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Previously on COMP541
• generative adversarial networks 

(GANs)

• normalizing flow models
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Artificial faces synthesized by StyleGAN (Nvidia)



Lecture overview

• variational autoencoders (VAEs)

• vector quantized VAEs (VQ-VAEs)

• denoising diffusion models

Disclaimer: Much of the material and slides for this lecture were borrowed from 
—Pavlov Protopapas, Mark Glickman and Chris Tanner's Harvard CS109B class
—Andrej Risteski's CMU 10707 class
—David McAllester's TTIC 31230 class
—Andrew Owens’s EECS 442/504 class
—Sangwoo Mo’s talk titled “Introduction to Diffusion Models”
—Robin Rombach’s slides on “Latent Diffusion Models”
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Lecture overview

• variational autoencoders (VAEs)

• vector quantized VAEs (VQ-VAEs)

• denoising diffusion models
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Recap: Autoencoders

• Details of what goes insider the encoder and decoder matter! 

• Need constraints to avoid learning an identity. 
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Autoencoder	

Encoder Decoder 

Input Image 

Feature Representation 

Feed-back, 
generative, 
top-down 
path	

Feed-forward,  
bottom-up	

• 	Details	of	what	goes	insider	the	encoder	and	decoder	maler!	
• 	Need	constraints	to	avoid	learning	an	idenAty.		

Feed-back,
generative,
top-down

Feed-forward,
bottom-up



Parameter space of autoencoder
• Let’s examine the latent space of an AE. 

• Is there any separation of the different 
classes? If the AE learned the “essence” 
of the MNIST images, similar images 
should be close to each other. 

• Plot the latent space and examine the 
separation. 

• Here we plot the 2 PCA components of 
the latent space. 

6Image taken from A. Glassner, Deep Learning, Vol. 2: From Basics to Practice



Traversing the latent space
• We start at the start of the arrows in latent

space and then move to end of the arrow in 
7 steps.

• For each value of z we use the already trained
decoder to produce an image. 

7Image taken from A. Glassner, Deep Learning, Vol. 2: From Basics to Practice



Problems with Autoencoders
• Gaps in the latent space

• Discrete latent space

• Separability in the latent space
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Generative models
• Imagine we want to generate data from a distribution,  

• e.g. 
x ⇠ p(x)

x ⇠ N (µ,�)



Generative models
• But how do we generate such samples?

z ⇠ Unif(0, 1)



Generative models
• But how do we generate such samples?

z ⇠ Unif(0, 1) x = ln z



Generative models
• In other words we can think that if we choose z ~Uniform then there is a mapping:

such as:

where in general 𝑓 is some complicated function.

• We already know that Neural Networks are great in learning complex functions.  

𝑥 = 𝑓(𝑧)

𝑥 ∼ 𝑝(𝑥)

𝑥 = 𝑓(𝑧) 𝑥 ∼ 𝑝(𝑥)𝑧 ∼ 𝑔(𝑧)



Traditional Autoencoders
• In traditional autoencoders, we can think of encoder and decoders as 

some function mapping.  
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Encoder Decoderz

*𝑥 = 𝑓(𝑧)𝑧 = ℎ(𝑥)



Variational Autoencoders
• To go to variational autoencoders, we need to first add some 

stochasticity and think of it as a probabilistic modeling. 
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Encoder Decoderz



Variational Autoencoders
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Decoder
𝑃(#𝑥|𝑧)z

Sample from g(z) 
e.g. Standard 

Gaussian

𝑧 ∼ 𝑔(𝑧) *𝑥 = 𝑓(𝑧) *𝑥 ∼ 𝑃(𝑥|𝑧)



Variational Autoencoders
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Encoder z

Encoder

𝑧!

𝑧"

Consider this 
to be the mean 
of a normal 𝜇  

Consider this to 
be the std of a 
normal 𝜎 

Randomly 
chosen value

Latent value, z

Traditional AE 

Decoder

Variational AE 



Variational Autoencoders
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Variational Autoencoders
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Variational Autoencoders
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Separability in Variational Autoencoders
• Separability is not only between classes but 

we also want similar items in the same class 
to be near each other. 

• For example, there are different ways of 
writing “2”, we want similar styles to end up 
near each other. 

• Let’s examine VAE, there is something 
magic happening once we add stochasticity 
in the latent space. 
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Separability in Variational Autoencoders
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Encode the first sample (a “2”) and find 𝜇!, 𝜎!



Separability in Variational Autoencoders
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Blending Latent Variables

23

D
E

C
O

D
E

R
E

N
C

O
D

E
R

Latent Space

Mean µ

SD σ

Decode to .𝑥!



Separability in Variational Autoencoders
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Encode the second sample (a “3”) find 𝜇", 𝜎".	Sample z" ∼ 𝑁(𝜇", 𝜎")



Separability in Variational Autoencoders
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Separability in Variational Autoencoders
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Train with the first sample (a “2”) again and find 𝜇!, 𝜎!. However, z! ∼ 𝑁(𝜇!, 𝜎!) 
will not be the same. It can happen to be close to the “3” in latent space. 



Separability in Variational Autoencoders
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Decode to ,𝑥!. Since the decoder only knows how to map from latent 
space to ,𝑥 space, it will return a “3”.



Latent space  starts to 
re-organize

Separability in Variational Autoencoders
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Separability in Variational Autoencoders
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Separability in Variational Autoencoders
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Separability in Variational Autoencoders
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Separability in Variational Autoencoders
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Separability in Variational Autoencoders
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Training
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𝑊! 𝑊"

µ

𝜎

𝑧𝑥 #𝑥

Encoder Decoder

Training means learning 𝑊% and 𝑊&. 
• Define a loss function ℒ 
• Use stochastic gradient descent (or Adam) to minimize  ℒ

The Loss function: 
• Reconstruction error: ℒ! =

"
#
∑$ 𝑥$ − &𝑥$ %

• Similarity between the probability of z given x, p 𝑧 𝑥 , and some predefined probability 
distribution p(z), which can be computed by Kullback-Leibler divergence (KL): 
𝐾𝐿(𝑝(𝑧|𝑥)||𝑝 𝑧 ) 

 



Bayesian AE

35

𝑊! 𝑊"

µ

𝜎

𝑧𝑥 #𝑥

Encoder Decoder

Parameters 
of the model 

(𝜃 is z)

p 𝜃 𝐷 ∝ 𝑝 𝐷 𝜃 𝑝 𝜃

p 𝑧 𝑥, ,𝑥 ∝ 𝑝 ,𝑥 𝑧, 𝑥 𝑝 𝑧

Bayes rule:

Posterior for our parameters, z is: 

Posterior predictive, probability to see ,𝑥 given 𝑥;	this is INFERENCE: 

p ,𝑥 𝑥 = ∫ 𝑝 ,𝑥 𝑧, 𝑥 𝑝 𝑧 𝑥 𝑑𝑧

Decoder: NN Posterior



Bayesian AE
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The posterior, 𝑃 𝑧 𝑥, ,𝑥 , can be sampled with MCMC, i.e. no minimization of 
Loss function. How?
1. Set the priors, 𝑝 𝑧
2. Define the likelihood, 𝑃 (𝑥 𝑧, 𝑥  

3. Propose a new z* and:

a. check if 𝑃 𝑧∗ 𝑥, (𝑥 /𝑃 𝑧 𝑥, (𝑥  >1: accept, 𝑧∗

b. If 𝑃 𝑧∗ 𝑥, (𝑥 /𝑃 𝑧 𝑥, (𝑥  <1 throw a random coin and accept/reject 𝑧∗

4. This will converge to true 𝑃 𝑧 𝑥, (𝑥 !	

5. Calculate 𝑃 (𝑥 𝑥 = ∫ 𝑃 (𝑥 𝑧, 𝑥 𝑃 𝑧 𝑥 𝑑𝑧 (Note: this is easily done with sample 
from z and re-weight given the likelihood)



Variational AE
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Problem: z is the dimensionality of your latent space, which can be too 
large. In other words this ∫ 𝑝 ,𝑥 𝑧, 𝑥 𝑝 𝑧 𝑥 𝑑𝑧 becomes intractable.

Instead we turn this into a minimization problem – Variational Calculus 
Find a q 𝑧 𝑥  that is similar to 𝑝 𝑧 𝑥  by minimizing their difference. 

After some math: 

 

−E
z~qφ z x( ) log pθ x z( )( )  +  KL qφ z x( ) pθ (z)( )
Reconstruction Loss

Proposal distribution 
should resemble 

a Gaussian

Evidence Lower
BOund (ELBO)



• Where does z come from? — The classic DAG problem. 
• The VAE approach: introduce an inference machine                that 

learns to approximate the posterior               . 

• Define a variational lower bound on the data likelihood: 

• What is               ?

Variational Auto-Encoder (VAE)

regularization term reconstruction term

qφ(z | x)
pθ(z | x)

pθ(x) ≥ L(θ,φ, x)

qφ(z | x)

L(�,�, x) = Eq�(z|x) [log p�(x, z)� log q�(z | x)]
= Eq�(z|x) [log p�(x | z) + log p�(z)� log q�(z | x)]
= �DKL (q�(z | x)� p�(z)) + Eq�(z|x) [log p�(x | z)]
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Slide  credit: Aaron Courville 38



Variational AE: Math Maximum Likelihood?

Maximize likelihood of dataset

Kingma and Welling, ICLR 2014 39



Maximize likelihood of dataset

Maximize log-likelihood instead 
because sums are nicer

Variational AE: Math Maximum Likelihood?

