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Train

Sample

Neural NetworkSamples from a Data Distribution

Deep Generative Learning

Learning to generate data

Source: CVPR2022-tutorial -diffusion -models
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Karras et al. Alias-Free Generative Adversarial Networks, NeurIPS 2021

Application (1): Content Generation

StyleGAN3 example images

Source: CVPR2022-tutorial -diffusion -models
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https://machinelearningmastery.com/impressive-applications-of-generative-adversarial-networks/

Photo Inpainting

Example of GAN-Generated 

Photograph Inpainting Using 

Context Encoders.

Taken from Context Encoders: 

Feature Learning by Inpainting 

describe the use of GANs, 

specifically Context Encoders, 2016.

Application (2): Image to Image Translation
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Zhang et al., DatasetGAN: Efficient Labeled Data Factory with Minimal Human Effort, CVPR 2021

Li et al., Semantic Segmentation with Generative Models: Semi-Supervised Learning and Strong Out-of-Domain Generalization, CVPR 2021

Application (3): Representation Learning

Learning from limited labels

Source: CVPR2022-tutorial -diffusion -models
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Autoregressive 
Models

Normalizing 
Flows

Variational 
Autoencoders

Denoising 
Diffusion Models

Generative 
Adversarial
Networks

Energy-based 
Models

The Landscape of Deep Generative Learning



Generative Models

9
Source: 6.S978 Deep Generative Models - MIT EECS, Fall 2024

https://mit-6s978.github.io/schedule.html
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*Disclaimer: search is performed based on paper titles for counting the number of papers in each topic , hence the 

statistics are likely to be biased.

As per CVPR

Source: CVPR2023-tutorial -diffusion -models
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ñDiffusionModels Beat GANs on ImageSynthesisò

Dhariwal & Nichol, OpenAI, 2021

ñCascadedDiffusion Models for High Fidelity ImageGenerationò

Ho et al., Google, 2021

Denoising Diffusion Models

Emerging as powerful generative models, outperforming GANs

Source: CVPR2022-tutorial -diffusion -models
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ñHierarchicalText-Conditional Image Generation with CLIPLatentsò

Ramesh et al., 2022

ñateddy bear on a skateboard in timessquareò
A group of teddy bears in suit in a corporate office celebrating 

the birthday of their friend. There is a pizza cake on the desk.
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ñPhotorealisticText-to-Image Diffusion Models with Deep

LanguageUnderstandingò,Saharia et al., 2022

ImagenDALL·E2

Text-to-Image Generation: Successful Applications

Source: CVPR2022-tutorial -diffusion -models
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Denoising Diffusion Probabilistic Models (DDPM)

Source: CVPR2022-tutorial -diffusion -models
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Denoisingdiffusion models consist of two processes:

ÅForward diffusion process that gradually adds noise to input

ÅReversedenoising process that learns to generate data by denoising

                                                  Forward diffusion process (fixed)

Data Noise

Reverse denoising process (generative)

Sohl-Dickstein et al., Deep Unsupervised Learning using Nonequilibrium Thermodynamics, ICML 2015

Ho et al., Denoising Diffusion Probabilistic Models, NeurIPS 2020

Song et al., Score-Based Generative Modeling through Stochastic Differential Equations, ICLR 2021

Denoising Diffusion Models

Learning to generate by denoising

Source: CVPR2022-tutorial -diffusion -models
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The formal definition of the forward process in T steps:

                                                 Forward diffusion process (fixed)

Data Noise

x0 x1 x2 x3 x4 Χ xT

Forward Diffusion Process

Source: CVPR2022-tutorial -diffusion -models
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The formal definition of the forward process in T steps:

                                                 Forward diffusion process (fixed)

Data Noise

x0 x1 x2 x3 x4 Χ xT

Forward Diffusion Process

Source: CVPR2022-tutorial -diffusion -models
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The formal definition of the forward process in T steps:

                                                 Forward diffusion process (fixed)

Data Noise

x0 x1 x2 x3 x4 Χ xT

Forward Diffusion Process

Source: CVPR2022-tutorial -diffusion -models
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The formal definition of the forward process in T steps:

                                                 Forward diffusion process (fixed)

Data Noise

x0 x1 x2 x3 x4 Χ xT

Forward Diffusion Process

Source: CVPR2022-tutorial -diffusion -models
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The formal definition of the forward process in T steps:

                                                 Forward diffusion process (fixed)

Data Noise

x0 x1 x2 x3 x4 Χ xT

Forward Diffusion Process

Source: CVPR2022-tutorial -diffusion -models
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The formal definition of the forward process in T steps:

                                                 Forward diffusion process (fixed)

Data Noise

x0 x1 x2 x3 x4 Χ xT

Forward Diffusion Process

Source: CVPR2022-tutorial -diffusion -models
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The formal definition of the forward process in T steps:

                                                 Forward diffusion process (fixed)

Data Noise

x0 x1 x2 x3 x4 Χ xT

Forward Diffusion Process

Source: CVPR2022-tutorial -diffusion -models
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The formal definition of the forward process in T steps:

                                                 Forward diffusion process (fixed)

Data Noise

x0 x1 x2 x3 x4 Χ xT

Forward Diffusion Process

Source: CVPR2022-tutorial -diffusion -models
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The formal definition of the forward process in T steps:

                                                 Forward diffusion process (fixed)

Data Noise

x0 x1 x2 x3 x4 Χ xT

(joint)

Forward Diffusion Process

Source: CVPR2022-tutorial -diffusion -models
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Data Noise

Forward diffusion process (fixed)

x0 x1 x2 x3 x4 Χ xT

and

Define

For sampling:        where

     values schedule (i.e., the noise schedule) is designed such that

(Diffusion Kernel)

Diffusion Kernel

Source: CVPR2022-tutorial -diffusion -models
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Data Noise

Forward diffusion process (fixed)

x0 x1 x2 x3 x4 Χ xT

and

Define

For sampling:        where

     values schedule (i.e., the noise schedule) is designed such that

(Diffusion Kernel)

Diffusion Kernel

Source: CVPR2022-tutorial -diffusion -models
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Data Noise

Forward diffusion process (fixed)

x0 x1 x2 x3 x4 Χ xT

and

Define

For sampling:        where

     values schedule (i.e., the noise schedule) is designed such that

(Diffusion Kernel)

Diffusion Kernel

Source: CVPR2022-tutorial -diffusion -models
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Sofar, we discussedthe diffusion kernel but what about diffused data distribution ?

What happens to a distribution in the forward 
diffusion?

Source: CVPR2022-tutorial -diffusion -models
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Sofar, we discussedthe diffusion kernel but what about diffused data distribution ?

The diffusion kernel is Gaussian convolution.

Diffused 
data dist.

Input 
data dist.

Diffusion 
kernel

Joint 
dist.

What happens to a distribution in the forward 
diffusion?

Source: CVPR2022-tutorial -diffusion -models
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Sofar, we discussedthe diffusion kernel but what about diffused data distribution ?

The diffusion kernel is Gaussian convolution.

xt

q(x0) q(x1) q(x2) q(x3) q(xT)

Diffused Data Distributions

Χ

Data Noise

Diffused 
data dist.

Input 
data dist.

Diffusion 
kernel

Joint 
dist.

What happens to a distribution in the forward 
diffusion?

Source: CVPR2022-tutorial -diffusion -models
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Sofar, we discussedthe diffusion kernel

We can sample by first sampling and then sampling

(i.e., ancestral sampling).

The diffusion kernel is Gaussian convolution.

xt

q(x0) q(x1) q(x2) q(x3) q(xT)

Diffused Data Distributions

Χ

Data Noise

Diffused 
data dist.

Input 
data dist.

Diffusion 
kernel

Joint 
dist.

What happens to a distribution in the forward 
diffusion?

but what about diffused data distribution ?

