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Generative AI
• Text

• Large Language Models (LLM)
• Generate/Predict the next word
• Auto-regressive

• Visual Language Models (VLM)/Large Multimodal Models (LMM)

• Images
• DALL-E 

• Auto-regressive model for image Generation
• Diffusion Models

• Generate Images, Videos, audio, …
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1. Motivation
2. High-level overview
3. Denoising diffusion probabilistic models
4. Noise Conditioned Score Network
5. Conditional Generation
6. Stochastic Differential Equations
7. Applications
8. Research directions

Agenda
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Diffusion Models Papers over the years
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Diffusion Models

• They are fundamentally different from other generative methods.
• They aim to decompose the image generation process (sampling) 

in many small “denoising” steps.
• Model can correct itself over these small steps and gradually 

produce a good sample
• Therefore, initially they were slower than GANs.
• They take the input image and gradually add Gaussian noise to it through a series 

of steps. We will call this the forward process.
• Afterward, a neural network is trained to recover the original data by reversing 

the noising process. 
• By being able to model the reverse process, we can generate new data. This is the 

so-called reverse process.
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https://theaisummer.com/diffusion-models/ 

https://theaisummer.com/diffusion-models/


Diffusion Applications
• Image generation
• Text-to-image
• Super resolution
• Image editing
• Inpainting
• Image segmentation
• Video Generation
• …..
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Inpainting 



Image Colorization



Image Colorizations



Stable Diffusion



Text-to-Image







Motivation: Generate new context for single instance















Video Generation: OpenAI Sora

Several giant wooly mammoths 
approach treading through a snowy 
meadow, their long wooly fur lightly 
blows in the wind as they walk, snow 
covered trees and dramatic snow 
capped mountains in the distance, 
mid afternoon light with wispy 
clouds and a sun high in the distance 
creates a warm glow, the low camera 
view is stunning capturing the large 
furry mammal with beautiful 
photography, depth of field.
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Source: https://openai.com/index/sora/



Video Generation: Google Veo2
A low-angle shot captures a flock of pink flamingos 

gracefully wading in a lush, tranquil lagoon. The 
vibrant pink of their plumage contrasts beautifully 
with the verdant green of the surrounding vegetation 
and the crystal-clear turquoise water. Sunlight glints 
off the water's surface, creating shimmering 
reflections that dance on the flamingos' feathers. The 
birds' elegant, curved necks are submerged as they 
walk through the shallow water, their movements 
creating gentle ripples that spread across the lagoon. 
The composition emphasizes the serenity and natural 
beauty of the scene, highlighting the delicate balance 
of the ecosystem and the inherent grace of these 
magnificent birds. The soft, diffused light of early 
morning bathes the entire scene in a warm, ethereal 
glow.
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Source: https://blog.google/technology/google-labs/video-image-generation-update-december-2024/



More Videos
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https://x.com/minchoi

https://x.com/EHuanglu
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High-level overview
• Diffusion models are probabilistic models used for image generation
• They involve reversing the process of gradually degrading the data
• Consist of two processes:
 The forward process: data is progressively destroyed by adding noise across 

multiple time steps
 The reverse process: using a neural network, noise is sequentially removed 

to obtain the original data

forward

reverse
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High-level overview

• Three categories:

 Denoising Diffusion Probabilistic Models (DDPM)

 Noise Conditioned Score Networks (NCSN)

 Stochastic Differential Equations (SDE)
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Notations
q 𝑥𝑥  - data distribution

𝒩𝒩 𝑥𝑥;𝜇𝜇,𝜎𝜎 ⋅ 𝐼𝐼  - Gaussian distribution

Random Variable (image) Mean Vector Covariance matrix. 𝐼𝐼 is the identity matrix

𝑥𝑥 =  𝜇𝜇 + 𝜎𝜎 ⋅ 𝑧𝑧, 𝑧𝑧~𝒩𝒩(0, 𝐼𝐼)

