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Motivation: Diffusion Models
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a masterful oil painting a 

persian exotic cat 

discovering their astounding 

crypto losses while checking 

their phone

Diffusion 
Model

OpenAI Dall-E2
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Motivation: Diffusion Models
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Beautiful, snowy Tokyo city is 
bustling. The camera moves 
through the bustling city street, 
following several people enjoying 
the beautiful snowy weather and 
shopping at nearby stalls. 
Gorgeous sakura petals are flying 
through the wind along with 
snowflakes.

Diffusion 
Model

OpenAI Sora, Bill Peeves* Tim Brooks*, et al, 2024

https://docs.google.com/file/d/1xlc-WqTGLaYd9uxZP3uF4eDUmXfWbrbV/preview
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Motivation: Diffusion Models
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Reflections in the window 
of a train traveling through 
the Tokyo suburbs.

Diffusion 
Model

OpenAI Sora, Bill Peeves* Tim Brooks*, et al, 2024

https://docs.google.com/file/d/15dP9GGMBAoSiisRXurVEyniW76EsZvd1/preview
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Motivation: Diffusion Models
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A cat waking up its sleeping 
owner demanding breakfast. 
The owner tries to ignore the 
cat, but the cat tries new tactics 
and finally the owner pulls out a 
secret stash of treats from under 
the pillow to hold the cat off a 
little longer.

Diffusion 
Model

OpenAI Sora, Bill Peeves* Tim Brooks*, et al, 2024

https://docs.google.com/file/d/15AslaplzAq1aiGO01LElAySA2kmceNh3/preview
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Motivation: Diffusion Models

6

Five gray wolf pups frolicking and 

chasing each other around a 

remote gravel road, surrounded by 

grass. The pups run and leap, 

chasing each other, and nipping at 

each other, playing.

morePrompt: Five gray wolf pups 

frolicking and chasing each other 

around a remote gravel road, 

surrounded by grass. The pups run 

and leap, chasing each other, and 

nipping at each other, playing.

Diffusion 
Model

OpenAI Sora, Bill Peeves* Tim Brooks*, et al, 2024

https://docs.google.com/file/d/14cVIFXodSP7HW3_pA60b-y1_StgVX587/preview
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Motivation: Diffusion Models
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UniSim, Sherry Yang et al, 2023

Enable robots to 
imagine results 
of actions

https://docs.google.com/file/d/17AdOKBhOGpCbUY51Y9HV4Lky8v9aB2GA/preview
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Outline
■ Basics:

■ Denoising Diffusion Probabilistic Models

■ Diffusion Models Beat GANs on Image Synthesis;  Classifier Guidance

■ Classifier-Free Diffusion Guidance

■ GLIDE: Text-Guided Diffusion Models

■ Dall-E: 1, 2, 3 

■ Imagen

■ Deeper Dive:

■ DDIM Sampling

■ Prediction Space / Loss: x, eps, v

■ Issues with Common Noise Schedules

■ Architectures: UNet, latent space / stable diffusion, hierarchical generation, transformers

■ Image Editing / Video Editing

■ Using scores in diffusion models: text-to-3D, text-to-SVG, Video Adapter

■ Faster Sampling

■ Diffusion as Pre-Training

■ Other Fields: visuomotor control, materials discovery
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State of Affairs of this class + field anno 2020

■ Autoregressive models
■ MADE, PixelRNN/CNN, Gated PixelCNN, PixelSNAIL

■ Flow models
■ Autoregressive Flows, NICE, RealNVP, Glow, Flow++

■ Latent Variable Models
■ VAE, IWAE, VQ-VAE

■ GANs

GANs gave most realistic images, but have lots of bells and whistles + struggle 

with truly covering what’s in data distribution

→ Diffusion Models

 9
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Denoising Diffusion Probabilistic Models

10

[Ho, Jain, Abbeel, 2020]
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Denoising Diffusion Probabilistic Models
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[Ho, Jain, Abbeel, 2020]
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Denoising Diffusion Probabilistic Models
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[Ho, Jain, Abbeel, 2020]
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Denoising Diffusion Probabilistic Models

13

[Ho, Jain, Abbeel, 2020]
(conceptually helpful; but we never explicitly represent p_theta)
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Denoising Diffusion Probabilistic Models
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[Ho, Jain, Abbeel, 2020]

Variance reduction version:
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Architecture
■ Backbone of PixelCNN++ , which is a U-Net based on a Wide ResNet. 

■ Replaced weight normalization with group normalization to make implementation simpler. 

■ Our 32 × 32 models use four feature map resolutions (32 × 32 to 4 × 4), and our 256 × 256 

models use six. 

■ All models have two convolutional residual blocks per resolution level and self-attention blocks at 

the 16 × 16 resolution between the convolutional blocks. 

■ Diffusion time t is specified by adding the Transformer sinusoidal position embedding into each 

residual block. 