Source: CVPR2022-tutorial -diffusion -models
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Recall, that the diffusion parameters are designed such that

Generation:

Sample

xt

q(x1) q(x2) q(x3)

Diffused Data Distributions

Χ

Iteratively sample

         True DenoisingDist.

q(x0)

q(x0|x1)

q(xT)

q(xT-1|xT)q(x1|x2) q(x2|x3) q(x3|x4)

Generative Learning by Denoising

Data Noise

Source: CVPR2022-tutorial -diffusion -models
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Recall, that the diffusion parameters are designed such that

Generation:

Sample

In general,

is intractable.

xt

q(x1) q(x2) q(x3)

Diffused Data Distributions

Χ

Iteratively sample

         True DenoisingDist.

q(x0)

q(x0|x1)

q(xT)

q(xT-1|xT)q(x1|x2) q(x2|x3) q(x3|x4)

Generative Learning by Denoising

Data Noise

Source: CVPR2022-tutorial -diffusion -models
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Recall, that the diffusion parameters are designed such that

Generation:

Sample

In general,

is intractable.

Can we approximate         ? 

Yes, we can use a Normal distribution if is small in each forward diffusion step.

xt

q(x1) q(x2) q(x3)

Diffused Data Distributions

Χ

Iteratively sample

         True DenoisingDist.

q(x0)

q(x0|x1)

q(xT)

q(xT-1|xT)q(x1|x2) q(x2|x3) q(x3|x4)

Generative Learning by Denoising

Data Noise

Source: CVPR2022-tutorial -diffusion -models
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Formal definition of forward and reverse processesin T steps:

Data Noise

x0 x1 x2 x3 x4 Χ xT

Trainable network
(U-net, DenoisingAutoencoder)

Reverse Denoising Process

Reverse denoising process (generative)

Source: CVPR2022-tutorial -diffusion -models
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Formal definition of forward and reverse processesin T steps:

Data Noise

x0 x1 x2 x3 x4 Χ xT

Trainable network
(U-net, DenoisingAutoencoder)

Reverse Denoising Process

Reverse denoising process (generative)

Source: CVPR2022-tutorial -diffusion -models
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Learning Denoising Model

Recall that                                                                 and

Ho et al. NeurIPS2020 proposed the denoising model using a noise-prediction  network and represented the 

mean as:

They use this noise-prediction  network to compute the loss between the added noise and predicted noise:

Source: CVPR2022-tutorial -diffusion -models
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Training and Sample Generation

Source: CVPR2022-tutorial -diffusion -models
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Training and Sample Generation

Source: CVPR2022-tutorial -diffusion -models
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Training and Sample Generation

Source: CVPR2022-tutorial -diffusion -models
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Training and Sample Generation

Source: CVPR2022-tutorial -diffusion -models

43

cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io


Diffusion models often use U-Net architectures with ResNetblocks and self-attention layers to

represent

Time representation: sinusoidal positional embeddings or random Fourier features.

Time features are fed to the residual blocks using either simple spatial addition or using adaptive group
normalization layers. (see Dharivwal and Nichol NeurIPS2021)

Implementation Considerations:  Network Architectures

Time 

Representation Fully-connected 

Layers

Source: CVPR2022-tutorial -diffusion -models
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Above,   and     control the variance of the forward diffusion and reverse denoising processesrespectively.

Often a linear schedule is used for      , and         is set equal to       .

Kingma et al. NeurIPS2022 introduce a new parameterization of diffusion models using signal-to-noise ratio

(SNR),and show how to learn the noise schedule by minimizing the variance of the training objective.

We can also train      while training the diffusion model by minimizing the variational bound (Improved DPMby

Nichol and Dhariwal ICML2021) or after training the diffusion model (Analytic -DPMby Bao et al. ICLR2022).

Data Noise

Diffusion Parameters: Noise Schedule

Source: CVPR2022-tutorial -diffusion -models
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Recall that sampling from is done using where

Freq.

Small t

Freq.

Freq.

Large t

Fourier Transform

What happens to an image in the forward diffusion 
process?