Sample from this distribution 

2/9/2025 Lecture-10-Diffusion-Models- Introduction-Part-I 36



Denoising Diffusion Probabilistic Models (DDPMs)

……

𝑥𝑥0 𝑥𝑥𝑇𝑇

Forward process

𝑥𝑥0~𝑞𝑞(𝑥𝑥) 𝑥𝑥𝑇𝑇~𝒩𝒩(0, 𝐼𝐼)
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Denoising Diffusion Probabilistic Models (DDPMs)

……

𝑥𝑥0 𝑥𝑥𝑇𝑇

Reverse process𝑥𝑥0~𝑞𝑞(𝑥𝑥) 𝑥𝑥𝑇𝑇~𝒩𝒩(0, 𝐼𝐼)
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Denoising Diffusion Probabilistic Models (DDPMs)

……

Forward process (Iterative) 

𝑥𝑥0 𝑥𝑥𝑇𝑇𝑥𝑥𝑡𝑡−1 𝑥𝑥𝑡𝑡

The image is 
replaced with 
noise𝛽𝛽𝑡𝑡≪ 1 , 𝑡𝑡 = 1,𝑇𝑇
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How do we go  from 𝑥𝑥0 to 𝑥𝑥𝑡𝑡? 



Denoising Diffusion Probabilistic Models (DDPMs)

……
𝑥𝑥0 𝑥𝑥𝑇𝑇𝑥𝑥𝑡𝑡−1 𝑥𝑥𝑡𝑡

Forward process. Ancestral sampling (One Shot)
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Can we go  directly in one shot from 𝑥𝑥0 to 𝑥𝑥𝑡𝑡? 



Re-parameterization Trick
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DDPMs. Training



DDPMs. Training objective

……

𝑥𝑥0 𝑥𝑥𝑇𝑇

Reverse process

𝑥𝑥𝑡𝑡−1 𝑥𝑥𝑡𝑡

q 𝑥𝑥𝑡𝑡−1 𝑥𝑥𝑡𝑡 ≈ 𝑝𝑝𝜃𝜃 𝑥𝑥𝑡𝑡−1 𝑥𝑥𝑡𝑡 =  𝒩𝒩(𝑥𝑥𝑡𝑡−1;𝜇𝜇𝜃𝜃 𝑥𝑥𝑡𝑡, 𝑡𝑡 , Σ𝜃𝜃 𝑥𝑥𝑡𝑡, 𝑡𝑡 )

Approximated by 
a neural network

Remember that:

Neural network 
weights
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DDPMs. Training objective

……

𝑥𝑥0 𝑥𝑥𝑇𝑇𝑥𝑥𝑡𝑡−1 𝑥𝑥𝑡𝑡

q 𝑥𝑥𝑡𝑡−1 𝑥𝑥𝑡𝑡 ≈ 𝑝𝑝𝜃𝜃 𝑥𝑥𝑡𝑡−1 𝑥𝑥𝑡𝑡 =  𝒩𝒩(𝑥𝑥𝑡𝑡−1;𝜇𝜇𝜃𝜃 𝑥𝑥𝑡𝑡, 𝑡𝑡 ,𝜎𝜎𝑡𝑡2I)

Approximated by 
a neural network

Simplification:

Neural network 
weightsFix the variance instead of learning, and predict/learn the mean

Reverse process

2/9/2025 Lecture-10-Diffusion-Models- Introduction-Part-I 44



DDPMs. Training objective

𝑥𝑥𝑡𝑡

𝜇𝜇𝜃𝜃(𝑥𝑥𝑡𝑡, 𝑡𝑡)

