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Not intended as a complete review of all recent work!
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Deep Generative Models
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Deep Generative Models
Learning to generate data

Train

Sample

Neural NetworkSamples from a Data Distribution

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

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


6 

Application (1): Content Generation
StyleGAN3 example images

Karras et al. Alias-Free Generative Adversarial Networks, NeurIPS 2021 
slide from https://cvpr2022-tutorial-diffusion-models.github.io/

https://arxiv.org/abs/2106.12423
https://cvpr2022-tutorial-diffusion-models.github.io/
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Application (2): Representation Learning
Learning from limited labels

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

https://arxiv.org/abs/2104.06490
https://arxiv.org/abs/2104.05833
https://cvpr2022-tutorial-diffusion-models.github.io/
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Application (3): Artistic Tools
NVIDIA GauGAN

Park et al., Semantic Image Synthesis with Spatially-Adaptive Normalization, CVPR 2019 

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

https://arxiv.org/abs/1903.07291
https://cvpr2022-tutorial-diffusion-models.github.io/


2022 / 2023 : The year of generative modeling?



Where we came from

GANs, 2014 BigGAN, 2019 Imagen, 2022PixelCNN, 2016VAEs, 2013
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Diffusion ModelsEnergy-based 
Models

Autoregressive
Models

The Landscape of Deep Generative Models

Normalizing
Flows

Generative
Adversarial Networks 

Variational
Autoencoders
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AI Art

Midjourney v5



Applications: Super-resolution

Palette: Image-to-Image Diffusion Models, 2022



Applications: Colorization, Inpainting, Restoration

Palette: Image-to-Image Diffusion Models, 2022



Applications: Outfilling
Input← Generated Generated →

Palette: Image-to-Image Diffusion Models, 2022
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Variational Autoencoders
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Classifying chocolate

y

x

“chocolate”

slide by Durk Kingma
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Generating chocolate

x

y

“chocolate”

slide by Durk Kingma



Autoregressive approach

xi

next dimension

x<iylabel

preceding dimensions

slide by Durk Kingma



Latent variable approach

ylabel z

x

latent variables

full image

slide by Durk Kingma



Latent variable approach - without y

z

x

latent variables

full image

slide by Durk Kingma



Optimization

x

z

Generative model
p(x,z)

p(z)

p(x|z)
• Problem:
• Marginal likelihood p(x) is intractable
• So can’t do maximum likelihood directly

slide by Durk Kingma



• We introduce an inference model q(z|x)

• This allows us to efficiently optimize the log-
likelihood, through the evidence lower 
bound (ELBO).

• We optimize q(z|x) and p(x,z) jointly w.r.t. 
ELBO

• Bound is tight with the right q(z|x)

Variational Autoencoders (VAEs)

x

z

x

z

Inference model
q(z|x)

Generative model
p(x,z)

[Kingma and Welling, 2013]slide by Durk Kingma



Hierarchical VAEs

[Kingma and Welling, 2017]

x

z1

z2

z3

x

z1

z2

z3

Inference model
q(z|x)

Generative model
p(x,z)

• “Flat” VAEs suffer from simple priors

• Making both inference model and generative
model hierarchical

• Better likelihoods are achieved with hierarchies of 
latent variables

slide by Durk Kingma



• Optimization can be difficult for large models

• The ELBO enforces an information bottleneck 
(through its loss function) at the latent variables 'z', 
making VAE optimization prone to bad local 
minima.

• Posterior collapse is a dreaded bad local 
minimum where the latents do not transmit any 
information.

VAEs: challenges

x

z1

z2

z3

x

z1

z2

z3

Inference model
q(z|x)

Generative model
p(x,z)

Bottleneck

Bottleneck

Bottleneck

[Kingma and Welling, 2013]slide by Durk Kingma



29 

Diffusion Models
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Denoising Diffusion Models

Denoising diffusion models consist of two processes:

• Forward diffusion process that gradually adds noise to input

• Reverse denoising process that learns to generate data by denoising 

Learning to generate by denoising

Data Noise

Forward diffusion process (fixed)

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

https://arxiv.org/abs/1503.03585
https://arxiv.org/abs/2006.11239
https://arxiv.org/abs/2011.13456
https://cvpr2022-tutorial-diffusion-models.github.io/
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Forward Diffusion Process

The formal definition of the forward process in T steps:

Data Noise

Forward diffusion process (fixed)

x0 x1 x2 x3 x4 … xT

(joint)

Similar to the inference model in hierarchical VAEs.

