
Aleksander Holynski

A practitioner’s guide to 
diffusion models
CS180/280A, 11/4









What are diffusion models?
How do I train one?
How do I use them?



What’s covered

• Intuition on diffusion models—how do they work?


• How to train one—(data, architecture, training processes)


• How to use them—(sampling, guidance, distillation, zero-shot editing)


• What can they be used for? (editing, image priors, controllability)



What’s not covered: most of the math
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What are diffusion models?
Part 1:



Denoising Diffusion Models
Emerging as powerful generative models, outperforming GANs

“Diffusion Models Beat GANs on Image Synthesis” 
Dhariwal & Nichol, OpenAI, 2021

“Cascaded Diffusion Models for High Fidelity Image Generation” 
Ho et al., Google, 2021

https://arxiv.org/abs/2105.05233
https://arxiv.org/abs/2105.05233
https://arxiv.org/abs/2105.05233
https://arxiv.org/abs/2105.05233
https://arxiv.org/abs/2105.05233
https://arxiv.org/abs/2106.15282
https://arxiv.org/abs/2106.15282


Deep generative models
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Samples from a Data Distribution

slide from https://cvpr2022-tutorial-diffusion-models.github.io/

Learning to generate data

https://cvpr2022-tutorial-diffusion-models.github.io/


Deep generative models
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Neural Network
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Learning to generate data
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Training a generative model
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Initialization

Target
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Training a generative model
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Initialization

Target
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Training a generative model
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Compute a loss

“Give me image #57838905”

https://cvpr2022-tutorial-diffusion-models.github.io/


Training a generative model

16slide from https://cvpr2022-tutorial-diffusion-models.github.io/
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Intuition on diffusion
Part 2:





Creating is hard!



Creating is hard!

Destroying is easy!



Forward destruction trajectory



Reverse destruction trajectory
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The Generative Reverse Stochastic Differential Equation

slide from https://cvpr2022-tutorial-diffusion-models.github.io/

https://cvpr2022-tutorial-diffusion-models.github.io/


How to train a diffusion model
Part 3:
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What’s important?

Architecture


Capacity


Data


Noise schedule


Conditioning



Architecture

Time Representation
Fully-connected 

Layers

slide from https://cvpr2022-tutorial-diffusion-models.github.io/
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Latent models
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Tons and tons of data



Bigger is better



Noise schedules!



Noise schedules!



Training checklist

• Decide on a data distribution to model


• Download or create a dataset


• Come up with a noise schedule


• Pick an architecture + conditioning signal


• Latent / not latent?


• Get access to a ton of compute


• Start training!



How do you use a diffusion model? 
Part 4:



The visualization of sampling we saw before

slide from https://cvpr2022-tutorial-diffusion-models.github.io/

https://cvpr2022-tutorial-diffusion-models.github.io/


Two ways of sampling—stochastic and deterministic 
(SDE vs ODE)

• Generative Reverse Diffusion SDE (stochastic): • Generative Probability Flow ODE (deterministic):

Generation with Probability Flow ODE

… …

Generation with Reverse Diffusion SDE

Song et al., ICLR, 2021

… …

slide from https://cvpr2022-tutorial-diffusion-models.github.io/

https://arxiv.org/abs/2011.13456
https://arxiv.org/abs/2011.13456
https://arxiv.org/abs/2011.13456
https://cvpr2022-tutorial-diffusion-models.github.io/


Pros and cons

… …

SDE vs. ODE Sampling: Pro’s and Con’s

Pro: Continuous noise injection can help to compensate 
errors during diffusion process (Langevin sampling 

actively pushes towards correct distribution). 

Con: Often slower, because the stochastic terms themselves 
require fine discretization during solve.

Pro: Can leverage fast ODE solvers. Best when 
targeting very fast sampling.

Con: No “stochastic” error correction, often slightly 
lower performance than stochastic sampling.

Generation with Probability Flow ODEGeneration with Reverse Diffusion SDE

Karras et al., “Elucidating the Design Space of Diffusion-Based Generative Models”, arXiv, 2022 

… …

slide from https://cvpr2022-tutorial-diffusion-models.github.io/

https://arxiv.org/abs/2206.00364
https://arxiv.org/abs/2206.00364
https://arxiv.org/abs/2206.00364
https://cvpr2022-tutorial-diffusion-models.github.io/


Trained models may ignore conditioning signals!

One common issue:



Guidance!

A solution:
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Classifier Guidance

Need a train a classifier for each conditioning input!
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“”

No new model! Just dropout during training.



Classifier-free guidance

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

• Large classifier-free guidance weights → better text alignment, worse image fidelity  

Better text alignment

Be
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er
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es

https://arxiv.org/abs/2205.11487


Sampling is slow!
• Often need 10-1000+ steps to generate high quality samples

Another issue:



How to make sampling faster?

• One solution: distill diffusion models into models using just 4-8 sampling steps!  

• One example: 

• Progressive distillation for fast sampling of diffusion models, Salimans & Ho, ICLR 2022  

• On Distillation of Guided Diffusion Models, Meng et al., CVPR 2023



Progressive distillation

Salimans & Ho, “Progressive distillation for fast sampling of diffusion models”, ICLR 2022. 

• Distill a deterministic ODE sampler (i.e. DDIM sampler) to the same model architecture. 

• A “student” model is learned to distill two adjacent sampling steps of the “teacher” model to one sampling step.  

• At next stage, the “student” model from previous stage will serve as the new “teacher” model.

Distillation stage 

https://arxiv.org/abs/2202.00512


Some other sampling tricks
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Can be hard to pick the right value of t



Prompt-to-Prompt Image Editing with Cross-Attention Control, Hertz et al.
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Prompt-to-Prompt: Generating two similar images
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Prompt-to-Prompt: Generating two similar images



A furry bear watches a bird



A furry bear watches a CAT



A furry bear watches a CAT



Mixing scores



Mixing scores



Can’t do this with latent models!
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