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What can AI do?

v

[1]



Can it modify?

Gatys, Leon & Ecker, Alexander & Bethge, Matthias. (2015). A Neural Algorithm of Artistic Style. arXiv. 10.1167/16.12.326. 



Generation?

Karras, Tero & Laine, Samuli & Aila, Timo. (2019). A Style-Based Generator Architecture for Generative Adversarial Networks. 
4396-4405. 10.1109/CVPR.2019.00453. 
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Examples

● teddy bears working on 
new AI research on the 
moon in the 1980s

generated from dalle-2



Examples

● Avocados dancing, 
drinking, singing and 
partying at a Hawaiian 
luau

generated from dalle-2



● prompt given

generated from midjourney

Examples

https://www.midjourney.com/


● Given a dataset coming from distribution: p(x), where x is a datapoint, we 

want a model f, that can create new objects with the same distribution

● f(z)→x, s.t x comes from p(x)
○ Unconditional

■ seed z sampled from noise

○ Conditional

■ z sampled from another distribution p(z)

Problem Statement



Generative Models

Weng, Lilian. (Jul 2021). What are diffusion models? Lil’Log. https://lilianweng.github.io/posts/2021-07-11-diffusion-models/.

● VAEs

● GANs

● Flow-based 

Models

● Diffusion Models



VAEs

Pros

● Access and easy manipulation of 

latent space.

● Good for controlling outputs

● Fast inference

[1]

Cons

● The fidelity of generated points it 

low.



GANs

Pros

● High fidelity images.

● Fast inference

[1]

Cons

● Tricky to train

● Latent space isn’t accessible, 

difficult to manipulate



Normalizing Flows

Pros

●

[1]

Cons

●



Diffusion Models

Pros

● High fidelity. Even better than 

GANs.

[1]

Cons

● Slow Inference

● Costly to train
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Diffusion Models



Idea

● Forward Process (perturbing) (~Increasing 
entropy) → 

● Reverse Process (denoising)

Image: Moussa / Public Domain



Idea

● Forward Process (perturbing)

● Reverse Process (denoising) (~decreasing noise) 
→

Image: Moussa / Public Domain



the reverse process seems impossible?

● at the macroscopic level yes, 

seems impossible

● The idea is that entropy 

increases in a system on a 

macroscopic level.
○ example: Energy dissipates 

from hot food.

○ counterexample: A cold dish, 

spontaneously turns hot.

Getty Images/iStockphoto



the reverse process is possible, but improbable.

● Second law broken | Nature

● ^ entropy decreased and was 

observed in microscopic 
experiments. “breaking the second 

law of thermodynamics”

Go over: Entropy Explained, With Sheep

Getty Images/iStockphoto

https://www.nature.com/articles/news020722-2
https://aatishb.com/entropy


Previous 
works

Dickstein, et al (2015) 

(Stanford)

Ho, et al (2020) 

(Berkeley)



Nichol and Dhariwal 

(2021) (OpenAI)

Nichol and Dhariwal  

(2021) (OpenAI)

Previous 
works



● Our objective is to model the reverse process (in a small timesteps).

Forward process: Adding noise iteratively

Reverse Process: Recover image from the noised image

Overview

https://www.youtube.com/watch?v=HoKDTa5jHvg

← Model ←



Noise addition

Linear-2020 Paper: Too harsh and last few steps look redundant.

Cosine-2021 Paper: Gently destroying the structure, making it easier for modelling the reverse process

https://www.youtube.com/watch?v=HoKDTa5jHvg



Linear Schedule

https://www.youtube.com/watch?v=HoKDTa5jHvg



Linear Schedule - trick

Suppose I want to get tth  image after forward process, we can use 

the fact that addition of t isotropic gaussian is an isotropic 

gaussian.



How to recover the image?

Since: The destructive process add isotropic gaussian with varying mean and covariance at each step.

Therefore: In reverse process, the NN models the last added noise as a function of xt and timestep t.

● µt and Σt (of the noise added) modelled by the network

https://www.youtube.com/watch?v=HoKDTa5jHvg

← Model ←
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Into the math

We can think of diffusion models as PGMs



Connections to VAE

Diffusion models: a special VAE.



2 latent variable VAE

If x came from two latents variables?

Angus Turner (2021), Diffusion Models as a kind of VAE. https://angusturner.github.io/generative_models/2021/06/29/diffusion-probabilistic-models-I.html



T latent variable VAE

extrapolating it to T latent variables

Angus Turner (2021), Diffusion Models as a kind of VAE. https://angusturner.github.io/generative_models/2021/06/29/diffusion-probabilistic-models-I.html
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● To learn the parameters θ, let us try to perform maximum likelihood estimation on the generator.

Diederik P. Kingma and Max Welling (2019), "An Introduction to Variational Autoencoders", Foundations and Trends® in Machine 
Learning: Vol. 12: No. 4, pp 307-392. http://dx.doi.org/10.1561/2200000056 

Refresher: MLE on VAE → ELBO

Evidence Lower BOund



● To learn the parameters θ, let us try to perform maximum likelihood estimation on the generator.