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

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

Data Noise

Forward diffusion process (fixed)

x0 x1 x2 x3 x4 … xT

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

For sampling:

Define (Diffusion Kernel)

where

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

https://cvpr2022-tutorial-diffusion-models.github.io/
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Generative Learning by Denoising

Recall, that the diffusion parameters are designed such that 

Generation:

Sample

Iteratively sample

In general,                                                      is intractable. 

Can we approximate                  ? Yes, we can use a Gaussian distribution if     is small in each forward diffusion step.

xt

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

Diffused Data Distributions

…

True Denoising Dist.

q(x0|x1) q(x1|x2) q(x2|x3) q(x3|x4) q(xT-1|xT)

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

https://cvpr2022-tutorial-diffusion-models.github.io/
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Reverse Denoising Process

Formal definition of forward and reverse processes in T steps:

Data Noise

Reverse denoising process (generative)

Trainable network
(U-net, Denoising Autoencoder)

x0 x1 x2 x3 x4 … xT

Similar to the generative model in hierarchical VAEs.

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

https://cvpr2022-tutorial-diffusion-models.github.io/
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For training, we can form variational upper bound (negative ELBO) that is commonly used for training variational 
autoencoders:

Sohl-Dickstein et al. ICML 2015 and Ho et al. NeurIPS 2020 show that:

where                        is the tractable posterior distribution:

Learning Denoising Model
Variational upper bound

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

https://arxiv.org/abs/1503.03585
https://arxiv.org/abs/2006.11239
https://cvpr2022-tutorial-diffusion-models.github.io/


36 

Parameterizing the Denoising Model

Since both                        and                    are Normal distributions, the KL divergence has a simple form:

Recall that                                                 . Ho et al. NeurIPS 2020 observe that: 

They propose to represent the mean of the denoising model using a noise-prediction network:

With this parameterization 

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

https://arxiv.org/abs/2006.11239
https://cvpr2022-tutorial-diffusion-models.github.io/
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Training Objective Weighting

The time dependent     ensures that the training objective is weighted properly for the maximum data likelihood training. 

However, this weight is often very large for small t’s.

Ho et al. NeurIPS 2020 observe that simply setting            improves sample quality. So, they propose to use:

Trading likelihood for perceptual quality

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

https://arxiv.org/abs/2006.11239
https://cvpr2022-tutorial-diffusion-models.github.io/
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Summary
Training and Sample Generation

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

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

Diffusion models often use U-Net architectures with ResNet blocks 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 NeurIPS 2021)

Network Architectures

Time Representation
Fully-connected

Layers

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

https://arxiv.org/abs/2105.05233
https://cvpr2022-tutorial-diffusion-models.github.io/


40 

Connection to VAEs

Diffusion models can be considered as a special form of hierarchical 
VAEs.

However, in diffusion models:

• The inference model is fixed: easier to optimize

• The latent variables have the same dimension as the data.

• The ELBO is decomposed to each time step: fast to train

• Can be made extremely deep (even infinitely deep)

• The model is trained with some reweighting of the ELBO.

Vahdat and Kautz, NVAE: A Deep Hierarchical Variational Autoencoder, NeurIPS 2020 
Sønderby, et al.. Ladder variational autoencoders, NeurIPS 2016.

x

z1

z2

z3

x

z1

z2

z3

Inference model
q(z|x)

Generative model
p(x,z)

https://arxiv.org/abs/2007.03898
https://arxiv.org/abs/1602.02282
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Continuous-time diffusion models
Stochastic differential equation framework

Consider the limit of many small steps:

Data Noise

Forward diffusion process (fixed)

x0 x1 … xT…
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(�t := �(t)�t)

(Taylor expansion)

<latexit sha1_base64="bS3hNK6LY4xHhyx2Z3REaOHHT2g="></latexit>
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p
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Song et al., “Score-Based Generative Modeling through Stochastic Differential Equations”, ICLR, 2021
slide from https://cvpr2022-tutorial-diffusion-models.github.io/
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https://arxiv.org/abs/2011.13456
https://cvpr2022-tutorial-diffusion-models.github.io/
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Forward Diffusion Process as Stochastic Differential Equation