■ Our CIFAR10 model has 35.7 million parameters

■ Our LSUN and CelebA-HQ models have 114 million parameters.  Also trained a larger variant of 

the LSUN Bedroom model with approximately 256 million parameters by increasing filter count. 
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Denoising Diffusion Probabilistic Models
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[Ho, Jain, Abbeel, 2020]
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Denoising Diffusion Probabilistic Models
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[Ho, Jain, Abbeel, 2020]
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Denoising Diffusion Probabilistic Models
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[Ho, Jain, Abbeel, 2020]
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Denoising Diffusion Probabilistic Models
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[Ho, Jain, Abbeel, 2020]
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Denoising Diffusion Probabilistic Models
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[Ho, Jain, Abbeel, 2020]
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Denoising Diffusion Probabilistic Models
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[Ho, Jain, Abbeel, 2020]
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Key Inspiration Works:

22

- Introduced Diffusion Models

[Song & Ermon, NeurIPS 2019][Sohl-Dickstein et al, ICML 2015]

- Annealed Langevin Dynamics for sampling 
against energy model with score function 
(grad log p(x))

- Very promising sample generation
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Outline
■ Basics:

■ Denoising Diffusion Probabilistic Models

■ Diffusion Models Beat GANs on Image Synthesis;  Classifier Guidance

■ Classifier-Free Diffusion Guidance

■ GLIDE: Text-Guided Diffusion Models

■ Dall-E: 1, 2, 3 

■ Imagen

■ Deeper Dive:

■ DDIM Sampling

■ Prediction Space / Loss: x, eps, v

■ Issues with Common Noise Schedules

■ Architectures: UNet, latent space / stable diffusion, hierarchical generation, transformers

■ Image Editing / Video Editing

■ Using scores in diffusion models: text-to-3D, text-to-SVG, Video Adapter

■ Faster Sampling

■ Diffusion as Pre-Training

■ Other Fields: visuomotor control, materials discovery
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Diffusion Models Beat GANs on Image Synthesis

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

26

Learned variance

Deterministic Sampler
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Architecture Improvements

27
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Classifier Guidance

28

Key idea: add an additional term in the sampling process to 
direct towards the desired class

Train a classifier on noisy images 

Use gradients  to guide towards a class label 
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Similar Image Quality + Better Diversity than BigGAN
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Outline
■ Basics:

■ Denoising Diffusion Probabilistic Models

■ Diffusion Models Beat GANs on Image Synthesis;  Classifier Guidance

■ Classifier-Free Diffusion Guidance

■ GLIDE: Text-Guided Diffusion Models

■ Dall-E: 1, 2, 3 

■ Imagen

■ Deeper Dive:

■ DDIM Sampling

■ Prediction Space / Loss: x, eps, v

■ Issues with Common Noise Schedules

■ Architectures: UNet, latent space / stable diffusion, hierarchical generation, transformers

■ Image Editing / Video Editing

■ Using scores in diffusion models: text-to-3D, text-to-SVG, Video Adapter

■ Faster Sampling

■ Diffusion as Pre-Training

■ Other Fields: visuomotor control, materials discovery
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[Ho & Salimans, 2022]
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Classifier-Free Guidance
■ Motivation

■ Classifier-guidance enabled “low temperature” / “sharper” samples

■ BUT: Can we achieve this without an additional classifier to train, purely in the generative model itself?

■ Key Idea, consider the extra term in classifier free guidance sampling + apply Bayes rule:

32

<- classifier-guidance

<- classifier-free guidance

No need for classifier, just need to train both 
conditional and unconditional generator

<- in DDPM notation
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Sampling with Classifier-Free Guidance

33

[Ho & Salimans, 2022]
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Training with Classifier-Free Guidance

34

[Ho & Salimans, 2022]
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Effect of Classifier-Free Guidance

35

[Ho & Salimans, 2022]
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Effect of Classifier-Free Guidance

36

[Ho & Salimans, 2022]
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Classifier-Free Guidance
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[Ho & Salimans, 2022]
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FID / IS over training run

38

[Ho & Salimans, 2022]

IS keeps getting better – i.e. more and more “realistic” member of a class
FID briefly improves, then keeps getting worse – i.e. lose diversity
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Classifier-Free Guidance
■ Achieves guidance in a very simple way;

■ One-line change of code during training (randomly drop out conditioning)

■ During sampling just mix conditional and unconditional score estimates

39
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Outline
■ Basics:

■ Denoising Diffusion Probabilistic Models

■ Diffusion Models Beat GANs on Image Synthesis;  Classifier Guidance

■ Classifier-Free Diffusion Guidance

■ GLIDE: Text-Guided Diffusion Models

■ Dall-E: 1, 2, 3 

■ Imagen

■ Deeper Dive:

■ DDIM Sampling

■ Prediction Space / Loss: x, eps, v

■ Issues with Common Noise Schedules

■ Architectures: UNet, latent space / stable diffusion, hierarchical generation, transformers