40Kingma and Welling, ICLR 2014



Variational AE: Math Maximum Likelihood?

Maximize likelihood of dataset

Maximize log-likelihood instead 
because sums are nicer

Marginalize joint 
distribution

41Kingma and Welling, ICLR 2014



Maximize likelihood of dataset

Maximize log-likelihood instead 
because sums are nicer

Intractible integral!

Variational AE: Math Maximum Likelihood?
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Variational AE: Math
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Variational AE: Math
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Variational AE: Math
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Variational AE: Math

46



Variational AE: Math
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Variational AE: Math
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Variational AE: Math

“Elbow”
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Variational AE: Math

“Elbow”
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Variational AE: Math

Variational lower bound (elbow)

“Elbow”
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Variational AE: Math

Variational lower bound (elbow) Training: Maximize lower bound

“Elbow”
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Variational AE: Math
Reconstruct
the input 
data

Variational lower bound (elbow) Training: Maximize lower bound

“Elbow”
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Variational AE: Math
Reconstruct
the input 
data

Latent states 
should follow 
the prior

Variational lower bound (elbow) Training: Maximize lower bound

“Elbow”
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Variational AE: Math
Reconstruct
the input 
data

Latent states 
should follow 
the prior

Variational lower bound (elbow) Training: Maximize lower bound

Sampling
with
reparam.
trick
(see paper)

“Elbow”
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Variational AE: Math
Reconstruct
the input 
data

Latent states 
should follow 
the prior

Variational lower bound (elbow) Training: Maximize lower bound

Everything is 
Gaussian, 
closed form 
solution!Sampling

with
reparam.
trick
(see paper)

“Elbow”
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Training VAE
• Apply stochastic gradient descent (SGD)

Problem:

• Sampling step not differentiable

• Use a re-parameterization trick
–Move sampling to input layer, so that the sampling step is independent 

of the model

57



Reparametrization Trick

58

Encoder Decoderz
𝜇

𝜎



Reparametrization Trick

59

Encoder Decoderz
𝜇

𝜎

𝑍 = 𝜇 + 𝜀 ∘ 𝜎



Reparametrization Trick
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Encoder Decoderz
𝜇

𝜎

𝜀 ∼ 𝑁(0, 𝐼)

𝑍 = 𝜇 + 𝜀 ∘ 𝜎



Training VAE
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Input Image:

Output Images:

Difference:

Traditional AE:

Input Image:

Output Images:

Variational AE:



Latent space of VAE
• More separable than AE

• Because of the prior N(0,1) everything is center at (0,0) with spread 
of approx 1.  
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Desiderata for representations
What do we want out a representation? 
Many possible answers here. First, a few uncontroversial desiderata: 
• Interpretability: if the derived features are semantically meaningful, and

interpretable by a human, they can be easily evaluated.
(e.g. noisy-OR: "features" are diseases a patient has) 
Sparsity of a representation is an important subcase: "explanatory" features for
sample can be examined if there are a small number of them.

• Downstream usability: the features are "useful" for downstream tasks. 
Some examples: 
Improving label efficiency: if, for a task, a linear (or otherwise "simple") 
classifier can be trained on features and it works well, smaller # of labeled
samples are needed. 
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Desiderata for representations
• Obvious issue: interpretability and “usefulness” are not easily mathematically 

expressed. We need some “proxies” that induce such properties.
This is a lot more contraversial – here we survey some general desiderata, proposed 
as early as Bengio-Courville-Vincent ’14:

• Hierarchy/compositionality: video/images/text/ are expected to have hierarchical 
structure – depth helps induce such structure.

• Semantic clusterability: features of the same ”semantic class” (e.g. images in the 
same category) are clustered.

• Linear interpolation: in representation space, linear interpolations produce 
meaningful data points (i.e. ”latent space is convex”). Sometimes called manifold 
flattening.

• Disentangling: features capture “independent factors of variation” of data. (Bengio-
Courville-Vincent ’14). Has been very popular in modern unsupervised learning, 
though many potential issues with it.
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Semantic clustering
• Semantic clusterability: features of the same “semantic class” 

(e.g. images in the same category) are clustered together.

65

The intuition: 

If semantic classes are linearly (or other
simple function) separable, and labels
on downstream tasks depend linearly
on semantic classes – can afford to
learn a simple classifier!! 

t-SNE projection of VAE-learned features of the 10 MNIST classes. 
Image from https://pyro.ai/examples/vae.html



Semantic clustering
• Semantic clusterability: features of the same “semantic class” 

(e.g. images in the same category) are clustered together.

66

t-SNE projection of word embeddings for artists (clustered by genre). Image from https://medium.com/free-code-
camp/learn-tensorflow-the- word2vec-model-and-the-tsne-algorithm-using-rock-bands-97c99b5dcb3a

https://medium.com/free-code-camp/learn-tensorflow-the-%20word2vec-model-and-the-tsne-algorithm-using-rock-bands-97c99b5dcb3a
https://medium.com/free-code-camp/learn-tensorflow-the-%20word2vec-model-and-the-tsne-algorithm-using-rock-bands-97c99b5dcb3a


Linear interpolation
• Linear interpolation: in representation space, linear interpolations 

produce meaningful data points. (i.e. “latent space is convex”)
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Linear interpolation
Linear interpolation: in representation space, linear interpolations produce 

        

4

The intuition: 

The data manifold is 
complicated/curved.

The latent variable 
manifold is a convex set 

moving in straight 
lines keeps us on it. 

Interpolations for a VAE trained on MNIST.

The intuition: 

The data manifold is 
complicated/curved.

The latent variable
manifold is a convex
set – moving in straight
lines keeps us on it.

Interpolations for a VAE trained on MNIST.



Linear interpolation
• Linear interpolation: in representation space, linear interpolations 

produce meaningful data points. (i.e. “latent space is convex”)

68

Interpolations for a BigGAN, image from
https://thegradient.pub/bigganex-a-dive-into- the-latent-space-of-biggan/

Linear interpolation
Linear interpolation: in representation space, linear interpolations produce 

        

Interpolations for a BigGAN, image from 
https://thegradient.pub/bigganex-a-dive-into-

the-latent-space-of-biggan/

https://thegradient.pub/bigganex-a-dive-into-%20the-latent-space-of-biggan/


Prior disentangling:  is a product distribution, i.e.
Classical example: ICA (independent component analysis)

Posterior disentangling: fit a variational posterior      s.t.                is (on 
average over    ) a product distribution

In other words                               -- usually called the aggregate posterior – is

close to a product distribution.

Disentangled representations
• Disentangling: features capture “independent factors of variation” of data. 

(Bengio-Courville-Vincent ’14). 

• For concreteness, let’s assume that we have a latent variable model for data 
with latent variables . , observables    , and joint distribution

• There are (at least) two ways to formalize this.

69

p✓(z)
<latexit sha1_base64="N2Hi8O7JPr4/1sYAl83Che2mU34=">AAACDHicbVDLSsNAFJ3UV62vqks3g0Wom5KIoMuiG5cV7AOaUCbTSTt0MgkzN0IN+QA3/oobF4q49QPc+TdO2iy09cAwh3PP5d57/FhwDbb9bZVWVtfWN8qbla3tnd296v5BR0eJoqxNIxGpnk80E1yyNnAQrBcrRkJfsK4/uc7r3XumNI/kHUxj5oVkJHnAKQEjDaq1eJC6fiSGehqaL3VhzIBkWd0NCYz9IH3ITo3Lbtgz4GXiFKSGCrQG1S93GNEkZBKoIFr3HTsGLyUKOBUsq7iJZjGhEzJifUMlCZn20tkxGT4xyhAHkTJPAp6pvztSEup8WePMV9SLtVz8r9ZPILj0Ui7jBJik80FBIjBEOE8GD7liFMTUEEIVN7tiOiaKUDD5VUwIzuLJy6Rz1nAMvz2vNa+KOMroCB2jOnLQBWqiG9RCbUTRI3pGr+jNerJerHfrY24tWUXPIfoD6/MHRuOcXg==</latexit><latexit sha1_base64="N2Hi8O7JPr4/1sYAl83Che2mU34=">AAACDHicbVDLSsNAFJ3UV62vqks3g0Wom5KIoMuiG5cV7AOaUCbTSTt0MgkzN0IN+QA3/oobF4q49QPc+TdO2iy09cAwh3PP5d57/FhwDbb9bZVWVtfWN8qbla3tnd296v5BR0eJoqxNIxGpnk80E1yyNnAQrBcrRkJfsK4/uc7r3XumNI/kHUxj5oVkJHnAKQEjDaq1eJC6fiSGehqaL3VhzIBkWd0NCYz9IH3ITo3Lbtgz4GXiFKSGCrQG1S93GNEkZBKoIFr3HTsGLyUKOBUsq7iJZjGhEzJifUMlCZn20tkxGT4xyhAHkTJPAp6pvztSEup8WePMV9SLtVz8r9ZPILj0Ui7jBJik80FBIjBEOE8GD7liFMTUEEIVN7tiOiaKUDD5VUwIzuLJy6Rz1nAMvz2vNa+KOMroCB2jOnLQBWqiG9RCbUTRI3pGr+jNerJerHfrY24tWUXPIfoD6/MHRuOcXg==</latexit><latexit sha1_base64="N2Hi8O7JPr4/1sYAl83Che2mU34=">AAACDHicbVDLSsNAFJ3UV62vqks3g0Wom5KIoMuiG5cV7AOaUCbTSTt0MgkzN0IN+QA3/oobF4q49QPc+TdO2iy09cAwh3PP5d57/FhwDbb9bZVWVtfWN8qbla3tnd296v5BR0eJoqxNIxGpnk80E1yyNnAQrBcrRkJfsK4/uc7r3XumNI/kHUxj5oVkJHnAKQEjDaq1eJC6fiSGehqaL3VhzIBkWd0NCYz9IH3ITo3Lbtgz4GXiFKSGCrQG1S93GNEkZBKoIFr3HTsGLyUKOBUsq7iJZjGhEzJifUMlCZn20tkxGT4xyhAHkTJPAp6pvztSEup8WePMV9SLtVz8r9ZPILj0Ui7jBJik80FBIjBEOE8GD7liFMTUEEIVN7tiOiaKUDD5VUwIzuLJy6Rz1nAMvz2vNa+KOMroCB2jOnLQBWqiG9RCbUTRI3pGr+jNerJerHfrY24tWUXPIfoD6/MHRuOcXg==</latexit><latexit sha1_base64="N2Hi8O7JPr4/1sYAl83Che2mU34=">AAACDHicbVDLSsNAFJ3UV62vqks3g0Wom5KIoMuiG5cV7AOaUCbTSTt0MgkzN0IN+QA3/oobF4q49QPc+TdO2iy09cAwh3PP5d57/FhwDbb9bZVWVtfWN8qbla3tnd296v5BR0eJoqxNIxGpnk80E1yyNnAQrBcrRkJfsK4/uc7r3XumNI/kHUxj5oVkJHnAKQEjDaq1eJC6fiSGehqaL3VhzIBkWd0NCYz9IH3ITo3Lbtgz4GXiFKSGCrQG1S93GNEkZBKoIFr3HTsGLyUKOBUsq7iJZjGhEzJifUMlCZn20tkxGT4xyhAHkTJPAp6pvztSEup8WePMV9SLtVz8r9ZPILj0Ui7jBJik80FBIjBEOE8GD7liFMTUEEIVN7tiOiaKUDD5VUwIzuLJy6Rz1nAMvz2vNa+KOMroCB2jOnLQBWqiG9RCbUTRI3pGr+jNerJerHfrY24tWUXPIfoD6/MHRuOcXg==</latexit>

