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Plan for Today

• Diffusion model math
• Training process (again)
• Motivation for latent diffusion
• Latent diffusion
• Conditional generation
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Mathematics of Diffusion Models
Assume the forward and reverse process operate in 𝑇 steps.
Both forward and reverse process are discrete so becomes a 
Markov chain with Gaussian transition probability.
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Mathematics of Diffusion Models
Denote 𝑥0 as a sample from a distribution 𝑞(𝑥0).

Forward process: gaussian transition probability

𝑞 𝑥𝑡 𝑥𝑡−1) = 𝒩(𝑥𝑡; 1 − 𝛽𝑡 𝑥𝑡−1, 𝛽𝑡𝐼) where    𝑡 ∈ ℕ

and where 𝛽𝑡 indicates trade-off between info to be kept from 
previous step and new noise added.

𝒩(𝜇, 𝜎2)
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Mathematics of Diffusion Models
Denote 𝑥0 as a sample from a distribution 𝑞(𝑥0).

Forward process: gaussian transition probability

𝑞 𝑥𝑡 𝑥𝑡−1) = 𝒩(𝑥𝑡; 1 − 𝛽𝑡 𝑥𝑡−1, 𝛽𝑡𝐼) where    𝑡 ∈ ℕ

and where 𝛽𝑡 indicates trade-off between info to be kept from 
previous step and new noise added.

We can equivalently write

𝑥𝑡 = (1 − 𝛽𝑡) 𝑥𝑡−1 + 𝛽𝑡 𝜖𝑡 𝜖𝑡~𝒩(0, 𝐼)

𝒩(𝜇, 𝜎2)
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Discretized diffusion process



Mathematics of Diffusion Models
Through recurrence, we can represent any step in the chain as 
directly represented from 𝑥0:

𝑞 𝑥𝑡 𝑥0) = 𝒩(𝑥𝑡; 𝛼𝑡 𝑥0, (1 − ത𝛼𝑡)𝐼)

where

𝛼𝑡 = (1 − 𝛽𝑡) and    ത𝛼𝑡 = ς𝑖=1
𝑡 𝛼𝑖 = ς𝑖=1

𝑡 (1 − 𝛽𝑖)

and from the Markov property, the entire forward trajectory is

𝑞 𝑥0:𝑇 = 𝑞 𝑥0 ෑ

𝑡=1

𝑇

𝑞 𝑥𝑡 𝑥𝑡−1)

𝒩(𝜇, 𝜎2)
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The reverse process
With the assumption on the drift and diffusion coefficients, the 
reverse of the diffusion process takes the same form.

Reverse gaussian transition probability
𝑞(𝑥𝑡−1|𝑥𝑡)

can then be approximated by
𝑝𝜃 𝑥𝑡−1 𝑥𝑡) = 𝒩(𝑥𝑡−1; 𝜇𝜃 𝑥𝑡 , 𝑡 , Σ𝜃 𝑥𝑡 , 𝑡 )

where 𝜇𝜃 and  Σ𝜃 are two functions parameterized by 𝜃 and learned.
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The reverse process

Using the Markov property, the probability of a given backward 
trajectory can be approximated by

p𝜃 𝑥0:𝑇 = 𝑝 𝑥𝑇 ෑ

𝑡=1

𝑇

𝑝𝜃 𝑥𝑡−1 𝑥𝑡)

where 𝑝 𝑥𝑇 is an isotropic gaussian distribution that does not 
depend on 𝜃

𝑝 𝑥𝑇 = 𝒩(𝑥𝑇; 0, 𝐼)

9Rocca, 2022
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Questions

How do we learn the parameters 𝜃 for 𝜇𝜃 and Σ𝜃? 

What is the loss to be optimized?
• We hope that 𝑝𝜃(𝑥0), the distribution of the last step of the reverse 

process, will be close to 𝑞(𝑥0)
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Optimization Objective
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Skipping a lot more math

• Expand p-theta as marginalization integral
• Use Jensen’s inequality to define a slightly simpler upper bound to 

the loss
• Some manipulations with Bayes’ Theorem
• Properties of KL divergence of two gaussian distributions
• An additional simplification suggested by [Ho et al 2020]
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Diffusion models in practice

We have the forward process

and our reverse process

and we want to train to minimize this simplified upper bound
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Any Questions?

???
Moving on

• Diffusion model math
• Training process (again)
• Motivation for latent diffusion
• Latent diffusion
• Conditional generation



Training Process
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To sample/generate
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To sample/generate
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U-Net (2016) as the Model
Output is same size as the input.
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U-Net for reverse diffusion
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Any Questions?

???
Moving on

• Diffusion model math
• Training process
• Motivation for latent diffusion
• Latent diffusion
• Conditional generation



This work is subject to a Creative Commons CC-BY-NC-ND license. (C) MIT Press.

