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Overview

-Examples (Images)

-Diffusion Tutorial (how to generate random samples that look like your data!)

-Conditional Diffusion (generate data given common features/classes)

-Conditional Diffusion with CLIP (Dall-E 2–images from text)

-Latent Diffusion (Stable Diffusion–more images from text, but built different)

-Cold Diffusion (do we need noise?)

-Discussion



A couple examples first.



First: Diffusion

Ways to generate samples from a distribution of 
noise

Slides from CVPR 2022 tutorial follow.

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

https://drive.google.com/file/d/1DYHDbt1tSl9oqm3
O333biRYzSCOtdtmn/view (Arash Vahdat)

https://drive.google.com/file/d/1DYHDbt1tSl9oqm3O333biRYzSCOtdtmn/view
https://drive.google.com/file/d/1DYHDbt1tSl9oqm3O333biRYzSCOtdtmn/view
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Sohl-Dickstein et al., “Deep Unsupervised Learning Using Nonequilibrium Thermodynamics.”
https://cvpr2022-tutorial-diffusion-models.github.io/



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



Ho, Jain, and Abbeel, “Denoising Diffusion Probabilistic Models.”

MAIN TAKEAWAY:

https://cvpr2022-tutorial-diffusion-models.github.io/
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Back to scheduled material

We want images from text; how do we make it 
conditional?

We already have time as an input… just tack on a 
class!



DALL-E 2:

Have:

Large dataset of image/text pairs.

Image,text pairs

   ,     image and text embeddings from CLIP

Want: 

Prior              to get embedding from text

Decoder                   to create images given 
embedding and text caption

Ramesh et al., “Hierarchical Text-Conditional Image Generation with CLIP Latents.”



DALL-E 2 Enables

Interpolation of text. 

Generating samples with same caption, 

Interpolate images. 

Generating similar samples given an image:





Decoder

-one layer of low resolution image generation 64,64

Random drop embedding to 0       10% and text      50%  

-multiple layers of conditional superresolution diffusion models ->256->1024

Superresolution:

y is a different variable here, please ignore

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



Interpolating Images,



Interpolating Text, 



Some ablation

GLIDE model: just uses text 
caption

Text embedding (instead of 
image embedding)



Reconstruction! Even if probabilities incorrect.

Even if classified as an ipod, it 
still remembers the apple :’)

Last week–max classification? 
(there can be both an ipod and 
an apple)



DALL-E 2 Snags

Can mix up colors, context, words.



Latent Diffusion (Stable Diffusion)

Runs on pixels of latent code

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



Cold Diffusion



Cold Diffusion:

Can we use something other than gaussian 
noise?

-Fixed noise.

-Blurring

-Masking, etc.

Bansal et al., “Cold Diffusion.”
Rissanen, Heinonen, and Solin, “Generative Modelling With Inverse Heat Dissipation.”
Daras et al., “Soft Diffusion.”
Hoogeboom and Salimans, “Blurring Diffusion Models.”



Other Diffusion Applications

Point clouds.

Trajectories.

Latent-anything.

Q: what is best noise for each data type?



Takeaways

Diffusion provides us with ways to generate samples from a distribution with great results. Most come down to fitting 
an MSE reconstruction loss at multiple stages.

Benefits:

-Each stage can be trained independently.

-‘Encoder’ is fixed

Cons:

Requires many evaluations. (ODE/ diffeq works) see: Meng et al., “On Distillation of Guided Diffusion Models.”

Directions:

Models?



5 reasons why you should choose Artificial Intelligence as 
career



Reference Material



Classifier-free guidance

Ho and Salimans, “Classifier-Free Diffusion Guidance.”