p✓(z,x)
<latexit sha1_base64="ugHeUmJdnwU71c7slYHERK6yU90=">AAACC3icbZDLSsNAFIYn9VbrrerSzdAiVJCSiKDLohuXFewFmhAm00k7dHJh5kSsIXs3voobF4q49QXc+TZO2gra+sPAx3/OYc75vVhwBab5ZRSWlldW14rrpY3Nre2d8u5eW0WJpKxFIxHJrkcUEzxkLeAgWDeWjASeYB1vdJnXO7dMKh6FNzCOmROQQch9Tgloyy1XYje1YciAZDU7IDD0/PQ+O8Y/fJcdueWqWTcnwotgzaCKZmq65U+7H9EkYCFQQZTqWWYMTkokcCpYVrITxWJCR2TAehpDEjDlpJNbMnyonT72I6lfCHji/p5ISaDUOPB0Z76imq/l5n+1XgL+uZPyME6AhXT6kZ8IDBHOg8F9LhkFMdZAqOR6V0yHRBIKOr6SDsGaP3kR2id1S/P1abVxMYujiA5QBdWQhc5QA12hJmohih7QE3pBr8aj8Wy8Ge/T1oIxm9lHf2R8fAODxptT</latexit><latexit sha1_base64="ugHeUmJdnwU71c7slYHERK6yU90=">AAACC3icbZDLSsNAFIYn9VbrrerSzdAiVJCSiKDLohuXFewFmhAm00k7dHJh5kSsIXs3voobF4q49QXc+TZO2gra+sPAx3/OYc75vVhwBab5ZRSWlldW14rrpY3Nre2d8u5eW0WJpKxFIxHJrkcUEzxkLeAgWDeWjASeYB1vdJnXO7dMKh6FNzCOmROQQch9Tgloyy1XYje1YciAZDU7IDD0/PQ+O8Y/fJcdueWqWTcnwotgzaCKZmq65U+7H9EkYCFQQZTqWWYMTkokcCpYVrITxWJCR2TAehpDEjDlpJNbMnyonT72I6lfCHji/p5ISaDUOPB0Z76imq/l5n+1XgL+uZPyME6AhXT6kZ8IDBHOg8F9LhkFMdZAqOR6V0yHRBIKOr6SDsGaP3kR2id1S/P1abVxMYujiA5QBdWQhc5QA12hJmohih7QE3pBr8aj8Wy8Ge/T1oIxm9lHf2R8fAODxptT</latexit><latexit sha1_base64="ugHeUmJdnwU71c7slYHERK6yU90=">AAACC3icbZDLSsNAFIYn9VbrrerSzdAiVJCSiKDLohuXFewFmhAm00k7dHJh5kSsIXs3voobF4q49QXc+TZO2gra+sPAx3/OYc75vVhwBab5ZRSWlldW14rrpY3Nre2d8u5eW0WJpKxFIxHJrkcUEzxkLeAgWDeWjASeYB1vdJnXO7dMKh6FNzCOmROQQch9Tgloyy1XYje1YciAZDU7IDD0/PQ+O8Y/fJcdueWqWTcnwotgzaCKZmq65U+7H9EkYCFQQZTqWWYMTkokcCpYVrITxWJCR2TAehpDEjDlpJNbMnyonT72I6lfCHji/p5ISaDUOPB0Z76imq/l5n+1XgL+uZPyME6AhXT6kZ8IDBHOg8F9LhkFMdZAqOR6V0yHRBIKOr6SDsGaP3kR2id1S/P1abVxMYujiA5QBdWQhc5QA12hJmohih7QE3pBr8aj8Wy8Ge/T1oIxm9lHf2R8fAODxptT</latexit><latexit sha1_base64="ugHeUmJdnwU71c7slYHERK6yU90=">AAACC3icbZDLSsNAFIYn9VbrrerSzdAiVJCSiKDLohuXFewFmhAm00k7dHJh5kSsIXs3voobF4q49QXc+TZO2gra+sPAx3/OYc75vVhwBab5ZRSWlldW14rrpY3Nre2d8u5eW0WJpKxFIxHJrkcUEzxkLeAgWDeWjASeYB1vdJnXO7dMKh6FNzCOmROQQch9Tgloyy1XYje1YciAZDU7IDD0/PQ+O8Y/fJcdueWqWTcnwotgzaCKZmq65U+7H9EkYCFQQZTqWWYMTkokcCpYVrITxWJCR2TAehpDEjDlpJNbMnyonT72I6lfCHji/p5ISaDUOPB0Z76imq/l5n+1XgL+uZPyME6AhXT6kZ8IDBHOg8F9LhkFMdZAqOR6V0yHRBIKOr6SDsGaP3kR2id1S/P1abVxMYujiA5QBdWQhc5QA12hJmohih7QE3pBr8aj8Wy8Ge/T1oIxm9lHf2R8fAODxptT</latexit>

