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(Contrastive Language-Image Pre-Training)

2021

Images Source: Learning Transferable Visual Models From Natural Language Supervision

https://arxiv.org/abs/2103.00020


Contrastive Learning

Images Source: Understanding Contrastive Learning

https://towardsdatascience.com/understanding-contrastive-learning-d5b19fd96607
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CLIP - Training Process
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End-to-End Pseudo-Code

Image Source: Learning Transferable Visual Models From Natural Language Supervision

https://arxiv.org/abs/2103.00020


End-to-End Pseudo-Code

Images Source: Learning Transferable Visual Models From Natural Language Supervision

https://arxiv.org/abs/2103.00020


Use Cases - Zero-shot Classification

Images Source: Learning Transferable Visual Models From Natural Language Supervision

https://arxiv.org/abs/2103.00020


Use Cases - Text-Image Retrieval

Images Source: https://pypi.org/project/clip-retrieval/

https://pypi.org/project/clip-retrieval/
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Sutskever, I.. (2021). Learning Transferable Visual Models From Natural Language Supervision. <i>Proceedings of the 38th International 
Conference on Machine Learning</i>, in <i>Proceedings of Machine Learning Research</i> 139:8748-8763 Available from 
https://proceedings.mlr.press/v139/radford21a.html.
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“An abstract image about the subject Diffusion Models” Generated with 
craiyon.com (DALL·E mini)

Diffusion Models

http://craiyon.com


Why Diffusion?

Diffusion: Move from high Concentration to low 
concentration until equilibrium

Thermodynamics

Diffusing noise into the image

Diffusion Models



Diffusion Models Timeline

Deep Unsupervised Learning
Using Nonequilibrium 

Thermodynamics 

2015 2020

Denoising Diffusion
Probabilistic Models

(DDPM)

Improved Denoising Diffusion 
Probabilistic Models

2020

Denoising diffusion implicit 
models.
(DDIM)

2021

GLIDE: Towards Photorealistic 
Image Generation and Editing with 

Text-Guided Diffusion Models
(GLIDE)

2022 2022

Hierarchical Text-Conditional 
Image Generation with CLIP 

Latents
(DALL.E-2)

High-Resolution Image 
Synthesis with Latent 

Diffusion Models
(Stable Diffusion)

2022

https://arxiv.org/abs/1503.03585
https://arxiv.org/abs/1503.03585
https://arxiv.org/abs/1503.03585
https://arxiv.org/abs/2006.11239
https://arxiv.org/abs/2006.11239
https://arxiv.org/abs/2102.09672
https://arxiv.org/abs/2102.09672
https://arxiv.org/abs/2010.02502
https://arxiv.org/abs/2010.02502
https://arxiv.org/abs/2112.10741
https://arxiv.org/abs/2112.10741
https://arxiv.org/abs/2112.10741
https://arxiv.org/abs/2204.06125
https://arxiv.org/abs/2204.06125
https://arxiv.org/abs/2204.06125
https://arxiv.org/abs/2112.10752
https://arxiv.org/abs/2112.10752
https://arxiv.org/abs/2112.10752


Comparing Generative Models

Similarities

1. Learn p(X) through pθ(X), i.e., make p(X) ~ pθ
(X)

2. Generate new data by sampling from pθ(X)

Differences

GAN, VAE: Noise → Image in a Single Step; 
Encoder-Decoder Architecture

Diffusion: Noise → Image in  Multiple Steps;
Markov Chain

Image Source: Weng, Lilian. (Jul 2021). What are diffusion models?

https://lilianweng.github.io/posts/2021-07-11-diffusion-models/


Diffusion Models - Forward and Reverse
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x0 xt-1 xt xT… …
q(xt-1|xt)

“Encoder”
Forward Process

“Decoder”
Reverse Process



Diffusion Models - Forward and Reverse

x0 xt-1 xt xT… …
q(xt|xt-1)

x0 xt-1 xt xT… …
q(xt-1|xt)

Harder (VAE, GAN)

Easier/More 
Details

“Encoder”
Forward Process

“Decoder”
Reverse Process



Image Source: Diffusion Model Clearly Explained!