Consider the limit of many small steps:

Data Noise

Forward diffusion process (fixed)

x0 x1 … xT…

<latexit sha1_base64="ZwczRm8EwbKEv1uLVyn4USLA6f4="></latexit>

dxt = �1

2
�(t)xt dt+

p
�(t) d!t

Stochastic Differential Equation (SDE) 
describing the diffusion in infinitesimal limit

Song et al., “Score-Based Generative Modeling through Stochastic Differential Equations”, ICLR, 2021
slide from https://cvpr2022-tutorial-diffusion-models.github.io/

https://arxiv.org/abs/2011.13456
https://cvpr2022-tutorial-diffusion-models.github.io/
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Forward Diffusion Process as Stochastic Differential Equation

<latexit sha1_base64="ZwczRm8EwbKEv1uLVyn4USLA6f4="></latexit>

dxt = �1

2
�(t)xt dt+

p
�(t) d!tForward Diffusion SDE:

Forward diffusion process (fixed)

drift term
(pulls towards mode)

diffusion term 
(injects noise)
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q(xT )

Song et al., ICLR, 2021
slide from https://cvpr2022-tutorial-diffusion-models.github.io/

https://arxiv.org/abs/2011.13456
https://cvpr2022-tutorial-diffusion-models.github.io/
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<latexit sha1_base64="dfScmo8UnT0TSPHhsg7BJ14tcks="></latexit>

dxt =


�1

2
�(t)xt � �(t)rxt log qt(xt)

�
dt+

p
�(t) d!̄t

Simulate reverse diffusion process: Data generation from random noise!

The Generative Reverse Stochastic Differential Equation

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

Forward diffusion process (fixed)

Reverse Generative 
Diffusion SDE:

drift term diffusion term

“Score Function”
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<latexit sha1_base64="pHOJjjRZ/AF3g89zy5Wdxt+YFhE=">AAAB+nicbVDLSsNAFL2pr1pfqS7dBItQNyWRoi6LblxWsA9oQ5hMJ+3QySTOTNQS+yluXCji1i9x5984abPQ1gMDh3Pu5Z45fsyoVLb9bRRWVtfWN4qbpa3tnd09s7zfllEiMGnhiEWi6yNJGOWkpahipBsLgkKfkY4/vsr8zj0Rkkb8Vk1i4oZoyGlAMVJa8szyXbUfIjXyg/Rx6tknpZJnVuyaPYO1TJycVCBH0zO/+oMIJyHhCjMkZc+xY+WmSCiKGZmW+okkMcJjNCQ9TTkKiXTTWfSpdayVgRVEQj+urJn6eyNFoZST0NeTWUy56GXif14vUcGFm1IeJ4pwPD8UJMxSkZX1YA2oIFixiSYIC6qzWniEBMJKt5WV4Cx+eZm0T2vOWa1+U680LvM6inAIR1AFB86hAdfQhBZgeIBneIU348l4Md6Nj/lowch3DuAPjM8fuVSTAQ==</latexit>

q(x0)
<latexit sha1_base64="Frtl7jj79vvBpy7yUIC/bT97H/4=">AAAB+nicbVDLSsNAFL3xWesr1aWbwSLUTUmkqMuiG5cV+oI2hMl00g6dTOLMRC2xn+LGhSJu/RJ3/o1Jm4W2Hhg4nHMv98zxIs6UtqxvY2V1bX1js7BV3N7Z3ds3SwdtFcaS0BYJeSi7HlaUM0FbmmlOu5GkOPA47Xjj68zv3FOpWCiaehJRJ8BDwXxGsE4l1yzdVfoB1iPPTx6nbvO0WHTNslW1ZkDLxM5JGXI0XPOrPwhJHFChCcdK9Wwr0k6CpWaE02mxHysaYTLGQ9pLqcABVU4yiz5FJ6kyQH4o0yc0mqm/NxIcKDUJvHQyi6kWvUz8z+vF2r90EiaiWFNB5of8mCMdoqwHNGCSEs0nKcFEsjQrIiMsMdFpW1kJ9uKXl0n7rGqfV2u3tXL9Kq+jAEdwDBWw4QLqcAMNaAGBB3iGV3gznowX4934mI+uGPnOIfyB8fkD8FCTJQ==</latexit>

q(xT )

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

https://arxiv.org/abs/2011.13456
https://www.sciencedirect.com/science/article/pii/0304414982900515
https://cvpr2022-tutorial-diffusion-models.github.io/
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<latexit sha1_base64="dfScmo8UnT0TSPHhsg7BJ14tcks="></latexit>

dxt =


�1

2
�(t)xt � �(t)rxt log qt(xt)

�
dt+

p
�(t) d!̄t

Simulate reverse diffusion process: Data generation from random noise!