p✓(z,x)
<latexit sha1_base64="ugHeUmJdnwU71c7slYHERK6yU90=">AAACC3icbZDLSsNAFIYn9VbrrerSzdAiVJCSiKDLohuXFewFmhAm00k7dHJh5kSsIXs3voobF4q49QXc+TZO2gra+sPAx3/OYc75vVhwBab5ZRSWlldW14rrpY3Nre2d8u5eW0WJpKxFIxHJrkcUEzxkLeAgWDeWjASeYB1vdJnXO7dMKh6FNzCOmROQQch9Tgloyy1XYje1YciAZDU7IDD0/PQ+O8Y/fJcdueWqWTcnwotgzaCKZmq65U+7H9EkYCFQQZTqWWYMTkokcCpYVrITxWJCR2TAehpDEjDlpJNbMnyonT72I6lfCHji/p5ISaDUOPB0Z76imq/l5n+1XgL+uZPyME6AhXT6kZ8IDBHOg8F9LhkFMdZAqOR6V0yHRBIKOr6SDsGaP3kR2id1S/P1abVxMYujiA5QBdWQhc5QA12hJmohih7QE3pBr8aj8Wy8Ge/T1oIxm9lHf2R8fAODxptT</latexit><latexit sha1_base64="ugHeUmJdnwU71c7slYHERK6yU90=">AAACC3icbZDLSsNAFIYn9VbrrerSzdAiVJCSiKDLohuXFewFmhAm00k7dHJh5kSsIXs3voobF4q49QXc+TZO2gra+sPAx3/OYc75vVhwBab5ZRSWlldW14rrpY3Nre2d8u5eW0WJpKxFIxHJrkcUEzxkLeAgWDeWjASeYB1vdJnXO7dMKh6FNzCOmROQQch9Tgloyy1XYje1YciAZDU7IDD0/PQ+O8Y/fJcdueWqWTcnwotgzaCKZmq65U+7H9EkYCFQQZTqWWYMTkokcCpYVrITxWJCR2TAehpDEjDlpJNbMnyonT72I6lfCHji/p5ISaDUOPB0Z76imq/l5n+1XgL+uZPyME6AhXT6kZ8IDBHOg8F9LhkFMdZAqOR6V0yHRBIKOr6SDsGaP3kR2id1S/P1abVxMYujiA5QBdWQhc5QA12hJmohih7QE3pBr8aj8Wy8Ge/T1oIxm9lHf2R8fAODxptT</latexit><latexit sha1_base64="ugHeUmJdnwU71c7slYHERK6yU90=">AAACC3icbZDLSsNAFIYn9VbrrerSzdAiVJCSiKDLohuXFewFmhAm00k7dHJh5kSsIXs3voobF4q49QXc+TZO2gra+sPAx3/OYc75vVhwBab5ZRSWlldW14rrpY3Nre2d8u5eW0WJpKxFIxHJrkcUEzxkLeAgWDeWjASeYB1vdJnXO7dMKh6FNzCOmROQQch9Tgloyy1XYje1YciAZDU7IDD0/PQ+O8Y/fJcdueWqWTcnwotgzaCKZmq65U+7H9EkYCFQQZTqWWYMTkokcCpYVrITxWJCR2TAehpDEjDlpJNbMnyonT72I6lfCHji/p5ISaDUOPB0Z76imq/l5n+1XgL+uZPyME6AhXT6kZ8IDBHOg8F9LhkFMdZAqOR6V0yHRBIKOr6SDsGaP3kR2id1S/P1abVxMYujiA5QBdWQhc5QA12hJmohih7QE3pBr8aj8Wy8Ge/T1oIxm9lHf2R8fAODxptT</latexit><latexit sha1_base64="ugHeUmJdnwU71c7slYHERK6yU90=">AAACC3icbZDLSsNAFIYn9VbrrerSzdAiVJCSiKDLohuXFewFmhAm00k7dHJh5kSsIXs3voobF4q49QXc+TZO2gra+sPAx3/OYc75vVhwBab5ZRSWlldW14rrpY3Nre2d8u5eW0WJpKxFIxHJrkcUEzxkLeAgWDeWjASeYB1vdJnXO7dMKh6FNzCOmROQQch9Tgloyy1XYje1YciAZDU7IDD0/PQ+O8Y/fJcdueWqWTcnwotgzaCKZmq65U+7H9EkYCFQQZTqWWYMTkokcCpYVrITxWJCR2TAehpDEjDlpJNbMnyonT72I6lfCHji/p5ISaDUOPB0Z76imq/l5n+1XgL+uZPyME6AhXT6kZ8IDBHOg8F9LhkFMdZAqOR6V0yHRBIKOr6SDsGaP3kR2id1S/P1abVxMYujiA5QBdWQhc5QA12hJmohih7QE3pBr8aj8Wy8Ge/T1oIxm9lHf2R8fAODxptT</latexit>

p✓(z,x)
<latexit sha1_base64="ugHeUmJdnwU71c7slYHERK6yU90=">AAACC3icbZDLSsNAFIYn9VbrrerSzdAiVJCSiKDLohuXFewFmhAm00k7dHJh5kSsIXs3voobF4q49QXc+TZO2gra+sPAx3/OYc75vVhwBab5ZRSWlldW14rrpY3Nre2d8u5eW0WJpKxFIxHJrkcUEzxkLeAgWDeWjASeYB1vdJnXO7dMKh6FNzCOmROQQch9Tgloyy1XYje1YciAZDU7IDD0/PQ+O8Y/fJcdueWqWTcnwotgzaCKZmq65U+7H9EkYCFQQZTqWWYMTkokcCpYVrITxWJCR2TAehpDEjDlpJNbMnyonT72I6lfCHji/p5ISaDUOPB0Z76imq/l5n+1XgL+uZPyME6AhXT6kZ8IDBHOg8F9LhkFMdZAqOR6V0yHRBIKOr6SDsGaP3kR2id1S/P1abVxMYujiA5QBdWQhc5QA12hJmohih7QE3pBr8aj8Wy8Ge/T1oIxm9lHf2R8fAODxptT</latexit><latexit sha1_base64="ugHeUmJdnwU71c7slYHERK6yU90=">AAACC3icbZDLSsNAFIYn9VbrrerSzdAiVJCSiKDLohuXFewFmhAm00k7dHJh5kSsIXs3voobF4q49QXc+TZO2gra+sPAx3/OYc75vVhwBab5ZRSWlldW14rrpY3Nre2d8u5eW0WJpKxFIxHJrkcUEzxkLeAgWDeWjASeYB1vdJnXO7dMKh6FNzCOmROQQch9Tgloyy1XYje1YciAZDU7IDD0/PQ+O8Y/fJcdueWqWTcnwotgzaCKZmq65U+7H9EkYCFQQZTqWWYMTkokcCpYVrITxWJCR2TAehpDEjDlpJNbMnyonT72I6lfCHji/p5ISaDUOPB0Z76imq/l5n+1XgL+uZPyME6AhXT6kZ8IDBHOg8F9LhkFMdZAqOR6V0yHRBIKOr6SDsGaP3kR2id1S/P1abVxMYujiA5QBdWQhc5QA12hJmohih7QE3pBr8aj8Wy8Ge/T1oIxm9lHf2R8fAODxptT</latexit><latexit sha1_base64="ugHeUmJdnwU71c7slYHERK6yU90=">AAACC3icbZDLSsNAFIYn9VbrrerSzdAiVJCSiKDLohuXFewFmhAm00k7dHJh5kSsIXs3voobF4q49QXc+TZO2gra+sPAx3/OYc75vVhwBab5ZRSWlldW14rrpY3Nre2d8u5eW0WJpKxFIxHJrkcUEzxkLeAgWDeWjASeYB1vdJnXO7dMKh6FNzCOmROQQch9Tgloyy1XYje1YciAZDU7IDD0/PQ+O8Y/fJcdueWqWTcnwotgzaCKZmq65U+7H9EkYCFQQZTqWWYMTkokcCpYVrITxWJCR2TAehpDEjDlpJNbMnyonT72I6lfCHji/p5ISaDUOPB0Z76imq/l5n+1XgL+uZPyME6AhXT6kZ8IDBHOg8F9LhkFMdZAqOR6V0yHRBIKOr6SDsGaP3kR2id1S/P1abVxMYujiA5QBdWQhc5QA12hJmohih7QE3pBr8aj8Wy8Ge/T1oIxm9lHf2R8fAODxptT</latexit><latexit sha1_base64="ugHeUmJdnwU71c7slYHERK6yU90=">AAACC3icbZDLSsNAFIYn9VbrrerSzdAiVJCSiKDLohuXFewFmhAm00k7dHJh5kSsIXs3voobF4q49QXc+TZO2gra+sPAx3/OYc75vVhwBab5ZRSWlldW14rrpY3Nre2d8u5eW0WJpKxFIxHJrkcUEzxkLeAgWDeWjASeYB1vdJnXO7dMKh6FNzCOmROQQch9Tgloyy1XYje1YciAZDU7IDD0/PQ+O8Y/fJcdueWqWTcnwotgzaCKZmq65U+7H9EkYCFQQZTqWWYMTkokcCpYVrITxWJCR2TAehpDEjDlpJNbMnyonT72I6lfCHji/p5ISaDUOPB0Z76imq/l5n+1XgL+uZPyME6AhXT6kZ8IDBHOg8F9LhkFMdZAqOR6V0yHRBIKOr6SDsGaP3kR2id1S/P1abVxMYujiA5QBdWQhc5QA12hJmohih7QE3pBr8aj8Wy8Ge/T1oIxm9lHf2R8fAODxptT</latexit>



Disentangled representations

• Posterior disentangling in β-VAE. To produce plots, infer latent 
variable for an image, then change a single latent variable gradually.

70Irina Higgins et al. β-VAE: Learning Basic Visual Concepts with a Constrained Variational Framework. ICLR 2017.



Prior disentangling
• Prior disentangling: is a product distribution, i.e.

Classical example: ICA (independent component analysis), also called the   
“cocktail party problem”.

Assume data is generated as

71

If z has an independent, non-Gaussian prior, 
model is identifiable and efficiently learnable.
(See, e.g. Frieze-Jerum-Kannan ‘96, 
Anandkumar et al ’12) 

Other examples: noisy-OR networks (diseases are independent), general Bayesian nets, viewing
top variables as z’s, GANs, …

Prior disentangling
Prior disentangling: (z) is a product distribution, i.e. Π

Classical example: ICA (independent component analysis), also called the 
    

Assume data is generated as  𝐴 , ∈ ℝ ,𝐴 ∈ ℝ

Other examples: noisy-OR networks (diseases are independent), general 
B        GAN   

If  has an independent, non-
Gaussian prior, model is identifiable 
and efficiently learnable. 
(See, e.g. Frieze-Jerum-Ka a   
Anandkumar e  a  )
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Posterior disentanglement in VAEs
R       AE objective: 

| log | | |

R  R  
 

Consider a prior which is a product distribution (e.g. standard Gaussian):
The KL term implicitly penalizes distributions for which  

| | ∼ ∗ | |

is large i.e. the aggregated posterior is far from a product distribution.  

Posterior disentanglement in VAEs
• Recall the “regularization” view of the VAEs objective:

• Consider a prior which is a product distribution (e.g. standard Gaussian): 
The KL term implicitly penalizes distributions for which

is large – i.e. the aggregated posterior is far from a product distribution

72

”Regularization towards prior””Reconstruction” error



Posterior disentanglement in VAEs
R       AE objective: 

| log | | |

R  R  
 

Consider a prior which is a product distribution (e.g. standard Gaussian):
The KL term implicitly penalizes distributions for which  

| | ∼ ∗ | |

is large i.e. the aggregated posterior is far from a product distribution.  

