et al., 2021]

Randomness



Diverse images generated from a single image
Input Generated

“Drop the GAN: In Defense of Patches 
Nearest Neighbors as Single Image 
Generative Models” [Granot et al., 2021]

Source Image GPNN SinGAN



Diverse videos generated from a single video

“Diverse Generation from a Single Video Made Possible” [Haim et al., 2021]

Original Video (the rest are generated)
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Diffusion Models + CLIP

“GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models“ [Nichol et al., 20/12/2021..]
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Diffusion Models + CLIP

“GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models“ [Nichol et al., 20/12/2021..]
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Diffusion Models + CLIP

“GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models“ [Nichol et al., 20/12/2021..]

Prompt:
“A cozy living room with a 
painting of a corgi on the wall 
above a couch and a round 
coffee table in front of a couch 
and a vase of flowers on a 
coffee table”
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Next Week:

Learning From Videos