■ Image Editing / Video Editing

■ Using scores in diffusion models: text-to-3D, text-to-SVG, Video Adapter

■ Faster Sampling

■ Diffusion as Pre-Training

■ Other Fields: visuomotor control, materials discovery
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[Nichol*, Dhariwal*, Ramesh* et al, 2022]
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[Nichol*, Dhariwal*, Ramesh* et al, 2022]

GLIDE
■ Main Idea: 

■ 3.5 Billion parameter text-conditional diffusion model for 64x64

■ 1.5 Billion parameter text-conditional diffusion model for super-resolution to 256x256

■ Classifier-Free Diffusion Guidance with caption conditioning (rather than class conditioning)

■ Also tried CLIP-Guided Diffusion but that didn’t work as well



UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan  -- L6 Diffusion Models 43

[Nichol*, Dhariwal*, Ramesh* et al, 2022]

GLIDE
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[Nichol*, Dhariwal*, Ramesh* et al, 2022]

GLIDE
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[Nichol*, Dhariwal*, Ramesh* et al, 2022]

GLIDE
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[Nichol*, Dhariwal*, Ramesh* et al, 2022]

GLIDE
■ Classifier-Free Diffusion Guidance with caption conditioning (rather than class conditioning)

■ Also tried CLIP-Guided Diffusion but that didn’t work as well
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[Nichol*, Dhariwal*, Ramesh* et al, 2022]

GLIDE
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Outline
■ Basics:

■ Denoising Diffusion Probabilistic Models

■ Diffusion Models Beat GANs on Image Synthesis;  Classifier Guidance

■ Classifier-Free Diffusion Guidance

■ GLIDE: Text-Guided Diffusion Models

■ Dall-E: 1, 2, 3 

■ Imagen

■ Deeper Dive:

■ DDIM Sampling

■ Prediction Space / Loss: x, eps, v

■ Issues with Common Noise Schedules

■ Architectures: UNet, latent space / stable diffusion, hierarchical generation, transformers

■ Image Editing / Video Editing

■ Using scores in diffusion models: text-to-3D, text-to-SVG, Video Adapter

■ Faster Sampling

■ Diffusion as Pre-Training

■ Other Fields: visuomotor control, materials discovery
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Dall-E1

NOTE: Dall-E1 does not involve a diffusion model, but later Dall-E models do 

49

Ramesh, Aditya, et al. "Zero-shot text-to-image generation." International Conference on Machine Learning. PMLR, 2021.
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Dall-E1

Key Idea: 

- Transformer with text tokens and image tokens

- Image tokens from discrete variational autoencoder, k=8192 

- ~VQ-VAE with Gumbel-Softmax hence trainable as VAE, some small architecture changes

- 250 million text image pairs

- Sample generation with post-processing by CLIP re-ranking of samples

50
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Dall-E1

51
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Findings

- Generalization ability to compose many concepts at high level of abstraction (including 

unusual combinations)

52
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Dall-E2 / unCLIP
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Dall-E2 / unCLIP

54

Decoder = ~ GLIDE but conditioned on CLIP image embedding space (+text)
Enable classifier-free guidance by setting CLIP embeddings = 0 (10%) and dropping text caption 50% of the time

First 64x64
Then upsample 256x256
Then upsample 1024x1024
No conditioning in 
upsamplers
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Dall-E2 / unCLIP: Samples
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Encode with CLIP then Decode/Sample
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Interpolation in CLIP image embeddings
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Dall-E3

58

[Betker, Goh, Jing, et al, Sep 2023]
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Dall-E3

59

Key Hypothesis: 

- Existing text-to-image models struggle to follow detailed image descriptions and often ignore 

words or confuse the meaning of prompts. We hypothesize that this issue stems from noisy and 

inaccurate image captions in the training dataset. 

Proposed Method:

- train a bespoke image captioner and use it to recaption the training dataset 

- at sample time: use GPT-4 to “upsample” the prompt

Underlying Model:

- ~ stable diffusion VAE: 256x256 -> 32x32 latents + diffusion (not VAE!) decoder;  might have 

super-resolution diffusion or might not (details undisclosed) 

Results:

- Even better :)

Weaknesses:

- Spatial awareness

- Text rendering not as good as hoped for (possibly because of tokenizer)
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Dall-E3: Samples

60
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Dall-E3: Samples
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Outline
■ Basics:

■ Denoising Diffusion Probabilistic Models

■ Diffusion Models Beat GANs on Image Synthesis;  Classifier Guidance

■ Classifier-Free Diffusion Guidance

■ GLIDE: Text-Guided Diffusion Models

■ Dall-E: 1, 2, 3 

■ Imagen

■ Deeper Dive:

■ DDIM Sampling

■ Prediction Space / Loss: x, eps, v

■ Issues with Common Noise Schedules

■ Architectures: UNet, latent space / stable diffusion, hierarchical generation, transformers

■ Image Editing / Video Editing

■ Using scores in diffusion models: text-to-3D, text-to-SVG, Video Adapter

■ Faster Sampling

■ Diffusion as Pre-Training

■ Other Fields: visuomotor control, materials discovery
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Imagen Architecture