Posterior disentanglement in VAEs
• Recall the “regularization” view of the VAEs objective:

•

The KL term implicitly penalizes distributions for which
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”Regularization towards prior”

The idea of Higgins et al ’17 introduce a “weighting” factor to put more weight 
on reconstruction or disentanglement:

β-VAE objective: 

”Reconstruction” error



Posterior disentanglement in VAEs

74Irina Higgins et al. β-VAE: Learning Basic Visual Concepts with a Constrained Variational Framework. ICLR 2017.



Posterior disentanglement in VAEs

75Irina Higgins et al. β-VAE: Learning Basic Visual Concepts with a Constrained Variational Framework. ICLR 2017.



Posterior disentanglement in VAEs

76Irina Higgins et al. β-VAE: Learning Basic Visual Concepts with a Constrained Variational Framework. ICLR 2017.



Measuring disentanglement
• Metrics are typically defined assuming access to a dataset with K “ground-truth” 

variation factors.

77

Generate a training set of samples as follows:
  Sample a batch of B samples as follows:
    Pick a ground-truth variation factor k uniformly at random from [K].
    Generate two sets of “ground truth” latent factors, v1, v2 ∈ RK, s.t.
    (v1)k = (v2)k , and other coords are independently, randomly sampled.
    Generate images x1, x2 from v1, v2.
    Infer latent vars z1, z2 using model we are evaluating. (e.g. encoder in VAE)   
Calculate average zavg of | z1 - z2 | in batch, add (zavg, k) to training set.
Train linear predictor on training set, evaluate it’s test performance.

BetaVAE metric: based on "linear separability" of factors



Measuring disentanglement

• Intuition: averaging should make coords in zavg different from k smaller, thus linear 
classifier should “focus” on k.

• Many variants of this exist. (e.g. FactorVAE, mutual information gap, etc.)
78

Generate a training set of samples as follows:
  Sample a batch of B samples as follows:
    Pick a ground-truth variation factor k uniformly at random from [K].
    Generate two sets of “ground truth” latent factors, v1, v2 ∈ RK, s.t.
    (v1)k = (v2)k , and other coords are independently, randomly sampled.
    Generate images x1, x2 from v1, v2.
    Infer latent vars z1, z2 using model we are evaluating. (e.g. encoder in VAE)   
Calculate average zavg of | z1 - z2 | in batch, add (zavg, k) to training set.
Train linear predictor on training set, evaluate it’s test performance.

BetaVAE metric: based on "linear separability" of factors



Measuring disentanglement
• Locatello et al ’19, “Challenging Common Assumptions in the Unsupervised 

Learning of Disentangled Representations” (Best paper award ar ICML’19): 
A large-scale study of disentanglement measures, as well as gen. models.

79



Usefulness of disentanglement?
• Downstream classification task: predict true ground-truth factors 

(w/ multiclass logistic regression)

• Careful to extrapolate too much – task/setup is a little contrived.

80Locatello et al. Challenging Common Assumptions in the Unsupervised Learning of Disentangled Representations. ICML 2019.



Usefulness of disentanglement?
• Statistical efficiency measure: average accuracy based on 100 samples 

divided by the average accuracy based on 10,000 samples

81Locatello et al. Challenging Common Assumptions in the Unsupervised Learning of Disentangled Representations. ICML 2019.



Issue of ill-posedness?
• Similar issues plague disentangling that do "flat minima": a model can 

be re-parametrized, s.t. the distribution over the data is unchanged, 
but it can be arbitrarily more "entangled". 

• Thus, some kind of inductive bias both on model class and data 
seems necessary. 

• As a simple example: consider.                      , let , for any
non-identity orthogonal matrix U. 

• Then, under any "intuitive" understanding of entangling,     seems
entangled with – small changes of coordinates of z cause global 
changes in    . 

82Locatello et al. Challenging Common Assumptions in the Unsupervised Learning of Disentangled Representations. ICML 2019.



Today
• variational autoencoders (VAEs)

• vector quantized VAEs (VQ-VAEs)

• denoising diffusion models

83



Gaussian VAEs 2013
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Gaussian VAEs 2013

Sample z ⇠ N (0, I) and compute y�(z)

[Alec Radford]

2

Sample and compute

Gaussian VAEs 2013

Sample z ⇠ N (0, I) and compute y�(z)

[Alec Radford]
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[Alec Radford]



Vector Quantized VAEs (VQ-VAE) 2019
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VQ-VAE-2, Razavi et al., NeurIPS 2019



Vector Quantized VAEs (VQ-VAE) 2019
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VQ-VAE-2, Razavi et al., NeurIPS 2019



Vector Quantized VAEs

• replace latent z vector with an autoregressive model

87

Combining these ideas together…

Decoder

z
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replace latent  vector with an autoregressive modelz



Discrete codes (Symbols)
• Autoregressive models meets variational autoencoders

• VAEs usually use a continuous representation for latent code, z

• But many events in the world are discrete.
– e.g. can sometimes describe images concisely as collection of objects

• Key idea: replace Gaussian code with categorical code

88



Learning
• Two stages:

1. Train the VQ-VAE

2. Learn a better prior, p(z)
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Learning
• Two stages:

1. Train the VQ-VAE

2. Learn a better prior, p(z)
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Vector quantization
• Predict a real-valued vector, like in an ordinary VAE. Then, “snap” it 

to a nearest neighbor from a codebook
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e4

Vector quantization

E(x) z Quantization

Code #4

Predict a real-valued vector, like in an ordinary VAE. 
Then, “snap” it to a nearest neighbor from a codebook



VQ-VAE
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VQ-VAE



Training the VQ-VAE

where:

• E(x) is the encoder and D(e) is the decoded image

• e is the quantized code for image patch x

• sg[x] is “stop gradient” a.k.a. “detach” and β is a constant
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Training the VQ-VAE

where: 

•  is the encoder and  is the decoded image 

• e is the quantized code for image patch x 

• sg[x] is “stop gradient” a.k.a. “detach” and  is a constant 

E(x) D(e)

β



Backprop through vector quantization
• Hard to run backprop through this:

• Why?

Trick: use the straight-through estimator. Pretend quantize( . ) is the 
identity during backwards pass!
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Backprop through vector quantization

Hard to run backprop through this:

x̂ = D(quantize(E(x))

∇uquantize(u) = 0
Why?

Trick: use the straight-through estimator. Pretend 
 is the identity during backwards pass!quantize( . )

Backprop through vector quantization

Hard to run backprop through this:

x̂ = D(quantize(E(x))

∇uquantize(u) = 0
Why?

Trick: use the straight-through estimator. Pretend 
 is the identity during backwards pass!quantize( . )



Learning
• Two stages:

1. Train the VQ-VAE

2. Learn a better prior, p(z)

95



How do we sample z?

• The grid of codes, z, is a lot like a very tiny image.

• Fit an autoregressive model to it!
96

How do we sample ?z

• The grid of codes, , is a lot like a very tiny image. 
• Fit an autoregressive model to it! 

z



VQ-VAE vs. BigGAN deep
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VQ-VAE                           BigGAN deep



VQ-VAE vs. BigGAN deep
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VQ-VAE                           BigGAN deep



VQ-VAE vs. BigGAN deep
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VQ-VAE                           BigGAN deep



Also good for conditional synthesis
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Also good for conditional synthesis

[Yu et al., “Scaling Autoregressive Models for Content-Rich Text-to-Image Generation”, 2022]

[Yu et al., “Scaling Autoregressive Models for Content-Rich Text-to-Image Generation”, 2022] 



Multi-Layer Vector Quantized VAEs
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Image Compression
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Vector Quantization (Emergent Symbols)
• Vector quantization represents a distribution (or density) on vectors

with a discrete set of embedded symbols. 

• Vector quantization optimizes a rate-distortion tradeoff for vector
compression. 

• The VQ-VAE uses vector quantization to construct a discrete
representation of images and hence a measurable image
compression rate-distortion trade-off. 
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Symbols: A Better Learning Bias
• Do the objects of reality fall into categories? 

• If so, shouldn’t a learning architecture be designed to categorize? 

• Whole image symbols would yield emergent whole image
classification. 
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Symbols: Improved Interpretability
• Vector quantization shifts interpretation from linear threshold units

to the emergent symbols. 

• This seems related to the use of t-SNE as a tool in interpretation. 
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Symbols: Unifying Vision and Language 
• Modern language models use word vectors. 

• Word vectors are embedded symbols. 

• Vector quantization also results in models based on embedded
symbols. 
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Symbols: Addressing the “Forgetting” 
Problem 
• When we learn to ski we do not forget how to ride a bicycle. 

• However, when a model is trained on a first task, retraining on a 
second tasks degrades performance on the first (the model 
“forgets”). 

• But embedded symbols can be task specific. 

• The embedding of a task-specific symbol will not change when
training on a different task. 
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Symbols: Improved Transfer Learning
• Embedded symbols can be domain specific. 

• Separating domain-general parameters from domain-specific
parameters may improve transfer between domains. 
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Today
• variational autoencoders (VAEs)

• vector quantized VAEs (VQ-VAEs)

• denoising diffusion models
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Observation 1: Diffusion Destroys Structure 

110

• Dye density represents probability density

• Goal: Learn structure probability density

• Observation: Diffusion destroys structure

Data distribution Uniform distribution 



Idea: Recover Structure by Reversing Time
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• What if we could reverse time?