Diederik P. Kingma and Max Welling (2019), "An Introduction to Variational Autoencoders", Foundations and Trends® in Machine 
Learning: Vol. 12: No. 4, pp 307-392. http://dx.doi.org/10.1561/2200000056 

Refresher: MLE on VAE → ELBO

Evidence Lower BOund



2 latent variable VAE

Marginal for 2 latent variables becomes:

Angus Turner (2021), Diffusion Models as a kind of VAE. https://angusturner.github.io/generative_models/2021/06/29/diffusion-probabilistic-models-I.html



New factorizations:

Substituting them in ELBO:

can be written as:

2 latent variable VAE

Angus Turner (2021), Diffusion Models as a kind of VAE. https://angusturner.github.io/generative_models/2021/06/29/diffusion-probabilistic-models-I.html
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New factorizations:

Substituting them in ELBO:

can be written as:

2 latent variable VAE
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t latent variable VAE

Angus Turner (2021), Diffusion Models as a kind of VAE. https://angusturner.github.io/generative_models/2021/06/29/diffusion-probabilistic-models-I.html

Simply extrapolating last equation:



With me?

● We showed diffusion models are special VAEs.

● The special hierarchical VAE has t latent variables.

● Wanted to maximize the likelihood for the data

● Reusing ELBO in Special VAEs (read diffusion models)

○ Next: Simplify ELBO (with markov property in latents)



Forward process == Encoder

Adding noise iteratively (markov property)

Encoder (Forward Diffusion)

Angus Turner (2021), Diffusion Models as a kind of VAE. https://angusturner.github.io/generative_models/2021/06/29/diffusion-probabilistic-models-I.html



Reverse process == Decoder (Generator)

Removing noise iteratively (modelled using a NN) (markov property)

Decoder (Reverse Diffusion)

Angus Turner (2021), Diffusion Models as a kind of VAE. https://angusturner.github.io/generative_models/2021/06/29/diffusion-probabilistic-models-I.html



We know (via markov property):

With Bayes rule:

Simplifying ELBO

Angus Turner (2021), Diffusion Models as a kind of VAE. https://angusturner.github.io/generative_models/2021/06/29/diffusion-probabilistic-models-I.html
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We know (via markov property):
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Angus Turner (2021), Diffusion Models as a kind of VAE. https://angusturner.github.io/generative_models/2021/06/29/diffusion-probabilistic-models-I.html

We see that the conditionals get cancelled upon 

expanding.

Simplifying ELBO



Angus Turner (2021), Diffusion Models as a kind of VAE. https://angusturner.github.io/generative_models/2021/06/29/diffusion-probabilistic-models-I.html

● LT has no parameters. (T = last step, xT is assumed standard normal)

● Both LT and Lt - 1 are KL divergence  between gaussians. Easy 

(analytical) calculation.

● L0 reconstruction loss.

Simplifying ELBO



Congratulations 🥳
We just derived the loss for original the diffusion models (2015)
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Takeaways - Connection to VAE

Angus Turner (2021), Diffusion Models as a kind of VAE. https://angusturner.github.io/generative_models/2021/06/29/diffusion-probabilistic-models-I.html

● Diffusion models can be understood as special VAE models.

● We have a similar objective to maximize the data likelihood

● The encoder (diffusion process := q(xt|xt-1) ) doesn’t involve any 

learning.

● The latent variables remain the same shape as inputs.

● The whole model is a decoder ( p(xt-1|xt)  ).

● Both encoder and decoder possess markov properties.



In sum 

Diffusion Models (Decoder := p(xt-1| xt)) take 2 inputs:

● timestep t
● noisy image at timestep t

Outputs:

● noise added at time t - 1 to generate noisy image at 

timestep t

Diffusion Model

t

xt xt - 1

While Optimizing:

ELBO (previous slide)



Diffusion Models - Problems

● Too costly to train:

Stable Diffusion: The model was trained using 256 Nvidia A100 

GPUs on Amazon Web Services for a total of 150,000 

GPU-hours, at a cost of $600,000.

https://twitter.com/EMostaque/status/1563870674111832066?s=20
&t=4Fvxch05FN6JqrAU8hcLkQ



Diffusion Models - Problems

● Too costly to train:

Stable Diffusion: The model was trained 

using 256 Nvidia A100 GPUs on Amazon 

Web Services for a total of 150,000 

GPU-hours, at a cost of $600,000.

● We don’t completely understand them:

Primary idea used throughout diffusion 

literature is adding “noise” to destroy data. 

A paper called, Cold Diffusion used 

deterministic image transformations to 

create similar results.

Bansal, Arpit, et al. "Cold diffusion: Inverting arbitrary image transforms without noise." 
arXiv preprint arXiv:2208.09392 (2022).



Advancements - Conditioning

Diffusion Model

t

xt

A lady with dark hair, yellow hat and 
blue eyes

xt - 1

conditioning

Nichol, Alex & Dhariwal, Prafulla & Ramesh, Aditya & Shyam, Pranav & Mishkin, Pamela & McGrew, Bob & Sutskever, Ilya & Chen, Mark. (2021). GLIDE: 
Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models. 



Clip - Training Image and Text encoders

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, Gretchen Krueger, Ilya 
Sutskever: Learning Transferable Visual Models From Natural Language Supervision. ICML 2021: 8748-8763



Code

Talks about theory while parallely 

implementing a full blown diffusion model.

🎉
Check it out  ↓

The Annotated Diffusion Model

https://huggingface.co/blog/annotated-diffusion


That’s all

Any questions? Reach out to me. :)

    ApoorvAgnihotr2

    www.linkedin.com/in/apoorvagni

    apoorvagni@gmail.com

https://twitter.com/ApoorvAgnihotr2
http://www.linkedin.com/in/apoorvagni
mailto:apoorvagni@gmail.com
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