66

[Saharia, Chan, et al, May 2022]

2B

600M

400M

2.5M training steps for 
each model
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Imagen Key Observations / Ideas

- LLMs trained on text-only (e.g. T5) very effective at encoding 

text for image synthesis

- Increasing LLM size boost sample fidelity and image-text 

alignment more than increasing image diffusion model size

- Efficient U-Net: more model parameters at low res
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Outline
■ Basics:

■ Denoising Diffusion Probabilistic Models

■ Diffusion Models Beat GANs on Image Synthesis;  Classifier Guidance

■ Classifier-Free Diffusion Guidance

■ GLIDE: Text-Guided Diffusion Models

■ Dall-E: 1, 2, 3 

■ Imagen

■ Deeper Dive:

■ DDIM Sampling

■ Prediction Space / Loss: x, eps, v

■ Issues with Common Noise Schedules

■ Architectures: UNet, latent space / stable diffusion, hierarchical generation, transformers

■ Image Editing / Video Editing

■ Using scores in diffusion models: text-to-3D, text-to-SVG, Video Adapter

■ Faster Sampling

■ Diffusion as Pre-Training

■ Other Fields: visuomotor control, materials discovery
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DDIM Sampler

Consider the noising forward process

Let 

Then 

72

Song, Jiaming, Chenlin Meng, and Stefano Ermon. "Denoising diffusion implicit models." arXiv preprint arXiv:2010.02502 (2020).



UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan  -- L6 Diffusion Models

DDIM Sampler

Deterministic DDIM update:

73
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DDIM Sampler

Can choose a different step size during inference than training

Most models (e.g. SD) can generate good samples even with 50 steps

74
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Outline
■ Basics:

■ Denoising Diffusion Probabilistic Models

■ Diffusion Models Beat GANs on Image Synthesis;  Classifier Guidance

■ Classifier-Free Diffusion Guidance

■ GLIDE: Text-Guided Diffusion Models

■ Dall-E: 1, 2, 3 

■ Imagen

■ Deeper Dive:

■ DDIM Sampling

■ Prediction Space / Loss: x, eps, v

■ Issues with Common Noise Schedules

■ Architectures: UNet, latent space / stable diffusion, hierarchical generation, transformers

■ Image Editing / Video Editing

■ Using scores in diffusion models: text-to-3D, text-to-SVG, Video Adapter

■ Faster Sampling

■ Diffusion as Pre-Training

■ Other Fields: visuomotor control, materials discovery
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Different Reparameterizations

Epsilon - space (DDPM)

76

Salimans, Tim, and Jonathan Ho. "Progressive distillation for fast sampling of diffusion models." arXiv preprint arXiv:2202.00512 (2022).
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Different Reparameterizations

x - space

77
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Different Reparameterizations

Relationship between x-space and epsilon-space

78
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Different Reparameterizations

How about something else?

Note that DDPM defines:

 defines vectors on the unit circle.

Instead of DDIM by t, can we do by angle 

79



UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan  -- L6 Diffusion Models

Different Reparameterizations

We can define the forward process as:

Then, define the “velocity” as:

DDIM update rule is then:
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Different Reparameterizations

v - space

where
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Different Reparameterizations

Relationship between x-space and v-space
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Benefits of v-space

83
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Issues with Common Noise Schedules

Most diffusion noise schedules do not end at 0 for t = T 

85

Lin, Shanchuan, et al. "Common diffusion noise schedules and sample steps are flawed." Proceedings of the IEEE/CVF Winter Conference on 
Applications of Computer Vision. 2024.
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Issues with Common Noise Schedules

DDPM uses epsilon-space for loss. What happens when t = T?

If t = T, then α
t
 = 0 and σ

t
 = 1 (pure gaussian noise)

The objective becomes a trivial task (learn the identity function)
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Issues with Common Noise Schedules

Why is this an issue?

- Leaks global information about x
0
 during training since it is not fully 

noised

- During inference, we sample pure noise. The model will try to 

interpret signal where there is none.
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Zero-Terminal SNR

We can enforce 0 terminal SNR by adjusting the noise schedule
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Zero-Terminal SNR

But we can’t use epsilon-space loss - v space to the rescue!

At t = T, v-space loss is

Process:

- Re-scale noise schedule to enforce zero-terminal SNR

- Finetune diffusion model with v-space loss on new noise 

schedule
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Zero-Terminal SNR

SD

90

SD + Zero SNR
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Zero-Terminal SNR
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UNet - Base Model

93

Additionally 
add some 
self-attention 
layers at lower 
resolutions
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UNet - Conditioning
Condition on diffusion timestep t

94

t Sinusoidal 
Embedding

B x 1 B x D

MLP

B x D

x
t

UNet

ε
t
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UNet - Conditioning
Shapes: h (H x W x D), t

emb
 (1 x 1 x D)

95

Method 1: Simple addition

Method 2: Modulation parameters
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Latent Diffusion Models

Pixels can still be expensive. 