• Recover data distribution by starting from uniform 
distribution and running dynamics backwards

Data distribution Uniform distribution 



Observation 2: Microscopic Diffusion is Time 
Reversible
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• Microscopic view

• Brownian motion

• Position updates are small Gaussians
– Both forwards and backwards in time

Nanoparticles in water
Video credit: Rutger Saly



Overview of Diffusion Probabilistic Models
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+ Gaussian noise

Clean Noisy

Denoising model

Slide adapted from Kiaming Song



Recall: the denoising problem
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54

…

Recall: the denoising problem

Loss: ∥xclean − x̂∥2

=

xclean

+

random noise

x̂
U-net



From noise to an image
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From noise to an image

55

denoise denoise

Example source: Aditya Ramesh

Random noise

From noise to an image
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denoise denoise denoise denoise

Example source: Aditya RameshExample source: Aditya Ramesh 



From noise to an image
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From noise to an image

56

denoise denoise denoise

Example source: Aditya Ramesh

From noise to an image

57

denoise denoise denoise denoise

Example source: Aditya RameshExample source: Aditya Ramesh 



From noise to an image
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From noise to an image

57

denoise denoise denoise denoise

Example source: Aditya RameshExample source: Aditya Ramesh 



From noise to an image
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From noise to an image

58

denoise denoise denoise denoise

Example source: Aditya RameshExample source: Aditya Ramesh 



From noise to an image
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From noise to an image

59

denoise denoise denoise denoise

Example source: Aditya RameshExample source: Aditya Ramesh 



From noise to an image

120

From noise to an image

60

denoise denoise denoise

Example source: Aditya Ramesh

Generated image!
Some extra details: we add a small amount of noise each step.

Generated 
image!

Example source: Aditya Ramesh 



From noise to an image

121Example source: Aditya Ramesh 



Diffusion Probabilistic Models
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+ Gaussian 
noise

Clean Different noise levels

Many denoising 
models

Slide adapted from Kiaming Song



Overview of Diffusion Probabilistic Models
• Destroy all structure in data distribution using diffusion process

• Learn reversal of diffusion process 

– Estimate function for mean and covariance of each step in the reverse 
diffusion process (binomial rate for binary data)

• Reverse diffusion process is the model of the data
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Diffusion Probabilistic Models
• Diffusion model aims to learn the reverse of noise generation 

procedure
– Forward step: (Iteratively) Add noise to the original sample 
→The sample      converges to the complete noise (e.g.,            )
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⇠ N (0, I)
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Forward (diffusion) process 



Diffusion Probabilistic Models
• Diffusion model aims to learn the reverse of noise generation 

procedure
– Forward step: (Iteratively) Add noise to the original sample 
→The sample      converges to the complete noise (e.g.,            )

– Reverse step: Recover the original sample from the noise 
→Note that it is the “generation” procedure 
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Reverse process 

Forward (diffusion) process 
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How do we train this model?

• We’ll use a variance schedule, β1,β2,...,βT, for 0 < βt < 1

• Also, we’ll scale the image by a factor 1 − βt,    so that mean 
goes to 0 over time.
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How do we train this model?

add noiseadd noise

xt−1xt Training pair!

We’ll use a variance schedule, , for  
Also, we’ll scale the image by a factor , so that mean goes to 0 over time.

β1, β2, . . . , βT 0 < βt < 1
1 − βt

How do we train this model?

add noiseadd noise

xt−1xt Training pair!

We’ll use a variance schedule, , for  
Also, we’ll scale the image by a factor , so that mean goes to 0 over time.

β1, β2, . . . , βT 0 < βt < 1
1 − βt



Diffusion Probabilistic Models
• Diffusion model aims to learn the reverse of noise generation procedure

– Forward step: (Iteratively) Add noise to the original sample 
→Technically, it is a product of conditional noise distributions

• Usually, the parameters 𝛽t are fixed (one can jointly learn, but not beneficial)
• Noise annealing (i.e., reducing noise scale 𝛽t < 𝛽t-1) is crucial to the performance
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q(xt|xt�1)
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Diffusion Probabilistic Models
• Diffusion model aims to learn the reverse of noise generation procedure

– Forward step: (Iteratively) Add noise to the original sample 
→Technically, it is a product of conditional noise distributions

• Usually, the parameters 𝛽t are fixed (one can jointly learn, but not beneficial)
• Noise annealing (i.e., reducing noise scale 𝛽t < 𝛽t-1) is crucial to the performance

–Reverse step: Recover the original sample from the noise 
→It is also a product of conditional (de)noise distributions

→Use the learned parameters: denoiser 𝝁θ (main part) and randomness 𝚺θ
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Diffusion Probabilistic Models
• Diffusion model aims to learn the reverse of noise generation procedure

– Forward step: (Iteratively) Add noise to the original sample 
– Reverse step: Recover the original sample from the noise 

– Training: Minimize variational lower bound of the model 
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Diffusion Probabilistic Models
• Diffusion model aims to learn the reverse of noise generation procedure

– Forward step: (Iteratively) Add noise to the original sample 
– Reverse step: Recover the original sample from the noise 

– Training: Minimize variational lower bound of the model 

• It can be decomposed to the step-wise losses (for each step 𝑡)
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Diffusion Models as a kind of VAE

132

A Hierarchical VAE A Diffusion Probabilistic Model
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Diffusion Probabilistic Models
• Diffusion model aims to learn the reverse of noise generation procedure

– Training: Minimize variational lower bound of the model 
• It can be decomposed to the step-wise losses (for each step 𝑡)

– Here, the true reverse step                        can be computed as a closed form of 𝛽t

• Note that we only define the true forward step 

– Since all distributions above are Gaussian, the KL divergences are tractable 
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Diffusion Probabilistic Models
• Diffusion model aims to learn the reverse of noise generation procedure

– Network: Use the image-to-image translation (e.g., U-Net) architectures
• Recall that input is 𝐱t and output is 𝐱t-1, both are images
• It is expensive since both input and output are high-dimensional

• Note that the denoiser 𝜇θ (𝐱t, t) shares weights, but conditioned by step t
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• Diffusion model aims to learn the reverse of noise generation procedure
– Sampling: Draw a random noise 𝒙T then apply the reverse step 

• It often requires the hundreds of reverse steps (very slow)

– Early and late steps change the high- and low-level attributes, respectively

Diffusion Probabilistic Models
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Diffusion Probabilistic Models – CIFAR10

136

Figure 3. The proposed framework trained on the CIFAR-10 (Krizhevsky & Hinton, 2009) dataset. (a) Example holdout data (similar to training 
data). (b) Holdout data corrupted with Gaussian noise of variance 1 (SNR = 1). (c) Denoised images, generated by sampling from the posterior 
distribution over denoised images conditioned on the images in (b). (d) Samples generated by the diffusion model. 



Denoising Diffusion Probabilistic Model
• DDPM reparametrizes the reverse distributions of diffusion models 

– Key idea: The original reverse step fully creates the denoiser 𝜇θ(𝐱t, t) from 𝐱t

• However, 𝐱t-1 and 𝐱t share most information, and thus it is redundant 
– Instead, create the residual 𝜖θ(𝐱t,t) and add to the original 𝐱t

• Set

137

Training resembles denoising score matching 

Sampling resembles Langevin Dynamics

Initiated the diffusion model boom!



Denoising Diffusion Probabilistic Model
• DDPM reparametrizes the reverse distributions of diffusion models 

– Key idea: The original reverse step fully creates the denoiser 𝜇θ(𝐱t, t) from 𝐱t

• However, 𝐱t-1 and 𝐱t share most information, and thus it is redundant 
– Instead, create the residual 𝜖θ(𝐱t,t) and add to the original 𝐱t

• Set 

– Formally, DDPM reparametrizes the learned reverse distribution as

and the step-wise objective 𝐿t-1 can be reformulated as
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Denoising Diffusion Probabilistic Model
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Denoising Diffusion Probabilistic Model
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Training and sampling

Source: [Ho et al., 2020]

Sampling from the model Training the model



Denoising Diffusion Probabilistic Model
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Denoising Diffusion Probabilistic Model

142Unconditional CIFAR10 samples. Inception Score=9.46, FID=3.17.



Denoising Diffusion Probabilistic Model
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Denoising Diffusion Probabilistic Model
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Denoising Diffusion Implicit Model 
• DDIM roughly sketches the final sample, then refine it with the 

reverse process 

• Motivation: 
– Diffusion model is slow due to the iterative procedure 
– GAN/VAE creates the sample by one-shot forward operation 
– Can we combine the advantages for fast sampling of diffusion models? 

• Technical spoiler:
Instead of naively applying diffusion model upon GAN/VAE, 
DDIM proposes a principled approach of rough sketch + refinement 
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Denoising Diffusion Implicit Model 
• DDIM roughly sketches the final sample, then refine it with the reverse process 
• Key idea:

– Given 𝐱t, generate the rough sketch 𝐱0 and refine 
– Unlike original diffusion model, it is not a Markovian structure
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Denoising Diffusion Implicit Model 
• DDIM roughly sketches the final sample, then refine it with the reverse process 

– Key idea: Given 𝐱t, generate the rough sketch 𝐱0 and refine 

– Formulation: Define the forward distribution                        as

then, the forward process is derived from Bayes’ rule
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Denoising Diffusion Implicit Model 
• DDIM roughly sketches the final sample, then refine it with the reverse process 

– Key idea: Given 𝐱t, generate the rough sketch 𝐱0 and refine 

– Formulation: Forward process is

and reverse process is 

– Training: The variational lower bound of DDIM is identical to the one of DDPM
• It is surprising since the forward/reverse formulation is totally different
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Denoising Diffusion Implicit Model 
• DDIM significantly reduces the sampling steps of diffusion model

– Creates the outline of the sample after only 10 steps (DDPM needs 
hundreds)
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Denoising Diffusion Implicit Model 
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Generating CIFAR10 samples Generating CelebA samples



Denoising Diffusion Implicit Model 
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Generating LSUN Church samples Generating LSUN Bedroom samples



Denoising Diffusion Implicit Model 
• DDIM significantly reduces the sampling steps of diffusion model

– Creates the outline of the sample after only 10 steps (DDPM needs hundreds)
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Diffusion Models for Image Generation
• Beat BigGAN and StyleGAN on generating high-resolution images
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Figure 1: Selected samples from our best ImageNet 512×512 
model (FID 3.85) 



Latent Diffusion Models

154

enforcing local realism and avoids bluriness introduced by
relying solely on pixel-space losses such as L2 or L1 objec-
tives.