𝑡𝑡

𝑥𝑥𝑡𝑡−1

~ 𝒩𝒩 𝑥𝑥𝑡𝑡−1,𝜇𝜇𝜃𝜃(𝑥𝑥𝑡𝑡, 𝑡𝑡),𝜎𝜎𝑡𝑡2I

UNet-like neural network 
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U-Net
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U-net: Convolutional networks for biomedical image segmentation
O Ronneberger, P Fischer, T Brox - Munich, Germany, October 5-9, MICCAI, 201 – Springe: Cited by 100914

https://link.springer.com/chapter/10.1007/978-3-319-24574-4_28
https://scholar.google.com/citations?user=7jrO1NwAAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=M2j8KYMAAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=0VAe-TQAAAAJ&hl=en&oi=sra
https://scholar.google.com/scholar?cites=10845403114495995712&as_sdt=40005&sciodt=0,10&hl=en


U-Net
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U-Net
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DDPMs. Training Objective
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02 Attention and Transformers

Cross Entropy and KL (Kullback-Leibler) divergence

• Entropy: E(P) = - ΣiP(i)logP(i) 
• Cross Entropy: C(P) = - ΣiP(i) log Q(i) 
• KL divergence: DKL(P || Q) = ΣiP(i)log[P(i)/Q(i)] = ΣiP(i)[logP(i) – logQ(i)] 

Slides from Ming Li, University of Waterloo, CS 886 Deep Learning and NLP



DDPMs. Training Objective

min
𝜃𝜃

 𝔼𝔼𝑥𝑥0~𝑞𝑞(𝑥𝑥0) − log𝑝𝑝𝜃𝜃 𝑥𝑥0 𝑥𝑥1 + 𝐾𝐾𝐾𝐾(𝑞𝑞(𝑥𝑥𝑇𝑇|𝑥𝑥0)||𝑝𝑝𝜃𝜃 𝑥𝑥𝑇𝑇 ) + �
𝑡𝑡=2

𝑇𝑇

𝐾𝐾𝐾𝐾(𝑞𝑞 𝑥𝑥𝑡𝑡−1 𝑥𝑥𝑡𝑡 , 𝑥𝑥0 ||𝑝𝑝𝜃𝜃 𝑥𝑥𝑡𝑡−1 𝑥𝑥𝑡𝑡 )

This term can be ignored because 𝑝𝑝𝜃𝜃 𝑥𝑥𝑇𝑇  is 𝒩𝒩 0, Ι  
and does not depend on 𝜃𝜃.

At each time step t, 𝑝𝑝𝜃𝜃 𝑥𝑥𝑡𝑡−1 𝑥𝑥𝑡𝑡   is as close 
as possible to the true probability of the 
forward process when conditioned on the 
original image.
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DDPMs. Training Objective. Simplifications

min
𝜃𝜃

 𝔼𝔼𝑥𝑥0~𝑞𝑞(𝑥𝑥0) − log𝑝𝑝𝜃𝜃 𝑥𝑥0 𝑥𝑥1 +  �
𝑡𝑡=2

𝑇𝑇

𝐾𝐾𝐾𝐾(𝑞𝑞 𝑥𝑥𝑡𝑡−1 𝑥𝑥𝑡𝑡 , 𝑥𝑥0 ||𝑝𝑝𝜃𝜃 𝑥𝑥𝑡𝑡−1 𝑥𝑥𝑡𝑡 )

• The first term measures the reconstruction error and can be addressed 
with an independent decoder.

• The KL divergences of 2 gaussians is L2 distance between their means

• DDPMs paper introduced two simplifications that led to a much simple 

objective that is based on the noise in the image. 
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DDPMs. Training Objective. Simplifications

min
𝜃𝜃

 𝔼𝔼𝑥𝑥0~𝑞𝑞(𝑥𝑥0) − log𝑝𝑝𝜃𝜃 𝑥𝑥0 𝑥𝑥1 +  �
𝑡𝑡=2

𝑇𝑇

𝐾𝐾𝐾𝐾(𝑞𝑞 𝑥𝑥𝑡𝑡−1 𝑥𝑥𝑡𝑡 , 𝑥𝑥0 ||𝑝𝑝𝜃𝜃 𝑥𝑥𝑡𝑡−1 𝑥𝑥𝑡𝑡 )