Can we learn a latent space like we did for AR models (VQGAN)?

Learn a VAE: very low weighting on KL loss (1e-6)

96

x z x_hat

256 x 256 x 3 32 x 32 x 4
Rombach, Robin, et al. "High-resolution image synthesis with latent diffusion models." Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2022.
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Latent Diffusion Model
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Latent Diffusion Model

Speed - Quality Trade-off

98



UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan  -- L6 Diffusion Models

Stable Diffusion

99

● VAE that downsamples images by 8x spatially (256 -> 32, 512 -> 64)
● UNet architecture with self-attention layers
● Text conditioning with cross attention on text features

○ Text features using CLIP text encoder
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Stable Video Diffusion

■ Initialize from Stable Diffusion

■ Add temporal layers (e.g. 1D Conv, temporal attention)

■ Finetune on video data

Data pipeline:

■ Scrape unlabeled videos from the internet

■ Use image + video captioners to generate synthetic text labels

■ Apply aggressive data filtering using several heuristics (clip score, 

optical flow score, aesthetic scores, OCR, etc.

100

Blattmann, Andreas, et al. "Stable video diffusion: Scaling latent video diffusion models to large datasets." arXiv preprint arXiv:2311.15127 (2023).
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Stable Video Diffusion

101
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Cascaded Diffusion Models

102

z
1 z

0

x
0

Ho, Jonathan, et al. "Cascaded diffusion models for high fidelity image generation." The Journal of Machine Learning Research 23.1 (2022): 2249-2281.
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Cascaded Diffusion Models

■ Train 1 unconditional model, and the rest are low-resolution 

conditional super-resolution models
■ Condition on low-res image -> bilinear / bicubic upsample -> 

concatenate to noised input

■ Models can be trained independently

■ Hyperparameters can be tuned to be resolution specific
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Cascaded Diffusion Models

Conditioning Augmentation: Augment the low-res input z

■ Method 1: Blurring 

■ Gaussian blurring filter

■ Good for models at 128, 256 resolution

■ Method 2: Non-truncated Conditioning Augmentation

■ Train the super-resolution p(x|z
0
) model conditioned on samples from the 

prior p(z
0
) with added corruption from the forward process q(z

s
|z

0
). 

■ S (corruption / noise strength) is a hyperparameter

■ Good for  < 128 resolution
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Cascaded Diffusion Models
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Cascaded Diffusion Models

Large improvements in using conditioning augmentation
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Imagen Video

107

Ho, Jonathan, et al. "Imagen video: High definition video generation with diffusion models." arXiv preprint arXiv:2210.02303 (2022).
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Imagen Video
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Imagen Video

Key aspects

■ Cascaded structure allows better scalability on more limited 

compute

■ Conditioning augmentation for super-res models

■ Video-image joint training

■ Large, high-quality dataset (14M text-video, 500M text-image)
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Imagen Video

A teddy bear running in New York City
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Imagen Video

Coffee pouring into a cup
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Diffusion Transformers

112

Peebles, William, and Saining Xie. "Scalable diffusion models with transformers." Proceedings of the IEEE/CVF International Conference on Computer Vision. 2023.
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WALT

■ Learn a 3D CNN autoencoder
■ Downsamples over space and time

■ First frame is encoded as an image (no temporal downsampling) to 

support joint image-video representations

■ Transformer diffusion model on latent space
■ Space-time factorized attention for better efficiency

■ Zero Terminal SNR

■ Different variant of AdaLN block

■ Latent self-conditioning [paper]

■ 3B params

113

Gupta, Agrim, et al. "Photorealistic video generation with diffusion models." arXiv 
preprint arXiv:2312.06662 (2023).

https://arxiv.org/abs/2208.04202
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WALT

A unicorn walking, slow 

cinematic motion

114

An astronaut feeding ducks on 

a sunny afternoon
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Sora

■ Based on a scaled up diffusion transformer
■ Learn a VAE -> encode -> patchify -> flatten

■ Allows for more flexible learning of variable resolutions and video 

length

■ (Maybe?) trained with random conditioning to support video 

prediction and infilling
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Stable Diffusion 3

■ 8B parameters - largest open-source text-image model to date

■ Diffusion transformer architecture

■ Uses Flow Matching [paper]

116

https://arxiv.org/abs/2210.02747
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SDEdit

118

Goal: High-level, editing of semantic image features while retaining 
global structure

Meng, Chenlin, et al. "Sdedit: Guided image synthesis and editing with stochastic differential equations." arXiv preprint arXiv:2108.01073 (2021).
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SDEdit

Given some diffusion timestep t, image x
0
, edit caption c:

1) Apply the forward process to t: q(x
t
 | x

0
)

2) Apply the reverse process to 0: p(x
t-1

 | x
t
, c) (t times)
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SDEdit

T is a hyperparameter

- Trade-off between faithfulness to original image, and alignment 

with target edit

120
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Using SDEdit

Source Video

121

Made of wooden blocks
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Using SDEdit