The Generative Reverse Stochastic Differential Equation

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

Forward diffusion process (fixed)

Reverse Generative 
Diffusion SDE:

drift term diffusion term

“Score Function”

<latexit sha1_base64="1FJ2Efhg5qcTrvU55qAcEPfzByE=">AAAB+XicbVDLSsNAFL2pr1pfUZduBqvgqiRSqsuCG5cV7APaECbTSTt0Mgkzk2IJ/RM3LhRx65+482+ctFlo64GBwzn3cs+cIOFMacf5tkobm1vbO+Xdyt7+weGRfXzSUXEqCW2TmMeyF2BFORO0rZnmtJdIiqOA024wucv97pRKxWLxqGcJ9SI8EixkBGsj+bY9iLAeB2H2NPedioFvV52aswBaJ25BqlCg5dtfg2FM0ogKTThWqu86ifYyLDUjnM4rg1TRBJMJHtG+oQJHVHnZIvkcXRpliMJYmic0Wqi/NzIcKTWLAjOZ51SrXi7+5/VTHd56GRNJqqkgy0NhypGOUV4DGjJJieYzQzCRzGRFZIwlJtqUlZfgrn55nXSua26jVn+oV5sXRR1lOINzuAIXbqAJ99CCNhCYwjO8wpuVWS/Wu/WxHC1Zxc4p/IH1+QN+q5Ir</latexit>x0
<latexit sha1_base64="GS205AhwIbESFdeXgSRcbzQfuPg=">AAAB+XicbVDLSsNAFL2pr1pfUZduBqvgqiRS1GXBjcsKfUEbwmQ6aYdOJmFmUiyhf+LGhSJu/RN3/o2TNgttPTBwOOde7pkTJJwp7TjfVmljc2t7p7xb2ds/ODyyj086Kk4loW0S81j2AqwoZ4K2NdOc9hJJcRRw2g0m97nfnVKpWCxaepZQL8IjwUJGsDaSb9uDCOtxEGZPc79VMfDtqlNzFkDrxC1IFQo0fftrMIxJGlGhCcdK9V0n0V6GpWaE03llkCqaYDLBI9o3VOCIKi9bJJ+jS6MMURhL84RGC/X3RoYjpWZRYCbznGrVy8X/vH6qwzsvYyJJNRVkeShMOdIxymtAQyYp0XxmCCaSmayIjLHERJuy8hLc1S+vk851zb2p1R/r1cZFUUcZzuAcrsCFW2jAAzShDQSm8Ayv8GZl1ov1bn0sR0tWsXMKf2B9/gC1y5JP</latexit>xT

<latexit sha1_base64="AqTsPoJ8QRhCLsOZsLF1Tq44dYA=">AAAB+XicbVBNS8NAFHypX7V+RT16CVbBU0mkqMeCF48VbC20oWy2m3bpZhN2X4ol9J948aCIV/+JN/+NmzYHbR1YGGbe481OkAiu0XW/rdLa+sbmVnm7srO7t39gHx61dZwqylo0FrHqBEQzwSVrIUfBOoliJAoEewzGt7n/OGFK81g+4DRhfkSGkoecEjRS37Z7EcFREGZPsz5WDPp21a25czirxCtIFQo0+/ZXbxDTNGISqSBadz03QT8jCjkVbFbppZolhI7JkHUNlSRi2s/myWfOuVEGThgr8yQ6c/X3RkYiradRYCbznHrZy8X/vG6K4Y2fcZmkyCRdHApT4WDs5DU4A64YRTE1hFDFTVaHjogiFE1ZeQne8pdXSfuy5l3V6vf1auOsqKMMJ3AKF+DBNTTgDprQAgoTeIZXeLMy68V6tz4WoyWr2DmGP7A+fwDmy5Jv</latexit>xt… …
<latexit sha1_base64="ZwczRm8EwbKEv1uLVyn4USLA6f4="></latexit>

dxt = �1

2
�(t)xt dt+

p
�(t) d!tForward Diffusion SDE:

<latexit sha1_base64="pHOJjjRZ/AF3g89zy5Wdxt+YFhE=">AAAB+nicbVDLSsNAFL2pr1pfqS7dBItQNyWRoi6LblxWsA9oQ5hMJ+3QySTOTNQS+yluXCji1i9x5984abPQ1gMDh3Pu5Z45fsyoVLb9bRRWVtfWN4qbpa3tnd09s7zfllEiMGnhiEWi6yNJGOWkpahipBsLgkKfkY4/vsr8zj0Rkkb8Vk1i4oZoyGlAMVJa8szyXbUfIjXyg/Rx6tknpZJnVuyaPYO1TJycVCBH0zO/+oMIJyHhCjMkZc+xY+WmSCiKGZmW+okkMcJjNCQ9TTkKiXTTWfSpdayVgRVEQj+urJn6eyNFoZST0NeTWUy56GXif14vUcGFm1IeJ4pwPD8UJMxSkZX1YA2oIFixiSYIC6qzWniEBMJKt5WV4Cx+eZm0T2vOWa1+U680LvM6inAIR1AFB86hAdfQhBZgeIBneIU348l4Md6Nj/lowch3DuAPjM8fuVSTAQ==</latexit>

q(x0)
<latexit sha1_base64="Frtl7jj79vvBpy7yUIC/bT97H/4=">AAAB+nicbVDLSsNAFL3xWesr1aWbwSLUTUmkqMuiG5cV+oI2hMl00g6dTOLMRC2xn+LGhSJu/RJ3/o1Jm4W2Hhg4nHMv98zxIs6UtqxvY2V1bX1js7BV3N7Z3ds3SwdtFcaS0BYJeSi7HlaUM0FbmmlOu5GkOPA47Xjj68zv3FOpWCiaehJRJ8BDwXxGsE4l1yzdVfoB1iPPTx6nbvO0WHTNslW1ZkDLxM5JGXI0XPOrPwhJHFChCcdK9Wwr0k6CpWaE02mxHysaYTLGQ9pLqcABVU4yiz5FJ6kyQH4o0yc0mqm/NxIcKDUJvHQyi6kWvUz8z+vF2r90EiaiWFNB5of8mCMdoqwHNGCSEs0nKcFEsjQrIiMsMdFpW1kJ9uKXl0n7rGqfV2u3tXL9Kq+jAEdwDBWw4QLqcAMNaAGBB3iGV3gznowX4934mI+uGPnOIfyB8fkD8FCTJQ==</latexit>

q(xT )

But how to get the score function                     ?
<latexit sha1_base64="v3+1BGO+rwvNAihLslaX7J7IbtI=">AAACKHicbVBNS8NAFNz4WetX1aOXxSropSRS1JsFLx4rWC00JWy2L3Vxs4m7L9IS8nO8+Fe8iCjSq7/EpO1BqwMLw8x7u7Pjx1IYtO2RNTe/sLi0XFopr66tb2xWtrZvTJRoDi0eyUi3fWZACgUtFCihHWtgoS/h1r+/KPzbR9BGROoahzF0Q9ZXIhCcYS55lXMXYYDje1INvSx1FfMl81I3ZHjnB+kg8zCjroz69MHDw5/yUVYue5WqXbPHoH+JMyVVMkXTq7y5vYgnISjkkhnTcewYuynTKLiErOwmBmLG71kfOjlVLATTTccBM3qQKz0aRDo/CulY/bmRstCYYejnk0VOM+sV4n9eJ8HgrJsKFScIik8eChJJMaJFa7QnNHCUw5wwrkWelfI7phnHvNuiBGf2y3/JzXHNOanVr+rVxv60jhLZJXvkkDjklDTIJWmSFuHkibyQd/JhPVuv1qc1mozOWdOdHfIL1tc3WFan0Q==</latexit>

rxt log qt(xt)

https://arxiv.org/abs/2011.13456
https://www.sciencedirect.com/science/article/pii/0304414982900515
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Score Matching

• Naïve idea, learn model for the score function by direct regression?

