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Limitations of VAEs

Kingma et al. Auto-Encoding Variational Bayes

Result: Blurry, Low-Quality Images
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Training noise schedules

Image credit: Understanding Diffusion Objectives as the ELBO with 
Simple Data Augmentation https://arxiv.org/pdf/2303.00848

What levels of noise to use?

In practice, noise levels range from 
𝜎min = 0.01 to 𝜎max=100

Sampled uniformly from a noise 
schedule (typically 100-1000 
discrete noise levels)

𝜎 ~ {𝜎1, …, 𝜎1000}

Typically follow a log-scale λ = log(𝜎)

Slide credit to: https://www.practical-diffusion.org/
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Training Pseudocode
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- Why diffusion? VAEs and the one-step problem

- The diffusion process: forward, reverse, and training

- Toy model: seeing diffusion learn on a 2D spiral

- Sampling: DDPM and the speed problem

- Diffusion Models from Stochastic Differential Equations and Score 

Matching Perspective

- Conditional generation and classifier-free guidance

- Performance Metrics: FID, IS, Precision and Recall 

- Latent diffusion 

- Applications of Diffusion Models 

Outline 
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Toy Model

2D spiral dataset

2D noise-level embedding

Add noise

Noise-level 
embedding

Predict Noise

Fully Connected MLP

… 

Slide credit to: https://www.practical-diffusion.org/
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Training the Toy Model 

The model predicts expected x0 given x and 𝜎

Slide credit to: https://www.practical-diffusion.org/
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What did the model learn?

Slide credit to: https://www.practical-diffusion.org/
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Poll 2
What does the neural network actually predict during training?

● A) The clean image x₀
● B) The noisy image xₜ
● C) The noise ε that was added 
● D) The next timestep t+1



26

Poll 2
What does the neural network actually predict during training?

● A) The clean image x₀
● B) The noisy image xₜ
● C) The noise ε that was added 
● D) The next timestep t+1



27

- Why diffusion? VAEs and the one-step problem

- The diffusion process: forward, reverse, and training

- Toy model: seeing diffusion learn on a 2D spiral

- Sampling: DDPM and the speed problem

- Diffusion Models from Stochastic Differential Equations and Score 

Matching Perspective

- Conditional generation and classifier-free guidance

- Performance Metrics: FID, IS, Precision and Recall 

- Latent diffusion 

- Applications of Diffusion Models 

Outline 





29

Sampling
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Implementing the sampler

Slide credit to: https://www.practical-diffusion.org/
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Poll 3
DDIM is 10-50× faster than DDPM because:

● A) It uses a smaller neural network
● B) It skips timesteps intelligently 
● C) It trains faster
● D) It uses a better GPU
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Slide credit to: https://www.practical-diffusion.org/
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Generative Reverse SDEs

Slide credit to: https://cvpr2022-tutorial-diffusion-models.github.io/ 
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ODE vs. SDE

Transformations in two ways.
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Denoising Score Matching 

Figure credit to: https://yang-song.net/blog/2021/score/
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Generative Reverse SDEs

Figure credit to: https://yang -song.net/blog/2021/score/
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Poll 4
The score function ∇log p(x) points toward:

● A) Random directions
● B) Low probability regions
● C) High probability regions (data) 
● D) The origin
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Unconditional Diffusion:

● Sample: Random noise → Random image from training 
distribution

● No control over output class/content

The Need for Control:

● "Draw a sunset over mountains"
● "Create a portrait in Van Gogh style"

Conditional Generation: The Control Problem
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Conditional Diffusion (overview)

Previously: sample from 

Today: Sample from                for some condition y

*Idea*: think of y as a way 
to encode preferences in 
generation

Slide credit to: https://www.practical-diffusion.org/
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1. Classifier Guidance: Train separate classifier, use gradients
○ ✗ Requires training extra model
○ ✗ Classifier can be noisy at high t

2. Classifier-Free Guidance (CFG): Train one model for both
○ ✓ Single model
○ ✓ Better quality

Conditional Generation: The Control Problem
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Classifier-free Guidance → sample quality higher

OpenAI's GLIDE model, without guidance (left) and with guidance (right)

Slide credit to: https://www.practical-diffusion.org/
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What is Classifier-free Guidance “doing”? 

CFG is a predictor corrector, Bradley and Nakkiran, 2024, and Guiding a Diffusion 
Model with a Bad Version of Itself, Karras et al. 2024

 

Theory is still developing but empirically:

1. Increasing guidance 𝛾 leads to sharper “low-temperature” 
sampling (i.e. higher density regions of distribution contain 
higher perceived quality samples)

2. Learned score functions tend to have more significant error in 
low density regions, and so this error is less apparent with 
guidance

Guidance Strength

Slide credit to: https://www.practical-diffusion.org/
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● Map data into latent space using VAE or any other similar 
approach

1. Encoder: Compresses input data into a latent representation.
2. Decoder: Reconstructs the original data from the latent 

representation.

Latent DDPM 
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Fine-grained control of diffusion models

Image credit: Adding Conditional Control to Text-to-Image Diffusion Models https://arxiv.org/pdf/2302.05543 

https://arxiv.org/pdf/2302.05543
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Image editing and composition

Image credit: DreamBooth: Fine Tuning Text-to-Image Diffusion Models for Subject-Driven Generation https://arxiv.org/pdf/2208.12242 

https://arxiv.org/pdf/2208.12242
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How does video generation work?

Spatial-temporal VAE

Image credit: WAN 2.1 https://arxiv.org/pdf/2503.20314 

Challenges: 

1. Temporal consistency and how to best perceptually compress motion

2. Autoregressive generation of arbitrary-length videos

Slide credit to: https://www.practical-diffusion.org/

https://arxiv.org/pdf/2503.20314
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Generating visual illusions

Image credit: Visual anagrams https://dangeng.github.io/visual_anagrams/ 

https://docs.google.com/file/d/1-7O3gNIgWtWIV7aN_4sWABaqaM8yNmR3/preview
https://dangeng.github.io/visual_anagrams/
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Thank you :-) 