Source Video

122

Make of colorful toy bricks
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Prompt-to-Prompt (P2P)

Goal: Retain the fine-grained structure but change the content of an image

123

Hertz, Amir, et al. "Prompt-to-prompt image editing with cross attention control." arXiv preprint arXiv:2208.01626 (2022).
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Prompt-to-Prompt (P2P)

Key Idea: Attention maps in UNets provide structure 

information

124
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Prompt-to-Prompt (P2P)

125
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Sampling Process
Sample with original and edited prompt in parallel, and copy attention maps

126

x
t

xe
t

Diffusion Step Diffusion Step

x
t+1

xe
t+

1

“A picture of a 
cat on a bike”

“A picture of a 
cat on a 
motorcycle”

Copy Attention
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Prompt-to-Prompt (P2P)
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Real Image Editing

128



UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan  -- L6 Diffusion Models

Failure Cases

Depends on DDIM reconstruction quality - especially bad with 

CFG
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DreamBooth
Goal: Subject-driven image generation given 3-5 images of a specific subject

130

Ruiz, Nataniel, et al. "Dreambooth: Fine tuning text-to-image diffusion models for subject-driven generation." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023.
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DreamBooth
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DreamBooth
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ControlNet

Goal: Finetune a diffusion model to include extra conditioning

■ Canny edge map

■ Depth 

■ Human Pose

■ Lower Resolution Image

■ Segmentation

■ Sketch

133

Zhang, Lvmin, Anyi Rao, and Maneesh Agrawala. "Adding conditional control to text-to-image diffusion models." Proceedings of the IEEE/CVF 
International Conference on Computer Vision. 2023.
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ControlNet
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ControlNet
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Tune-a-Video

Goal: Edit videos using a text-image model

1) Start with a pretrained text-image model (e.g. SD)

136

Wu, Jay Zhangjie, et al. "Tune-a-video: One-shot tuning of image diffusion models for text-to-video generation." Proceedings of the IEEE/CVF 
International Conference on Computer Vision. 2023.
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Tune-a-Video

2) Inflate the network to process videos

■ k x k 2D convs become 1 x k x k 3D convs

■ Self-attention for each frame additional attends to past 2 

frames

137



UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan  -- L6 Diffusion Models

Tune-a-Video

3) Finetune the model on the 

standard diffusion loss

■ Finetune on a single video

■ Freeze all parameters except 

self-attention query 

projection
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Tune-a-Video

Inference

■ Compute the DDIM inversion of the source video

■ Run diffusion sampling from the DDIM inversion with the 

target edit caption
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Tune-a-Video
A rabbit is eating a 

watermelon on a table

140

A rabbit is on the table

A cat with sunglasses is 

eating a watermelon on 

a beach
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Dreamix

How about more general video editing?

Use a pretrained text-video model instead of text-image

141

Molad, Eyal, et al. "Dreamix: Video diffusion models are general video editors." arXiv preprint arXiv:2302.01329 (2023).
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Dreamix

Can do SDEdit-style using ImagenVideo

142
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Dreamix

Mixed Video-Image Finetuning (Video)

■ Reconstruct the original video v conditioned on noised 

version z
s
 and rare token t*

143
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Dreamix

Mixed Video-Image Finetuning (Image)

■ Reconstruct the original video v 

conditioned on noised version z
s
 and 

rare token t*

Mask out any temporal operations for 

only frame-based denoising
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Dreamix

Final Fine-tuning Loss
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Dreamix
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Dreamix
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Dreamix
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Dreamix
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DreamFusion

How can you use a pretrained text-image model to generate 3D 

objects?

151

Poole, Ben, et al. "Dreamfusion: Text-to-3d using 2d diffusion." arXiv preprint arXiv:2209.14988 (2022).
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DreamFusion

Start with a randomly initialized parameterized 3D representation 

(NeRF)
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DreamFusion

Randomly sample camera angle and lighting
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DreamFusion

Render the image (64 x 64)
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DreamFusion

Noise the image and feed it through the diffusion loss to predict 

the noise
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DreamFusion

Compute the SDS loss and backpropagate

156



UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan  -- L6 Diffusion Models

DreamFusion

Intuitively, we want the NeRF parameters to produce images that 

minimize the diffusion loss

157

But the objective is generally brittle / expensive (backprop through the UNet)
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DreamFusion

It works better to just remove the U-Net jacobian

There is a theoretical motivation (see Appendix in paper)

158

https://arxiv.org/abs/2209.14988
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DreamFusion

159
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Text-to-SVG
Using SDS loss is not limited to text-to-3D

■ SDS provides a general way to backprop / learn through any differential 

“rendering” pipeline

160

Jain, Ajay, Amber Xie, and Pieter Abbeel. "Vectorfusion: Text-to-svg by abstracting pixel-based diffusion models." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023.
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Text-to-SVG
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VideoAdapter