Forward diffusion process (fixed)

<latexit sha1_base64="1FJ2Efhg5qcTrvU55qAcEPfzByE=">AAAB+XicbVDLSsNAFL2pr1pfUZduBqvgqiRSqsuCG5cV7APaECbTSTt0Mgkzk2IJ/RM3LhRx65+482+ctFlo64GBwzn3cs+cIOFMacf5tkobm1vbO+Xdyt7+weGRfXzSUXEqCW2TmMeyF2BFORO0rZnmtJdIiqOA024wucv97pRKxWLxqGcJ9SI8EixkBGsj+bY9iLAeB2H2NPedioFvV52aswBaJ25BqlCg5dtfg2FM0ogKTThWqu86ifYyLDUjnM4rg1TRBJMJHtG+oQJHVHnZIvkcXRpliMJYmic0Wqi/NzIcKTWLAjOZ51SrXi7+5/VTHd56GRNJqqkgy0NhypGOUV4DGjJJieYzQzCRzGRFZIwlJtqUlZfgrn55nXSua26jVn+oV5sXRR1lOINzuAIXbqAJ99CCNhCYwjO8wpuVWS/Wu/WxHC1Zxc4p/IH1+QN+q5Ir</latexit>x0
<latexit sha1_base64="GS205AhwIbESFdeXgSRcbzQfuPg=">AAAB+XicbVDLSsNAFL2pr1pfUZduBqvgqiRS1GXBjcsKfUEbwmQ6aYdOJmFmUiyhf+LGhSJu/RN3/o2TNgttPTBwOOde7pkTJJwp7TjfVmljc2t7p7xb2ds/ODyyj086Kk4loW0S81j2AqwoZ4K2NdOc9hJJcRRw2g0m97nfnVKpWCxaepZQL8IjwUJGsDaSb9uDCOtxEGZPc79VMfDtqlNzFkDrxC1IFQo0fftrMIxJGlGhCcdK9V0n0V6GpWaE03llkCqaYDLBI9o3VOCIKi9bJJ+jS6MMURhL84RGC/X3RoYjpWZRYCbznGrVy8X/vH6qwzsvYyJJNRVkeShMOdIxymtAQyYp0XxmCCaSmayIjLHERJuy8hLc1S+vk851zb2p1R/r1cZFUUcZzuAcrsCFW2jAAzShDQSm8Ayv8GZl1ov1bn0sR0tWsXMKf2B9/gC1y5JP</latexit>xT

<latexit sha1_base64="AqTsPoJ8QRhCLsOZsLF1Tq44dYA=">AAAB+XicbVBNS8NAFHypX7V+RT16CVbBU0mkqMeCF48VbC20oWy2m3bpZhN2X4ol9J948aCIV/+JN/+NmzYHbR1YGGbe481OkAiu0XW/rdLa+sbmVnm7srO7t39gHx61dZwqylo0FrHqBEQzwSVrIUfBOoliJAoEewzGt7n/OGFK81g+4DRhfkSGkoecEjRS37Z7EcFREGZPsz5WDPp21a25czirxCtIFQo0+/ZXbxDTNGISqSBadz03QT8jCjkVbFbppZolhI7JkHUNlSRi2s/myWfOuVEGThgr8yQ6c/X3RkYiradRYCbznHrZy8X/vG6K4Y2fcZmkyCRdHApT4WDs5DU4A64YRTE1hFDFTVaHjogiFE1ZeQne8pdXSfuy5l3V6vf1auOsqKMMJ3AKF+DBNTTgDprQAgoTeIZXeLMy68V6tz4WoyWr2DmGP7A+fwDmy5Jv</latexit>xt… …

diffusion 
time

<latexit sha1_base64="cJsxGNpqK+W2GHDdEsl0q4vaP2c=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSp4KokU9Vjw4rGCaQttKJvtpl262YTdiVBKf4MXD4p49Qd589+4aXPQ1gcDj/dmmJkXplIYdN1vZ219Y3Nru7RT3t3bPzisHB23TJJpxn2WyER3Qmq4FIr7KFDyTqo5jUPJ2+H4LvfbT1wbkahHnKQ8iOlQiUgwilbysWzRr1TdmjsHWSVeQapQoNmvfPUGCctirpBJakzXc1MMplSjYJLPyr3M8JSyMR3yrqWKxtwE0/mxM3JhlQGJEm1LIZmrvyemNDZmEoe2M6Y4MsteLv7ndTOMboOpUGmGXLHFoiiTBBOSf04GQnOGcmIJZVrYWwkbUU0Z2nzyELzll1dJ66rmXdfqD/Vq47yIowSncAaX4MENNOAemuADAwHP8ApvjnJenHfnY9G65hQzJ/AHzucPrGiNMw==</latexit>