Forward Diffusion
Process

https://medium.com/@steinsfu/diffusion-model-clearly-explained-cd331bd41166


Diffusion Models - Forward Process

x0 xt-1 xt xT… …
q(xt|xt-1)

● Include more noise at each step until pure noise N(0,1)

● The noise follow a scheduling

“Encoder”
Forward Process



Diffusion Models - Forward Process

x0 xt-1 xt xT… …
q(xt|xt-1)

Noise Distribution
at t

Image With Noise 
at T from X0

Noise Schedule

Equations  Source: Weng, Lilian. (Jul 2021). What are diffusion models?

“Encoder”
Forward Process

https://lilianweng.github.io/posts/2021-07-11-diffusion-models/


Diffusion Models - Forward Process

x0 xt-1 xt xT… …
q(xt|xt-1)

Noise Distribution
at t

Image With Noise 
at T from X0

Noise Schedule

Closed Form

Equations  Source: Weng, Lilian. (Jul 2021). What are diffusion models?

“Encoder”
Forward Process

https://lilianweng.github.io/posts/2021-07-11-diffusion-models/


Diffusion Models - Forward Process

x0 xt-1 xt xT… …
q(xt|xt-1)

“Encoder”
Forward Process



Image Source: Diffusion Model Clearly Explained!

Reverse Diffusion
Process

https://medium.com/@steinsfu/diffusion-model-clearly-explained-cd331bd41166


Diffusion Models - Reverse Process

x0 xt-1 xt xT… …
q(xt-1|xt)

● Gradually remove the noise until the image is fully recovered

● The idea is to estimate somehow q(xt-1|xt) 

“Decoder”
Reverse Process



Diffusion Models - Reverse Process

● Gradually remove the noise until the image is fully recovered

● The idea is to estimate somehow q(xt-1|xt) 

x0 xt-1 xt xT… …
q(xt-1|xt)

“Decoder”
Reverse Process



Diffusion Models - Reverse Process

If we do a big step, it is hard to 
know what the posterior is.

Image Source: CS 198-126: Lecture 12 - Diffusion Models 

https://www.youtube.com/watch?v=687zEGODmHA&t=2532s


Diffusion Models - Reverse Process

If we do a tiny step, the 
posterior becomes a normal 

distribution!

Image Source: CS 198-126: Lecture 12 - Diffusion Models 

https://www.youtube.com/watch?v=687zEGODmHA&t=2532s


Diffusion Models - Reverse Process

Posterior 
Conditioned on X0

x0 xt-1 xt xT… …
q(xt-1|xt)

“Decoder”
Reverse

Approximating the posterior by a Gaussian Distribution:

Equations  Source: Weng, Lilian. (Jul 2021). What are diffusion models?

https://lilianweng.github.io/posts/2021-07-11-diffusion-models/


Diffusion Models - Reverse Process

Approximating the posterior by a Gaussian Distribution:

Posterior 
Conditioned on X0

Estimation (Model)

x0 xt-1 xt xT… …
q(xt-1|xt)

“Decoder”
Reverse

Equations  Source: Weng, Lilian. (Jul 2021). What are diffusion models?

https://lilianweng.github.io/posts/2021-07-11-diffusion-models/


Diffusion Models - Reverse Process

Approximating the posterior by a Gaussian Distribution:

Posterior 
Conditioned on X0

Estimation (Model)

Recovered Image

x0 xt-1 xt xT… …
q(xt-1|xt)

“Decoder”
Reverse

Equations  Source: Weng, Lilian. (Jul 2021). What are diffusion models?

https://lilianweng.github.io/posts/2021-07-11-diffusion-models/


Diffusion Models - Reverse Process

Approximating the posterior by a Gaussian Distribution:

Loss Function

Actual Mean

Prediction Machine Learning Model

(PS: There are more components! See the reference!)

x0 xt-1 xt xT… …
q(xt-1|xt)

“Decoder”
Reverse

Equations  Source: Weng, Lilian. (Jul 2021). What are diffusion models?