DDPMs as Energy-Based Models (EBMs)

Since the denoising function (epsilon) models the score, we have

162

Yang, Mengjiao, et al. "Probabilistic Adaptation of Text-to-Video Models." arXiv preprint arXiv:2306.01872 (2023).
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VideoAdapter

Learn a distribution as a product of a pretrained (large) model 

and domain specific (small) model
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VideoAdapter

Under the product assumption, we can use the EBM 

interpretation to combine the scores of the diffusion models
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VideoAdapter
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VideoAdapter
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VideoAdapter

Can adapt to different domains (robot trajectories, ego-centric camera)
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Progressive Distillation

169



UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan  -- L6 Diffusion Models

Progressive Distillation

170

■ Problem: Diffusion models take many steps to sample.
■ DDPM, Diffusion Beats Gans: 1000 timesteps.

■ Large N good for training, but slow to evaluate.

■ Insight: Distill an N-step diffusion model into N/2 steps.
■ Then repeat this progressively -- N/4 steps, N/8, etc.
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Progressive Distillation

171

■ Standard Diffusion
■ Sample x, t, eps. Add eps to x.

■ Update model to predict original x.

■ Progressive Distillation
■ Sample x, t, eps. Add eps to x.

■ Run teacher model twice to get x’.

■ Update model to predict x’.

■ Why? 
■ p(x_original | x_noise) is a noisier distribution with many answers, 

whereas p(x’ | x_noise) is more determined.
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Progressive Distillation
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Denoising Diffusion GAN

■ We need many diffusion steps because of Gaussian assumption.
■ The forward process is a Gaussian process.

■ True backward process is a Gaussian, only for small step sizes.

■ For large steps, not Gaussian.
■ p(x_0) is multimodal, a result of many unimodal (gaussian) steps.
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Xiao, Zhisheng, Karsten Kreis, and Arash Vahdat. "Tackling the generative learning trilemma with denoising diffusion gans." arXiv preprint arXiv:2112.07804 (2021).



UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan  -- L6 Diffusion Models

Denoising Diffusion GAN
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Denoising Diffusion GAN

■ Instead, train the reverse distribution with a GAN.

■ We can sample from the true reverse distribution by running 

the forward process on data. Train discriminator:

■ Then, train generator to maximize discriminator objective.
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Denoising Diffusion GAN
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Denoising Diffusion GAN
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(4 Diffusion Steps)
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MobileDiffusion
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MobileDiffusion

180

■ Many architectural changes can reduce parameter counts.
■ More transformers inside middle of Unet. [26% efficiency gain]

■ Intuition: perform calculation in compressed latent space.

■ Decouple self-attention and cross-attention. [15% efficiency gain]
■ Cross-attention to text is important -- include at all layers.

■ Self-attention is expensive at high-resolution -- include only in middle.
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MobileDiffusion
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■ Many architectural changes can reduce parameter counts.
■ Share key-value projections. [5% parameter reduction]

■ Set (key = value) for self-attention.

■ Finetune softmax into relu.
■ Attention softmax requires sum over exponents, pointwise relu faster.

■ Can train with softmax, then finetune to work with relu.

■ Reduce feedforward layer width. [10% parameter reduction]

■ Use separable convolutions [Howard et al, 2017] [10% param reduc.]

■ Reduce residual blocks.  [15% parameter reduction]
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MobileDiffusion

182



UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan  -- L6 Diffusion Models

Hourglass Diffusion Transformer
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Crowson, Katherine, et al. "Scalable High-Resolution Pixel-Space Image Synthesis with Hourglass Diffusion Transformers." arXiv preprint arXiv:2401.11605 (2024).
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SDXL-Lightning
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■ Key Idea: Denoising Diffusion GAN, for distillation.

■ Distillation of diffusion models fails at small step sizes.

■ It’s the same MSE ambiguity problem we covered earlier.

■ Small steps need to model a complicated flow -- Gaussian not enough.

■ Instead -- distill with a GAN.
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SDXL-Lightning
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■ SDXL-Lightning GAN

■ Discriminator conditioned on pairs of (x, x_nstep_denoised).

■ Samples from either teacher network or student.

■ Re-use the weights from the teacher encoder for the discriminator.
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SDXL-Lightning
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■ Janus Artifacts
■ Student model still has less capacity 

than the teacher = mismatch.

■ Relaxing mode-coverage reduces 

complexity.
■ Finetune on unconditional flows.
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SDXL-Lightning
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■ Training Details
■ Distill 128 -> 32 with MSE loss.

■ Distill 32,8,4,3,1 with GAN loss.
■ First with conditional, then unconditional, in each stage.

■ Train with LoRA, then further finetune full model.