Hi-Res Conditional Generation
via Multi-Resolution Generation



Eventually got quality comparable to GANs…

• Better than VAEs and normalizing flows, but very very slow…

• Every step of the reverse process is working with full size images.
• Full size input
• Full size output

• Multi-resolution architectures are often a sign cost is an issue.
• But also useful for global consistency, so do not disregard.

Diffusion Models



Do we have good models?

Diffusion 
on pixels is 
slow.

Diffusion 
on latents
will be 
faster.



Any Questions?

???
Moving on

• Diffusion model math
• Training process (again)
• Motivation for latent diffusion
• Latent diffusion
• Conditional generation



Different Models for 
Different Tradeoffs

Focus on lower dimension 
latent model that gets the 
semantic details right…

● Diffusion in latent space
● Use another high quality 

model for image 
generation.

“High-Resolution Image 
Synthesis with Latent Diffusion 
Models”
By Rombach, Blattman, Lorenz, 
Esser and Ommer (2021)



Combining Auto-Encoder Latents with Diffusion

Pick your 
favorite 
autoencoder 
with a small 
latent space.

Rombach et al, “High-Resolution Image Synthesis with Latent Diffusion Models,” 2022



Key idea:

• Pixel space is big.
• Run diffusion process in 

smaller latent space.

“High-Resolution Image 
Synthesis with Latent 
Diffusion Models”
By Rombach, Blattman, 
Lorenz, Esser and Ommer
(2021)

Latent Diffusion



Latent Diffusion Components

Latent diffusion models have two main components.

• Function mapping latent codes to high quality images.
• This function does not need to have all the qualities we want from 

generative models.
• In particular, much of the latent space may not make sense.

• Function mapping noise to latent codes of high quality images.
• This is the latent diffusion part.
• Just this part gets retrained for different applications.



A Random Latent from 
Stable Diffusion

latent = torch.randn(1, 32, 32, 4)

latent_image = decode_latent(latent)

Image shape is 1x256x256x3.

https://stability.ai/

This is that high 
quality image 
model?

https://stability.ai/


This work is subject to a Creative Commons CC-BY-NC-ND license. (C) MIT Press.

Picking a good 
latent is still a 
hard problem.



Any Questions?

???
Moving on

• Diffusion model math
• Training process
• Motivation for latent diffusion
• Latent diffusion
• Conditional generation



Conditioning in Latent Space

Conditioning affects 
each denoising step.

T total repetitions 
of denoising with 
conditioning.

Pick your 
favorite 
autoencoder 
with a small 
latent space.

Conditioning takes over all of latent sampling.

Rombach et al, “High-Resolution Image Synthesis with Latent Diffusion Models,” 2022



Conditional generation using classifier 
guidance

Dhariwal and Nichol, “Diffusion Models Beat GANs on Image Synthesis.” 2021. 35



Conditional generation using text prompts

C. Saharia et al., “Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding,” 2022. 36



Super Resolution

● Downsample training 
images 4x

● Upsample with bicubic 
interpolation.

● Train latent diffusion 
model to recover the finer-
grained details.

“High-Resolution Image 
Synthesis with Latent Diffusion 
Models”
By Rombach, Blattman, Lorenz, 
Esser and Ommer (2021)



In Painting

Mask some of the image and 
reconstruct rest of the image to 
be consistent.
● Don’t change the unmasked 

part!
● Keeping unmasked part 

mostly easy because latent 
code has spatial structure.

“High-Resolution Image 
Synthesis with Latent Diffusion 
Models”
By Rombach, Blattman, Lorenz, 
Esser and Ommer (2021)



Example Notebooks from the Book

• Notebook 18.1 – Diffusion Encoder in 1D

• Notebook 18.2 – Training Decoder

• Notebook 18.3 – 1D Reparameterized Model (more robust)

• Notebook 18.4 – Families of Diffusion Models (DDIM)

39

https://colab.research.google.com/github/udlbook/udlbook/blob/main/Notebooks/Chap18/18_1_Diffusion_Encoder.ipynb
https://github.com/udlbook/udlbook/blob/main/Notebooks/Chap18/18_1_Diffusion_Encoder.ipynb
https://colab.research.google.com/github/udlbook/udlbook/blob/main/Notebooks/Chap18/18_2_1D_Diffusion_Model.ipynb
https://github.com/udlbook/udlbook/blob/main/Notebooks/Chap18/18_2_1D_Diffusion_Model.ipynb
https://colab.research.google.com/github/udlbook/udlbook/blob/main/Notebooks/Chap18/18_3_Reparameterized_Model.ipynb
https://github.com/udlbook/udlbook/blob/main/Notebooks/Chap18/18_3_Reparameterized_Model.ipynb
https://colab.research.google.com/github/udlbook/udlbook/blob/main/Notebooks/Chap18/18_4_Families_of_Diffusion_Models.ipynb
https://github.com/udlbook/udlbook/blob/main/Notebooks/Chap18/18_4_Families_of_Diffusion_Models.ipynb
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