More precisely, given an image x 2 RH⇥W⇥3 in RGB
space, the encoder E encodes x into a latent representa-
tion z = E(x), and the decoder D reconstructs the im-
age from the latent, giving x̃ = D(z) = D(E(x)), where
z 2 Rh⇥w⇥c. Importantly, the encoder downsamples the
image by a factor f = H/h = W/w, and we investigate
different downsampling factors f = 2m, with m 2 N.

In order to avoid arbitrarily high-variance latent spaces,
we experiment with two different kinds of regularizations.
The first variant, KL-reg., imposes a slight KL-penalty to-
wards a standard normal on the learned latent, similar to a
VAE [42, 64], whereas VQ-reg. uses a vector quantization
layer [90] within the decoder. This model can be interpreted
as a VQGAN [21] but with the quantization layer absorbed
by the decoder. Because our subsequent DM is designed
to work with the two-dimensional structure of our learned
latent space z = E(x), we can use relatively mild compres-
sion rates and achieve very good reconstructions. This is
in contrast to previous works [21, 61], which relied on an
arbitrary 1D ordering of the learned space z to model its
distribution autoregressively and thereby ignored much of
the inherent structure of z. Hence, our compression model
preserves details of x better (see Tab. 1). The full objective
and training details can be found in the supplement.

3.2. Latent Diffusion Models

Diffusion Models [77] are probabilistic models designed to
learn a data distribution p(x) by gradually denoising a nor-
mally distributed variable, which corresponds to learning
the reverse process of a fixed Markov Chain of length T .
For image synthesis, the most successful models [14,27,67]
rely on a reweighted variant of the variational lower bound
on p(x), which mirrors denoising score-matching [80].
These models can be interpreted as an equally weighted
sequence of denoising autoencoders ✏✓(xt, t); t = 1 . . . T ,
which are trained to predict a denoised variant of their input
xt, where xt is a noisy version of the input x. The corre-
sponding objective can be simplified to (Sec. A)

LDM = Ex,✏⇠N (0,1),t

h
k✏� ✏✓(xt, t)k22

i
, (1)

with t uniformly sampled from {1, . . . , T}.
Generative Modeling of Latent Representations With
our trained perceptual compression models consisting of E
and D, we now have access to an efficient, low-dimensional
latent space in which high-frequency, imperceptible details
are abstracted away. Compared to the high-dimensional
pixel space, this space is more suitable for likelihood-based
generative models, as they can now (i) focus on the impor-
tant, semantic bits of the data and (ii) train in a lower di-
mensional, computationally much more efficient space.

Semantic 
 Map

crossattention

Latent Space Conditioning 

Text

Diffusion Process

denoising step switch skip connection

Repres 
entations

Pixel Space

Images

Denoising U-Net

concat

Figure 3. We condition LDMs either via concatenation or by a
more general cross-attention mechanism. See Sec. 3.3

Unlike previous work that relied on autoregressive,
attention-based transformer models in a highly compressed,
discrete latent space [21, 61, 96], we can take advantage of
image-specific inductive biases that our model offers. This
includes the ability to build the underlying UNet primar-
ily from 2D convolutional layers, and further focusing the
objective on the perceptually most relevant bits using the
reweighted bound, which now reads

LLDM := EE(x),✏⇠N (0,1),t

h
k✏� ✏✓(zt, t)k22

i
. (2)

The neural backbone ✏✓(�, t) of our model is realized as a
time-conditional UNet [66]. Since the forward process is
fixed, zt can be efficiently obtained from E during training,
and samples from p(z) can be decoded to image space with
a single pass through D.

3.3. Conditioning Mechanisms

Similar to other types of generative models [51, 78],
diffusion models are in principle capable of modeling
conditional distributions of the form p(z|y). This can
be implemented with a conditional denoising autoencoder
✏✓(zt, t, y) and paves the way to controlling the synthesis
process through inputs y such as text [63], semantic maps
[29, 55] or other image-to-image translation tasks [30].

In the context of image synthesis, however, combining
the generative power of DMs with other types of condition-
ings beyond class-labels [14] or blurred variants of the input
image [67] is so far an under-explored area of research.

We turn DMs into more flexible conditional image gener-
ators by augmenting their underlying UNet backbone with
the cross-attention mechanism [91], which is effective for
learning attention-based models of various input modali-
ties [31,32]. To pre-process y from various modalities (such
as language prompts) we introduce a domain specific en-
coder ⌧✓ that projects y to an intermediate representation
⌧✓(y) 2 RM⇥d⌧ , which is then mapped to the intermediate
layers of the UNet via a cross-attention layer implementing
Attention(Q,K, V ) = softmax

⇣
QK

T
p
d

⌘
· V , with

Q = W
(i)
Q

· 'i(zt), K = W
(i)
K

· ⌧✓(y), V = W
(i)
V

· ⌧✓(y).

4

Autoencoder with KL or VQ regularization

[Rombach et al., “High-Resolution Image Synthesis with Latent Diffusion Models”, CVPR 2022] 
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powerful DMs often takes hundreds of GPU days (e.g. 150 -
1000 V100 days in [14]) and repeated evaluations on a noisy
version of the input space render also inference expensive,
so that producing 50k samples takes approximately 5 days
[14] on a single A100 GPU. This has two consequences for
the research community and users in general: Firstly, train-
ing such a model requires massive computational resources
only available to a small fraction of the field, and leaves a
huge carbon footprint [59, 81]. Secondly, evaluating an al-
ready trained model is also expensive in time and memory,
since the same model architecture must run sequentially for
a large number of steps (e.g. 25 - 1000 steps in [14]).

To increase the accessibility of this powerful model class
and at the same time reduce its significant resource con-
sumption, a method is needed that reduces the computa-
tional complexity for both training and sampling. Reducing
the computational demands of DMs without impairing their
performance is, therefore, key to enhance their accessibility.
Departure to Latent Space Our approach starts with
the analysis of already trained diffusion models in pixel
space: Fig. 2 shows the rate-distortion trade-off of a trained
model. As with any likelihood-based model, learning can
be roughly divided into two stages: First is a perceptual
compression stage which removes high-frequency details
but still learns little semantic variation. In the second stage,
the actual generative model learns the semantic and concep-
tual composition of the data (semantic compression). We
thus aim to first find a perceptually equivalent, but compu-
tationally more suitable space, in which we will train diffu-
sion models for high-resolution image synthesis.

Following common practice [10, 21, 61, 62, 90], we sep-
arate training into two distinct phases: First, we train
an autoencoder which provides a lower-dimensional (and
thereby efficient) representational space which is perceptu-
ally equivalent to the data space. Importantly, and in con-
trast to previous work [21,61], we do not need to rely on ex-
cessive spatial compression, as we train DMs in the learned
latent space, which exhibits better scaling properties with
respect to the spatial dimensionality. The reduced complex-
ity also provides efficient image generation from the latent
space with a single network pass. We dub the resulting
model class Latent Diffusion Models (LDMs).

A notable advantage of this approach is that we need to
train the universal autoencoding stage only once and can
therefore reuse it for multiple DM trainings or to explore
possibly completely different tasks [76]. This enables effi-
cient exploration of a large number of diffusion models for
various image-to-image and text-to-image tasks. For the lat-
ter, we design an architecture that connects transformers to
the DM’s UNet backbone [66] and enables arbitrary types
of token-based conditioning mechanisms, see Sec. 3.3.
Contributions Besides providing a step in the direction
of “democratizing” research on DMs, our work contains the

Figure 2. Illustrating perceptual and semantic compression: Most
bits of a digital image correspond to imperceptible details. While
DMs allow to suppress this semantically meaningless information
by minimizing the responsible loss term, gradients (during train-
ing) and the neural network backbone (training and inference) still
need to be evaluated on all pixels, leading to superfluous compu-
tations and unnecessarily expensive optimization and inference.
We propose latent diffusion models (LDMs) as an effective gener-
ative model and a separate mild compression stage that only elim-
inates imperceptible details. Data and images from [27].

following contributions:
(i) In contrast to purely transformer-based approaches

[21, 61], our method scales more graceful to higher dimen-
sional data and can thus (a) work on a compression level
which provides more faithful and detailed reconstructions
than previous work (see Fig. 1) and (b) can be efficiently
applied to high-resolution synthesis of megapixel images.

(ii) We achieve competitive performance on multiple
tasks (unconditional image synthesis, inpainting, stochastic
super-resolution) and datasets while significantly lowering
computational costs. Compared to pixel-based diffusion ap-
proaches, we also significantly decrease inference costs.