 q 𝑥𝑥𝑡𝑡−1 𝑥𝑥𝑡𝑡, 𝑥𝑥0 =  𝒩𝒩 𝑥𝑥𝑡𝑡−1;  �𝜇𝜇 𝑥𝑥𝑡𝑡, 𝑥𝑥0 , �𝛽𝛽𝑡𝑡𝐼𝐼

�𝜇𝜇 𝑥𝑥𝑡𝑡, 𝑥𝑥0 =
1
𝛼𝛼𝑡𝑡

𝑥𝑥𝑡𝑡 −
1 −  𝛼𝛼𝑡𝑡

1 − 𝛽̂𝛽𝑡𝑡
 𝑧𝑧𝑡𝑡 , 𝑧𝑧𝑡𝑡 ~𝒩𝒩(0, I)

�𝛽𝛽𝑡𝑡 =
1 − 𝛽̂𝛽𝑡𝑡−1

1 − 𝛽̂𝛽𝑡𝑡
⋅ 𝛽𝛽𝑡𝑡

Notations:

𝛽̂𝛽𝑡𝑡 =  �
𝑖𝑖=1

𝑡𝑡

𝛼𝛼𝑖𝑖

𝛼𝛼𝑡𝑡 = 1 −  𝛽𝛽𝑡𝑡 
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DDPMs. Training Objective. Simplifications

min
𝜃𝜃

 𝔼𝔼𝑥𝑥0~𝑝𝑝(𝑥𝑥0) − log𝑝𝑝𝜃𝜃 𝑥𝑥0 𝑥𝑥1 +  �
𝑡𝑡=2

𝑇𝑇

𝐾𝐾𝐾𝐾(𝑝𝑝 𝑥𝑥𝑡𝑡−1 𝑥𝑥𝑡𝑡 , 𝑥𝑥0 ||𝑝𝑝𝜃𝜃 𝑥𝑥𝑡𝑡−1 𝑥𝑥𝑡𝑡 )

Tractable posterior:

 q 𝑥𝑥𝑡𝑡−1 𝑥𝑥𝑡𝑡, 𝑥𝑥0 =  𝒩𝒩 𝑥𝑥𝑡𝑡−1;  �𝜇𝜇 𝑥𝑥𝑡𝑡, 𝑥𝑥0 , �𝛽𝛽𝑡𝑡𝐼𝐼

�𝜇𝜇 𝑥𝑥𝑡𝑡, 𝑥𝑥0 =
1
𝛼𝛼𝑡𝑡

𝑥𝑥𝑡𝑡 −
1 −  𝛼𝛼𝑡𝑡

1 − 𝛽̂𝛽𝑡𝑡
 𝑧𝑧𝑡𝑡 , 𝑧𝑧𝑡𝑡 ~𝒩𝒩(0, I)

𝜇𝜇𝜃𝜃 𝑥𝑥𝑡𝑡, 𝑥𝑥0 =
1
𝛼𝛼𝑡𝑡

𝑥𝑥𝑡𝑡 −
1 −  𝛼𝛼𝑡𝑡

1 − 𝛽̂𝛽𝑡𝑡
 𝑧𝑧𝜃𝜃(𝑥𝑥𝑡𝑡, 𝑡𝑡)

Notations:

𝛽̂𝛽𝑡𝑡 =  �
𝑖𝑖=1

𝑡𝑡

𝛼𝛼𝑖𝑖

𝛼𝛼𝑡𝑡 = 1 −  𝛽𝛽𝑡𝑡 

�𝛽𝛽𝑡𝑡 =
1 − 𝛽̂𝛽𝑡𝑡−1

1 − 𝛽̂𝛽𝑡𝑡
⋅ 𝛽𝛽𝑡𝑡

⟹ 𝐾𝐾𝐾𝐾(𝑞𝑞 𝑥𝑥𝑡𝑡−1 𝑥𝑥𝑡𝑡 , 𝑥𝑥0 | 𝑝𝑝𝜃𝜃 𝑥𝑥𝑡𝑡−1 𝑥𝑥𝑡𝑡 =  𝔼𝔼𝑧𝑧𝑡𝑡 ~𝒩𝒩(0,I)
𝛽𝛽𝑡𝑡2

2𝜎𝜎𝑡𝑡2𝛼𝛼𝑡𝑡(1 − 𝛽̂𝛽𝑡𝑡)
𝑧𝑧𝑡𝑡  − 𝑧𝑧𝜃𝜃(𝑥𝑥𝑡𝑡, 𝑡𝑡) 2

2

⟹
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DDPMs. Training Objective. Simplifications

min
𝜃𝜃

 𝔼𝔼𝑥𝑥0~𝑝𝑝(𝑥𝑥0) − log𝑝𝑝𝜃𝜃 𝑥𝑥0 𝑥𝑥1 +  �
𝑡𝑡=2

𝑇𝑇

𝐾𝐾𝐾𝐾(𝑝𝑝 𝑥𝑥𝑡𝑡−1 𝑥𝑥𝑡𝑡 , 𝑥𝑥0 ||𝑝𝑝𝜃𝜃 𝑥𝑥𝑡𝑡−1 𝑥𝑥𝑡𝑡 )

 𝑝𝑝 𝑥𝑥𝑡𝑡−1 𝑥𝑥𝑡𝑡, 𝑥𝑥0 =  𝒩𝒩 𝑥𝑥𝑡𝑡−1;  �𝜇𝜇 𝑥𝑥𝑡𝑡, 𝑥𝑥0 , �𝛽𝛽𝑡𝑡𝐼𝐼

�𝜇𝜇 𝑥𝑥𝑡𝑡, 𝑥𝑥0 =
1
𝛼𝛼𝑡𝑡

𝑥𝑥𝑡𝑡 −
1 −  𝛼𝛼𝑡𝑡

1 − 𝛽̂𝛽𝑡𝑡
 𝑧𝑧𝑡𝑡 , 𝑧𝑧𝑡𝑡 ~𝒩𝒩(0, I)

𝜇𝜇𝜃𝜃 𝑥𝑥𝑡𝑡, 𝑥𝑥0 =
1
𝛼𝛼𝑡𝑡

𝑥𝑥𝑡𝑡 −
1 −  𝛼𝛼𝑡𝑡

1 − 𝛽̂𝛽𝑡𝑡
 𝑧𝑧𝜃𝜃(𝑥𝑥𝑡𝑡, 𝑡𝑡)

Notations:

𝛽̂𝛽𝑡𝑡 =  �
𝑖𝑖=1

𝑡𝑡

𝛼𝛼𝑖𝑖

𝛼𝛼𝑡𝑡 = 1 −  𝛽𝛽𝑡𝑡 

�𝛽𝛽𝑡𝑡 =
1 − 𝛽̂𝛽𝑡𝑡−1

1 − 𝛽̂𝛽𝑡𝑡
⋅ 𝛽𝛽𝑡𝑡

⟹ 𝐾𝐾𝐾𝐾(𝑞𝑞 𝑥𝑥𝑡𝑡−1 𝑥𝑥𝑡𝑡 , 𝑥𝑥0 | 𝑝𝑝𝜃𝜃 𝑥𝑥𝑡𝑡−1 𝑥𝑥𝑡𝑡 =  𝔼𝔼𝑧𝑧𝑡𝑡 ~𝒩𝒩(0,I)
𝛽𝛽𝑡𝑡2

2𝜎𝜎𝑡𝑡2𝛼𝛼𝑡𝑡(1 − 𝛽̂𝛽𝑡𝑡)
𝑧𝑧𝑡𝑡  − 𝑧𝑧𝜃𝜃(𝑥𝑥𝑡𝑡, 𝑡𝑡) 2

2

⟹

Ignored
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DDPMs. Training Algorithm

min
𝜃𝜃

1
𝑇𝑇
�
𝑡𝑡=1

𝑇𝑇

𝔼𝔼𝑥𝑥0~𝑞𝑞 𝑥𝑥0 ,𝑧𝑧𝑡𝑡~𝒩𝒩 0,I 𝑧𝑧𝑡𝑡  − 𝑧𝑧𝜃𝜃(𝑥𝑥𝑡𝑡, 𝑡𝑡) 2
2

Training algorithm:

Repeat
𝑥𝑥0~𝑞𝑞 𝑥𝑥0
𝑡𝑡~𝒰𝒰 1, … ,𝑇𝑇
𝑧𝑧𝑡𝑡~𝒩𝒩(0, I)

𝑥𝑥𝑡𝑡 = 𝛽̂𝛽𝑡𝑡 ⋅ 𝑥𝑥0 + 1 − 𝛽̂𝛽𝑡𝑡 𝑧𝑧𝑡𝑡
𝜃𝜃 =  𝜃𝜃 − 𝑙𝑙𝑙𝑙 ⋅  ∇𝜃𝜃ℒ𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

Until convergence

ℒ𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

𝛽̂𝛽𝑡𝑡 =  �
𝑖𝑖=1

𝑡𝑡

𝛼𝛼𝑖𝑖
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DDPMs. Training Algorithm

min
𝜃𝜃

1
𝑇𝑇
�
𝑡𝑡=1

𝑇𝑇

𝔼𝔼𝑥𝑥0~𝑞𝑞 𝑥𝑥0 ,𝑧𝑧𝑡𝑡~𝒩𝒩 0,I 𝑧𝑧𝑡𝑡  − 𝑧𝑧𝜃𝜃(𝑥𝑥𝑡𝑡, 𝑡𝑡) 2
2

Training algorithm:

Repeat
𝑥𝑥0~𝑞𝑞 𝑥𝑥0                    %We sample an image from our data set
𝑡𝑡~𝒰𝒰 1, … ,𝑇𝑇       %choose randomly a time step t of the forward process
𝑧𝑧𝑡𝑡~𝒩𝒩(0, I)                                                %sample the noise z_t

𝑥𝑥𝑡𝑡 = 𝛽̂𝛽𝑡𝑡 ⋅ 𝑥𝑥0 + 1 − 𝛽̂𝛽𝑡𝑡 𝑧𝑧𝑡𝑡                                     % Get noisy image

𝜃𝜃 =  𝜃𝜃 − 𝑙𝑙𝑙𝑙 ⋅  ∇𝜃𝜃ℒ𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠                          %Update neural network weights
Until convergence

ℒ𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝛽̂𝛽𝑡𝑡 =  �
𝑖𝑖=1

𝑡𝑡

𝛼𝛼𝑖𝑖
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DDPMs. Sampling

𝑥𝑥𝑡𝑡 𝑧𝑧𝜃𝜃(𝑥𝑥𝑡𝑡, 𝑡𝑡)

𝑡𝑡

• Pass the current noisy image along with t to the neural network

• With the resultant 𝑧𝑧𝜃𝜃 compute the mean of the gaussian distribution
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DDPMs. Sampling

𝑥𝑥𝑡𝑡 𝑧𝑧𝜃𝜃(𝑥𝑥𝑡𝑡, 𝑡𝑡)

𝑡𝑡

𝑥𝑥𝑡𝑡−1

~ 𝒩𝒩 𝑥𝑥𝑡𝑡−1,
1
𝛼𝛼𝑡𝑡

𝑥𝑥𝑡𝑡 −
1 −  𝛼𝛼𝑡𝑡

1 − 𝛽̂𝛽𝑡𝑡
 𝑧𝑧𝜃𝜃 𝑥𝑥𝑡𝑡, 𝑡𝑡 ,𝜎𝜎𝑡𝑡2I

𝜇𝜇𝜃𝜃(𝑥𝑥𝑡𝑡, 𝑡𝑡)
Sample the image 𝑥𝑥𝑡𝑡−1 for the next iteration
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