https://lilianweng.github.io/posts/2021-07-11-diffusion-models/


Hands-On



End-to-End -  Version 1

Pre-compute Scheduling

The pseudo-code on the right was based on https://github.com/ThiagoLira/ToyDiffusion

The pseudo-code on the left was based on code provided in How Diffusion Models Work DeepLearni.AI Short Course

https://github.com/ThiagoLira/ToyDiffusion
https://www.deeplearning.ai/short-courses/how-diffusion-models-work/


End-to-End -  Version 1

# Diffusion Steps



End-to-End -  Version 1

Apply Noise



End-to-End -  Version 1

Actual and Prediction



End-to-End -  Version 1

Actual and Prediction

Notice: The Network Must Learn with 
t, so it understand the noise level at 
step t



End-to-End -  Version 1

Loss Function and Backpropagation



End-to-End -  Version 1

Start From Noise



End-to-End -  Version 1

Remember We Are Only Predicting µ



End-to-End -  Version 1

Neural Network Prediction



End-to-End -  Version 1



End-to-End -  Version 2

Image  Source: Jonathan Ho, Ajay Jain, and Pieter Abbeel. 2020. Denoising diffusion probabilistic models. In Proceedings of the 34th International 
Conference on Neural Information Processing Systems (NIPS'20). Curran Associates Inc., Red Hook, NY, USA, Article 574, 6840–6851.



The pseudo-code on the left was based on code provided in How Diffusion Models Work DeepLearni.AI 
Short Course

End-to-End -  Version 2

https://www.deeplearning.ai/short-courses/how-diffusion-models-work/


End-to-End -  Version 2



End-to-End -  Version 2



t = 250
U-Net

Xt εθ

t = 500
U-Net

Xt εθ

t = 100 U-Net
Xt εθ

Batch

End-to-End -  Version 2



End-to-End -  Version 2



End-to-End -  Version 2



End-to-End -  Version 2



Traind
U-Net

Traind
U-Net

Traind
U-Net

Input Noise

Input Noise

Input Noise

Predicted 
Noise

Predicted 
Noise

Predicted 
Noise

…

End-to-End -  Version 2



Model Architecture
and

Guidance

Image Source: https://openai.com/dall-e-2



Model Architecture and Guidance

Image Source: Diffusion models in practice. Part 1: A primers

https://deepsense.ai/diffusion-models-in-practice-part-1-the-tools-of-the-trade/


Model Architecture and Guidance

Linear VS Cosine Schedule

Images Source: Nichol, Alex and Prafulla Dhariwal. “Improved Denoising Diffusion Probabilistic Models.”

https://arxiv.org/abs/2102.09672


Model Architecture and Guidance

Image Source: Diffusion models in practice. Part 1: A primers

t

Code Extracted From https://github.com/dome272/Diffusion-Models-pytorch/blob/main/modules.py

(Batch Size, Depth, Width, Height)

https://deepsense.ai/diffusion-models-in-practice-part-1-the-tools-of-the-trade/


GLIDE Guidance

Diffusion Training

● Text go through a Transformer Encoder

● “The final token embedding is used in place of a class embedding in the Diffusion model” - 
GLIDE paper

● “The last layer of token embeddings (a sequence of K feature vectors) is separately projected to 
the dimensionality of each attention layer throughout the Diffusion Model” - GLIDE paper

Diffusion Inference

● CLIP is first trained on noisy images;

● CLIP Guidance: 

○ cosine_similarity(denoised image, text) -> CLIP Score

○ Add the gradient of the CLIP Score to the predicted image



DALL.E-2

Source: Ramesh, A., Dhariwal, P., Nichol, A., Chu, C., & Chen, M. (2022). Hierarchical Text-Conditional Image Generation with CLIP Latents. ArXiv, 
abs/2204.06125.



DALL.E-2

Source: Ramesh, A., Dhariwal, P., Nichol, A., Chu, C., & Chen, M. (2022). Hierarchical Text-Conditional Image Generation with CLIP Latents. ArXiv, 
abs/2204.06125.
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