t
diffused 

data <latexit sha1_base64="AqTsPoJ8QRhCLsOZsLF1Tq44dYA=">AAAB+XicbVBNS8NAFHypX7V+RT16CVbBU0mkqMeCF48VbC20oWy2m3bpZhN2X4ol9J948aCIV/+JN/+NmzYHbR1YGGbe481OkAiu0XW/rdLa+sbmVnm7srO7t39gHx61dZwqylo0FrHqBEQzwSVrIUfBOoliJAoEewzGt7n/OGFK81g+4DRhfkSGkoecEjRS37Z7EcFREGZPsz5WDPp21a25czirxCtIFQo0+/ZXbxDTNGISqSBadz03QT8jCjkVbFbppZolhI7JkHUNlSRi2s/myWfOuVEGThgr8yQ6c/X3RkYiradRYCbznHrZy8X/vG6K4Y2fcZmkyCRdHApT4WDs5DU4A64YRTE1hFDFTVaHjogiFE1ZeQne8pdXSfuy5l3V6vf1auOsqKMMJ3AKF+DBNTTgDprQAgoTeIZXeLMy68V6tz4WoyWr2DmGP7A+fwDmy5Jv</latexit>xt

neural 
network

score of 
diffused data 

(marginal)

But                        (score of the marginal diffused density           ) is not tractable!
<latexit sha1_base64="lasQkhSRqZJ3UMvYLrPV64XoiMI=">AAACFnicbVBNS8NAEN34WetX1aOXxSrUgyWRoh4LXjxWsB/QhLDZbtqlm03cnYgl5Fd48a948aCIV/HmvzFpe6itDwYe780wM8+LBNdgmj/G0vLK6tp6YaO4ubW9s1va22/pMFaUNWkoQtXxiGaCS9YEDoJ1IsVI4AnW9obXud9+YErzUN7BKGJOQPqS+5wSyCS3dGZL4gniJnZAYOD5yWPqQoptEfbxvQuVWfm06JbKZtUcAy8Sa0rKaIqGW/q2eyGNAyaBCqJ11zIjcBKigFPB0qIdaxYROiR91s2oJAHTTjJ+K8UnmdLDfqiykoDH6uxEQgKtR4GXdeZX6nkvF//zujH4V07CZRQDk3SyyI8FhhDnGeEeV4yCGGWEUMWzWzEdEEUoZEnmIVjzLy+S1nnVuqjWbmvl+vE0jgI6REeogix0ieroBjVQE1H0hF7QG3o3no1X48P4nLQuGdOZA/QHxtcvzEKfqA==</latexit>

rxt log qt(xt)

Vincent, “A Connection Between Score Matching and Denoising Autoencoders”, Neural Computation, 2011
Song and Ermon, “Generative Modeling by Estimating Gradients of the Data Distribution”, NeurIPS, 2019

<latexit sha1_base64="Ax9Lie9GJPh2vqJKM4XRKATCvsU=">AAAB/HicbVDLSsNAFJ34rPUV7dLNYBXqpiRS1GXBjcsK9gFtCJPppB06eThzI4ZQf8WNC0Xc+iHu/BsnbRbaemDgcM693DPHiwVXYFnfxsrq2vrGZmmrvL2zu7dvHhx2VJRIyto0EpHseUQxwUPWBg6C9WLJSOAJ1vUm17nffWBS8Si8gzRmTkBGIfc5JaAl16zcu1AbBATGnp89Tl04K5dds2rVrRnwMrELUkUFWq75NRhGNAlYCFQQpfq2FYOTEQmcCjYtDxLFYkInZMT6moYkYMrJZuGn+FQrQ+xHUr8Q8Ez9vZGRQKk08PRkHlMtern4n9dPwL9yMh7GCbCQzg/5icAQ4bwJPOSSURCpJoRKrrNiOiaSUNB95SXYi19eJp3zun1Rb9w2qs2Too4SOkLHqIZsdIma6Aa1UBtRlKJn9IrejCfjxXg3PuajK0axU0F/YHz+ALDNlA4=</latexit>

qt(xt)