■ Train at multiple timesteps, even if not necessary for generation.
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Outline
■ Basics:

■ Denoising Diffusion Probabilistic Models

■ Diffusion Models Beat GANs on Image Synthesis;  Classifier Guidance

■ Classifier-Free Diffusion Guidance

■ GLIDE: Text-Guided Diffusion Models

■ Dall-E: 1, 2, 3 

■ Imagen

■ Deeper Dive:

■ DDIM Sampling

■ Prediction Space / Loss: x, eps, v

■ Issues with Common Noise Schedules

■ Architectures: UNet, latent space / stable diffusion, hierarchical generation, transformers

■ Image Editing / Video Editing

■ Using scores in diffusion models: text-to-3D, text-to-SVG, Video Adapter

■ Faster Sampling

■ Diffusion as Pre-Training

■ Other Fields: visuomotor control, materials discovery
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Diffusion Features
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■ Question: Unsupervised learning is also wanted for representation 

learning. Can diffusion models be used for this?

■ Insight: Diffusion model is trained with noisy images as input.
■ To extract features, add noise to image, then process.

■ Average over a batch of noise for better accuracy.

■ Correspondences can be located via cosine distance.

■ As T changes, tradeoff between semantics and details.

Tang, Luming, et al. "Emergent correspondence from image diffusion." Advances in Neural Information Processing Systems 36 (2024).
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Diffusion Features
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Diffusion Classifier
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■ Problem: We want to classify images, or otherwise compute a 

distance between [image, text] pairs.

■ Insight: We have an approximate model of p(x|c). Use Bayes’ rule:
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Diffusion Classifier
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■ [Image, text] distance can be calculated by adding noise, denoising 

with text-conditioning, and taking L2 distance.
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Diffusion Classifier
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■ [Image, text] distance can be calculated by adding noise, denoising 

with text-conditioning, and taking L2 distance.
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EmerDiff
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■ Question: How do we pixel-level segmentation maps from diffusion 

models?

■ Low-resolution solution: extract feature maps, then use K-means.
■ In a text-conditioned model, use the query vectors as features.

■ To upscale: Figure out correspondence from features to pixels.
■ Add a (+,-) constant offset to the feature maps. 

■ Then, take the difference in the generated image.
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EmerDiff
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EmerDiff
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Outline
■ Basics:

■ Denoising Diffusion Probabilistic Models

■ Diffusion Models Beat GANs on Image Synthesis;  Classifier Guidance

■ Classifier-Free Diffusion Guidance

■ GLIDE: Text-Guided Diffusion Models

■ Dall-E: 1, 2, 3 

■ Imagen

■ Deeper Dive:

■ DDIM Sampling

■ Prediction Space / Loss: x, eps, v

■ Issues with Common Noise Schedules

■ Architectures: UNet, latent space / stable diffusion, hierarchical generation, transformers

■ Image Editing / Video Editing

■ Using scores in diffusion models: text-to-3D, text-to-SVG, Video Adapter

■ Faster Sampling

■ Diffusion as Pre-Training

■ Other Fields: visuomotor control, materials discovery
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UniMat: Scalable Diffusion for Materials Generation
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Planning with Diffusion for Flexible Behavior Synthesis
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Diffusion Policy

■ Problem: In robotics, expert trajectories are multimodal -- Gaussian 

policies fail to capture behavior.

■ Solution: Use diffusion model over actions, and diffuse over 

future action trajectories.
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Diffusion Policy
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Teaching Robots New Behaviors
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Some Tutorial Links
https://lilianweng.github.io/posts/2021-07-11-diffusion-models/
https://github.com/marikgoldstein/slides/blob/main/diffusion/diffusion.pdf
https://cvpr2022-tutorial-diffusion-models.github.io/
https://arxiv.org/abs/2208.11970 Understanding Diffusion Models: A Unified Perspective
https://yang-song.net/blog/2021/score/
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https://lilianweng.github.io/posts/2021-07-11-diffusion-models/
https://github.com/marikgoldstein/slides/blob/main/diffusion/diffusion.pdf
https://cvpr2022-tutorial-diffusion-models.github.io/
https://arxiv.org/abs/2208.11970
https://yang-song.net/blog/2021/score/
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Some Advanced Topics We Skipped
Diffusion in relationship to score-based generative models. Variance preserving vs variance exploding models. Sampling 
with score by using MCMC with langevin dynamics

- Generative Modeling by Estimating Gradients of the Data Distribution (NCSN)
- Improved Techniques for Training Score-Based Generative Models

Diffusion as an SDE / probability flow ODE
- https://arxiv.org/pdf/2206.00364.pdf  (What solvers do different methods use? Can we use higher order ones?)
- Score-based Generative modeling through stochastic differential equations

Elucidating the design space of diffusion based generative models
- https://arxiv.org/abs/2206.00364
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https://proceedings.neurips.cc/paper_files/paper/2019/file/3001ef257407d5a371a96dcd947c7d93-Paper.pdf
https://proceedings.neurips.cc/paper/2020/file/92c3b916311a5517d9290576e3ea37ad-Paper.pdf
https://arxiv.org/pdf/2206.00364.pdf
https://arxiv.org/abs/2011.13456
https://arxiv.org/abs/2206.00364
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