In the forward  diffusion,  the high frequency content  is perturbed  faster.
Source: CVPR2022-tutorial -diffusion -models
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Data Noise

Reverse denoising process (generative)

x0 x1 x2 x3 x4 Χ xT

The denoising model is 

specialized for generating the 

low-frequency content (i.e., 

coarse content)

The denoising model is 

specialized for generating the 

high-frequency content (i.e., 

low-level details)

The weighting of the training objective for different timesteps is important!

Content -Detail Tradeoff

Source: CVPR2022-tutorial -diffusion -models
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The model is trained by sampling from the forward diffusion process and training a denoising model to

predict the noise. We discussedhow the forward process perturbs the data distribution or data samples.

The devil is in the details:

ÅNetwork architectures

ÅObjective weighting

ÅDiffusion parameters (i.e., noise schedule)

SeeòElucidatingthe DesignSpaceof Diffusion-BasedGenerative Modelsóby Karras et al. for important

design decisions.

Denoising Diffusion Probabilistic Models:  Summary

Source: CVPR2022-tutorial -diffusion -models
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Score-based Generative Modeling with 
Differential Equations Crash Course in Differential Equations

Source: CVPR2023-tutorial -diffusion -models
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t

Score-based Generative Modeling with 
Differential Equations Crash Course in Differential Equations

Source: CVPR2023-tutorial -diffusion -models
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t

Score-based Generative Modeling with 
Differential Equations Crash Course in Differential Equations

Source: CVPR2023-tutorial -diffusion -models
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Wiener Process 

(Gaussian 

White Noise)

t

t

Score-based Generative Modeling with 
Differential Equations Crash Course in Differential Equations

Source: CVPR2023-tutorial -diffusion -models
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Wiener Process 

(Gaussian 

White Noise)

t

t

Score-based Generative Modeling with 
Differential Equations Crash Course in Differential Equations

Source: CVPR2023-tutorial -diffusion -models
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Consider the limit of many small steps:

Forward diffusion process (fixed)

Song et al.,ñScore-Based Generative Modeling through Stochastic DifferentialEquationsò,ICLR, 2021

Data Noise

x0 x1 x2 x3 x4 Χ xT

Forward Diffusion Process as Stochastic 
Differential Equation

Source: CVPR2023-tutorial -diffusion -models
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Forward Diffusion SDE:

Forward diffusion process (fixed)

x0 xTxtΧ Χ

q(x0) q(xT )

Song et al., ICLR, 2021

Forward Diffusion Process as Stochastic 
Differential Equation

Source: CVPR2023-tutorial -diffusion -models
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Forward diffusion process (fixed)

But what about the reverse 

direction, necessary for generation?

xTx0 xtΧ Χ

Forward Diffusion SDE:

q(x0) q(xT )

Song et al., ICLR, 2021

The Generative Reverse Stochastic Differential 
Equation

Source: CVPR2023-tutorial -diffusion -models
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Forward diffusion process (fixed)

xTx0 xtΧ Χ

Song et al., ICLR, 2021
Anderson, in Stochastic Processes and their Applications, 1982

q(x0) q(xT )

The Generative Reverse Stochastic Differential 
Equation

Source: CVPR2023-tutorial -diffusion -models
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Forward diffusion process (fixed)

xTx0 xtΧ Χ

Simulate reverse diffusion process: Data generation from random noise!
Song et al., ICLR, 2021
Anderson, in Stochastic Processes and their Applications, 1982

q(x0) q(xT )

The Generative Reverse Stochastic Differential 
Equation

Source: CVPR2023-tutorial -diffusion -models
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Forward diffusion process (fixed)

xTx0 xtΧ Χ

Simulate reverse diffusion process: Data generation from random noise!
Song et al., ICLR, 2021
Anderson, in Stochastic Processes and their Applications, 1982

q(x0) q(xT )

The Generative Reverse Stochastic Differential 
Equation

But how to get the score function                        ?

Source: CVPR2023-tutorial -diffusion -models
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ÅNaïve idea, learn model for the score function by direct regression?