(iii) We show that, in contrast to previous work [87]
which learns both an encoder/decoder architecture and a
score-based prior simultaneously, our approach does not re-
quire a delicate weighting of reconstruction and generative
abilities. This ensures extremely faithful reconstructions
and requires very little regularization of the latent space.

(iv) We find that for densely conditioned tasks such
as super-resolution, inpainting and semantic synthesis, our
model can be applied in a convolutional fashion and render
large, consistent images of ⇠ 10242 px.

(v) Moreover, we design a general-purpose conditioning
mechanism based on cross-attention, enabling multi-modal
training. We use it to train class-conditional, text-to-image
and layout-to-image models.

(vi) Finally, we release pretrained latent diffusion
and autoencoding models at https : / / github .
com/CompVis/latent-diffusion which might be
reusable for a various tasks besides training of DMs [76].

2

• Why latent space?

- find perceptually equivalent 
space (to pixel space)

- efficient training

- fast sampling

- one-step decoding to image 
space
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High-Resolution Image Synthesis with Latent Diffusion Models
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1Ludwig Maximilian University of Munich & IWR, Heidelberg University, Germany Runway ML

https://github.com/CompVis/latent-diffusion

Abstract

By decomposing the image formation process into a se-
quential application of denoising autoencoders, diffusion
models (DMs) achieve state-of-the-art synthesis results on
image data and beyond. Additionally, their formulation al-
lows for a guiding mechanism to control the image gen-
eration process without retraining. However, since these
models typically operate directly in pixel space, optimiza-
tion of powerful DMs often consumes hundreds of GPU
days and inference is expensive due to sequential evalu-
ations. To enable DM training on limited computational
resources while retaining their quality and flexibility, we
apply them in the latent space of powerful pretrained au-
toencoders. In contrast to previous work, training diffusion
models on such a representation allows for the first time
to reach a near-optimal point between complexity reduc-
tion and detail preservation, greatly boosting visual fidelity.
By introducing cross-attention layers into the model archi-
tecture, we turn diffusion models into powerful and flexible
generators for general conditioning inputs such as text or
bounding boxes and high-resolution synthesis becomes pos-
sible in a convolutional manner. Our latent diffusion models
(LDMs) achieve a new state of the art for image inpaint-
ing and highly competitive performance on various tasks,
including unconditional image generation, semantic scene
synthesis, and super-resolution, while significantly reducing
computational requirements compared to pixel-based DMs.

1. Introduction

Image synthesis is one of the computer vision fields with
the most spectacular recent development, but also among
those with the greatest computational demands. Espe-
cially high-resolution synthesis of complex, natural scenes
is presently dominated by scaling up likelihood-based mod-
els, potentially containing billions of parameters in autore-
gressive (AR) transformers [61,62]. In contrast, the promis-
ing results of GANs [3, 24, 36] have been revealed to be
mostly confined to data with comparably limited variability
as their adversarial learning procedure does not easily scale
to modeling complex, multi-modal distributions. Recently,
diffusion models [77], which are built from a hierarchy of

*The first two authors contributed equally to this work.

Input

ours (f = 4)

PSNR: 27.4 R-FID: 0.58
DALL-E (f = 8)

PSNR: 22.8 R-FID: 32.01
VQGAN (f = 16)

PSNR: 19.9 R-FID: 4.98

Figure 1. Boosting the upper bound on achievable quality with
less agressive downsampling. Since diffusion models offer excel-
lent inductive biases for spatial data, we do not need the heavy spa-
tial downsampling of related generative models in latent space, but
can still greatly reduce the dimensionality of the data via suitable
autoencoding models, see Sec. 3. Images are from the DIV2K [1]
validation set, evaluated at 5122 px. We denote the spatial down-
sampling factor by f . Reconstruction FIDs [26] and PSNR are
calculated on ImageNet-val. [11]; see also Tab. 1.

denoising autoencoders, have shown to achieve impressive
results in image synthesis [27,80] and beyond [6,41,44,52],
and define the state-of-the-art in class-conditional image
synthesis [14,28] and super-resolution [67]. Moreover, even
unconditional DMs can readily be applied to tasks such
as inpainting and colorization [80] or stroke-based syn-
thesis [48], in contrast to other types of generative mod-
els [17,42,64]. Being likelihood-based models, they do not
exhibit mode-collapse and training instabilities as GANs
and, by heavily exploiting parameter sharing, they can
model highly complex distributions of natural images with-
out involving billions of parameters as in AR models [62].
Democratizing High-Resolution Image Synthesis DMs
belong to the class of likelihood-based models, whose
mode-covering behavior makes them prone to spend ex-
cessive amounts of capacity (and thus compute resources)
on modeling imperceptible details of the data [15, 68]. Al-
though the reweighted variational objective [27] aims to ad-
dress this by undersampling the initial denoising steps, DMs
are still computationally demanding, since training and
evaluating such a model requires repeated function evalu-
ations (and gradient computations) in the high-dimensional
space of RGB images. As an example, training the most
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40-50% masked All samples

Method FID # LPIPS # FID # LPIPS #
LDM-4 (ours, big, w/ ft) 9.39 0.246± 0.042 1.50 0.137± 0.080
LDM-4 (ours, big, w/o ft) 12.89 0.257± 0.047 2.40 0.142± 0.085
LDM-4 (ours, w/ attn) 11.87 0.257± 0.042 2.15 0.144± 0.084
LDM-4 (ours, w/o attn) 12.60 0.259± 0.041 2.37 0.145± 0.084

LaMa [83]† 12.31 0.243± 0.038 2.23 0.134± 0.080
LaMa [83] 12.0 0.24 2.21 0.14
CoModGAN [100] 10.4 0.26 1.82 0.15
RegionWise [47] 21.3 0.27 4.75 0.15
DeepFill v2 [97] 22.1 0.28 5.20 0.16
EdgeConnect [53] 30.5 0.28 8.37 0.16

Table 6. Comparison of inpainting performance on 30k crops of
size 512⇥ 512 from test images of Places [101]. The column 40-
50% reports metrics computed over hard examples where 40-50%
of the image region have to be inpainted. †recomputed on our test
set, since the original test set used in [83] was not available.

input GT LaMa [83] LDM #1 LDM #2 LDM #3

Figure 11. Qualitative results on image inpainting as in Tab. 6.

a bottleneck for tasks that require fine-grained accuracy in
pixel space. We assume that our superresolution models
(Sec. 4.4) are already somewhat limited in this respect.
Societal Impact Generative models for media like im-
agery are a double-edged sword: On the one hand, they
enable various creative applications, and in particular ap-
proaches like ours that reduce the cost of training and in-
ference have the potential to facilitate access to this tech-
nology and democratize its exploration. On the other hand,
it also means that it becomes easier to create and dissemi-
nate manipulated data or spread misinformation and spam.
In particular, the deliberate manipulation of images (“deep
fakes”) is a common problem in this context, and women in
particular are disproportionately affected by it [12, 22].

Moreover, deep learning modules tend to reproduce
or exacerbate biases that are already present in the data
[20,34,85]. While diffusion models achieve better coverage
of the data distribution than e.g. GAN-based approaches,
the extent to which our two-stage approach that combines
adversarial training and a likelihood-based objective mis-
represents the data remains an important research question.

For a more detailed discussion of the ethical considera-
tions of deep generative models, see e.g. [12].

6. Conclusion

We have presented latent diffusion models, a simple and
efficient way to significantly improve both the training and
sampling efficiency of denoising diffusion models with-
out degrading their quality. Based on this and our cross-

input result

Figure 12. Qualitative results on object removal with our big, w/
ft inpainting model. For more results, see Fig. 22.

attention conditioning mechanism, our experiments could
demonstrate favorable results compared to state-of-the-art
methods across a wide range of conditional image synthesis
tasks without task-specific architectures.

This work has been supported by the German Research Foundation
(DFG) project 421703927 and the German Federal Ministry for Economic
Affairs and Energy within the project ’KI-Absicherung - Safe AI for auto-
mated driving’.
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[“LDM”, Rombach et al., 2022] 
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”a portrait of a cyberpunk rabbit, trending on artstation”

”A sunset over a mountain, oil on canvas”

”A sunset over a mountain, vector image”

[“LDM”, Rombach et al., 2022] 
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Generating images from text

a teddy bear on a skateboard in 
times square

A photo of Michelangelo’s 
sculpture of David wearing 
headphones djing

“A sea otter with a pearl earring” 
by Johannes Vermeer

3D render of a cute tropical fish 
in an aquarium on a dark blue 
background, digital art

[“DALL-E 2”, Ramesh et al., 2022]

We’ll discuss this more in the language lecture.

[“DALL-E 2”, Ramesh et al., 2022] 
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A british shorthair 
jumping over a coach

A teddy bear 
running in New York City

A swarm of bees
flying around their hive
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“zebras roaming in the field” 

“a man with red hair” “a vase of flowers”

“a girl hugging a corgi on a pedestal”
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Results of a SR3 model (64×64 → 512×512), trained on FFHQ, and applied to images outside of 
the training set.



Diffusion Models are also effective for 
non-visual domains
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https://github.com/heejkoo/Awesome-Diffusion-Models

https://github.com/heejkoo/Awesome-Diffusion-Models


Diffusion Model is All We Need?
• Trilemma of generative models: Quality vs. Diversity vs. Speed

– Diffusion model produces diverse and high-quality samples, 
but generations is slow
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Next lecture: 
Self-Supervised Learning