Forward diffusion process (fixed)

xTx0 xtΧ Χ

Vincent,ñAConnection Between Score Matching and DenoisingAutoencodersò,Neural Computation, 2011
Song and Ermon,ñGenerative Modeling by Estimating Gradients of the DataDistributionò,NeurIPS, 2019

q(x0) q(xT )

Score Matching

Source: CVPR2023-tutorial -diffusion -models
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ÅNaïve idea, learn model for the score function by direct regression?

Forward diffusion process (fixed)

xTx0 xtΧ Χ

Vincent,ñAConnection Between Score Matching and DenoisingAutoencodersò,Neural Computation, 2011
Song and Ermon,ñGenerative Modeling by Estimating Gradients of the DataDistributionò,NeurIPS, 2019

q(x0) q(xT )

Score Matching

Source: CVPR2023-tutorial -diffusion -models
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Forward diffusion process (fixed)

x xTx0 tΧ Χ

Vincent, in Neural Computation, 2011

Song and Ermon, NeurIPS, 2019

Song et al. ICLR, 2021

q(x0) q(xT )

Denoising Score Matching

Source: CVPR2023-tutorial -diffusion -models
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Forward diffusion process (fixed)

x xTx0 tΧ Χ

Vincent, in Neural Computation, 2011

Song and Ermon, NeurIPS, 2019

Song et al. ICLR, 2021

q(x0) q(xT )

Denoising Score Matching

Source: CVPR2023-tutorial -diffusion -models
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Forward diffusion process (fixed)

x xTx0 tΧ Χ

Vincent, in Neural Computation, 2011

Song and Ermon, NeurIPS, 2019

Song et al. ICLR, 2021

q(x0) q(xT )

Denoising Score Matching

Same objectives

in DDPM!
Source: CVPR2023-tutorial -diffusion -models
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Generation with Probability Flow ODE

x0 xTxtΧ Χ

Generation with Reverse Diffusion SDEq(x0) q(xT ) q(x0) q(xT )

x0 xTxtΧ Χ

Song et al., ICLR, 2021

Synthesis with SDE vs. ODE

Source: CVPR2023-tutorial -diffusion -models
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Generative 
Adversarial 

Networks (GANs)

Tackling the Generative Learning Trilemma with Denoising Diffusion GANs, ICLR 2022

Denoising
Diffusion
Models

Often requires 1000sof 
network evaluations!

The generative learning trilemma

Likelihood-based models 
(Variational Autoencoders 

& Normalizing flows)

High 

Quality 

Samples

Mode 

Coverage/ 

Diversity

Fast 
Sampling

What makes a good generative model?

Source: CVPR2022-tutorial -diffusion -models
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The generative learning trilemma

Tackle the trilemma by accelerating diffusion models

High 

Quality 

Samples

Mode 

Coverage/ 

Diversity

Fast 
Sampling

Tackling the Generative Learning Trilemma with Denoising Diffusion GANs, ICLR 2022

What makes a good generative model?

Source: CVPR2022-tutorial -diffusion -models
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Reverseprocessmaps noise back to data where

diffusion model is trained

Diffusion modelÅNaïve acceleration methods, such as reducing diffusion time
steps in training or sampling every k time step in inference,
lead to immediate worse performance.

ÅWe need something cleverer.

[Image credit: Ben Poole, MohammadNorouzi]

Simple forward processslowly maps data to noise

How to accelerate diffusion models?

Source: CVPR2022-tutorial -diffusion -models
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Simple forward processslowly maps data to noise

Reverseprocessmaps noise back to data where

diffusion model is trained

Diffusion model

ÅDoesthe noise schedule have to be predefined?

ÅDoesit have to be a Markovian process?

Advanced Forward Process
The reverse process will be changed accordingly

Source: CVPR2022-tutorial -diffusion -models
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Kingmaet al., òVariationaldiffusion modelsó,NeurIPS2021.
Vahdat and Kautz, NVAE:ADeepHierarchical Variational Autoencoder, NeurIPS2020

ÅGiven the forward process

Å Directly parametrize the variance through a learned function        :

Å   : a monotonic MLP.

ÅStrictly positive weights & monotonic activations (e.g. sigmoid)

Variational Diffusion Models

Learnable diffusion process

Source: CVPR2022-tutorial -diffusion -models
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ÅOptimizing variational upper bound of diffusion models can be simplified to the following

training objective:

- Learning noise schedule improves likelihood estimation of diffusion models, given fewer

diffusion steps.

Kingmaet al., òVariationaldiffusion modelsó,NeurIPS2021.

Variational Diffusion Models

New parametrization of training objectives

Source: CVPR2022-tutorial -diffusion -models
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Main Idea

Designa family of non-Markovian diffusion processesand corresponding reverse processes.

The process is designed such that the model can be optimized by the same surrogate objective as the

original diffusion model.

Therefore, can take a pretrained diffusion model but with more choices of sampling procedure.

Songet al., òDenoisingDiffusion Implicit Modelsó,ICLR2021.
Source: CVPR2022-tutorial -diffusion -models
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Non-Markovian diffusion process
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ÅDDIMsamplerð

- a deterministic generative process, with randomnessfrom only t=T.

Songet al., òDenoisingDiffusion Implicit Modelsó,ICLR2021.
Source: CVPR2022-tutorial -diffusion -models
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DDIM Sampler
Deterministic generative process
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Simple forward processslowly maps data to noise

Reverseprocessmaps noise back to data where

diffusion model is trained

Diffusion model
ÅQ: is normal approximation of the reverse process still

accurate when thereõreless diffusion time steps?

Advanced Reverse Process
Approximate reverse process with more complicated distributions

Source: CVPR2022-tutorial -diffusion -models
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Requires more complicated functional approximators!

Denoising Process with Uni-modal Normal Distribution

NoiseData

NoiseData

Advanced Approximation of Reverse Process

Normal assumption in denoising distribution holds only for small step

Xiao et  al.,  òTackling the Generative Learning Trilemma with  Denoising Diffusion GANsó, ICLR 2022. 

Gao et  al.,  òLearning energy-based models by diffusion  recovery likelihoodó, ICLR 2021.
Source: CVPR2022-tutorial -diffusion -models
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Compared to a one-shot GANgenerator:

ÅBoth generator and discriminator are 
solving a much simpler problem.

ÅStronger mode coverage

ÅBetter training stability

Xiao et al., òTacklingthe Generative Learning Trilemma with DenoisingDiffusion GANsó,ICLR2022.

Denoising Diffusion GANs

Approximating reverse process by conditional GANs

Source: CVPR2022-tutorial -diffusion -models
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Simple forward processslowly maps data to noise

Reverseprocessmaps noise back to data where

diffusion model is trained

Diffusion model
ÅCan we do model distillation for fast sampling?

ÅCan we lift the diffusion model to a latent space that is

faster to diffuse?

Å Both generator and discriminator are solving a much simpler problem.

Advanced Modeling

Model Distillation & Latent Space Modeling

Source: CVPR2022-tutorial -diffusion -models
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ÅDistill a deterministic DDIMsampler to the samemodel architecture.

ÅAt each stage, aòstudentómodel is learned to distill two adjacent sampling steps of the òteacherómodel

to one sampling step.

ÅAt next stage, the òstudentómodel from previous stage will serve as the newòteacherómodel.

Distillation stage

Salimans& Ho,òProgressivedistillation for fast sampling of diffusion modelsó,ICLR2022.

Progressive Distillation

Source: CVPR2022-tutorial -diffusion -models
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Encoder

Decoder

Data

Reconst.

LatentSpaceForwardDiffusion

LatentSpaceGenerativeDenoising

Variational Autoencoder DenoisingDiffusion Prior

Main Idea

Encoder maps the input data to an embedding space 

Denoisingdiffusion models are applied in the latent space

Vahdat et al., òScore-basedgenerative modeling in latent spaceó,NeurIPS2021.
Rombachet al., òHigh-Resolution Image Synthesiswith Latent Diffusion Modelsó,CVPR2022.

Latent-Space Diffusion Models

Variational autoencoder + score-based prior

Source: CVPR2022-tutorial -diffusion -models
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