<latexit sha1_base64="pHOJjjRZ/AF3g89zy5Wdxt+YFhE=">AAAB+nicbVDLSsNAFL2pr1pfqS7dBItQNyWRoi6LblxWsA9oQ5hMJ+3QySTOTNQS+yluXCji1i9x5984abPQ1gMDh3Pu5Z45fsyoVLb9bRRWVtfWN4qbpa3tnd09s7zfllEiMGnhiEWi6yNJGOWkpahipBsLgkKfkY4/vsr8zj0Rkkb8Vk1i4oZoyGlAMVJa8szyXbUfIjXyg/Rx6tknpZJnVuyaPYO1TJycVCBH0zO/+oMIJyHhCjMkZc+xY+WmSCiKGZmW+okkMcJjNCQ9TTkKiXTTWfSpdayVgRVEQj+urJn6eyNFoZST0NeTWUy56GXif14vUcGFm1IeJ4pwPD8UJMxSkZX1YA2oIFixiSYIC6qzWniEBMJKt5WV4Cx+eZm0T2vOWa1+U680LvM6inAIR1AFB86hAdfQhBZgeIBneIU348l4Md6Nj/lowch3DuAPjM8fuVSTAQ==</latexit>

q(x0)
<latexit sha1_base64="Frtl7jj79vvBpy7yUIC/bT97H/4=">AAAB+nicbVDLSsNAFL3xWesr1aWbwSLUTUmkqMuiG5cV+oI2hMl00g6dTOLMRC2xn+LGhSJu/RJ3/o1Jm4W2Hhg4nHMv98zxIs6UtqxvY2V1bX1js7BV3N7Z3ds3SwdtFcaS0BYJeSi7HlaUM0FbmmlOu5GkOPA47Xjj68zv3FOpWCiaehJRJ8BDwXxGsE4l1yzdVfoB1iPPTx6nbvO0WHTNslW1ZkDLxM5JGXI0XPOrPwhJHFChCcdK9Wwr0k6CpWaE02mxHysaYTLGQ9pLqcABVU4yiz5FJ6kyQH4o0yc0mqm/NxIcKDUJvHQyi6kWvUz8z+vF2r90EiaiWFNB5of8mCMdoqwHNGCSEs0nKcFEsjQrIiMsMdFpW1kJ9uKXl0n7rGqfV2u3tXL9Kq+jAEdwDBWw4QLqcAMNaAGBB3iGV3gznowX4934mI+uGPnOIfyB8fkD8FCTJQ==</latexit>

q(xT )

weighting
function

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

https://ieeexplore.ieee.org/document/6795935
https://arxiv.org/abs/1907.05600
https://ieeexplore.ieee.org/document/6795935
https://arxiv.org/abs/1907.05600
https://cvpr2022-tutorial-diffusion-models.github.io/
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Denoising Score Matching

• Instead, diffuse individual data points     . Diffused               is tractable!

Forward diffusion process (fixed)

<latexit sha1_base64="1FJ2Efhg5qcTrvU55qAcEPfzByE=">AAAB+XicbVDLSsNAFL2pr1pfUZduBqvgqiRSqsuCG5cV7APaECbTSTt0Mgkzk2IJ/RM3LhRx65+482+ctFlo64GBwzn3cs+cIOFMacf5tkobm1vbO+Xdyt7+weGRfXzSUXEqCW2TmMeyF2BFORO0rZnmtJdIiqOA024wucv97pRKxWLxqGcJ9SI8EixkBGsj+bY9iLAeB2H2NPedioFvV52aswBaJ25BqlCg5dtfg2FM0ogKTThWqu86ifYyLDUjnM4rg1TRBJMJHtG+oQJHVHnZIvkcXRpliMJYmic0Wqi/NzIcKTWLAjOZ51SrXi7+5/VTHd56GRNJqqkgy0NhypGOUV4DGjJJieYzQzCRzGRFZIwlJtqUlZfgrn55nXSua26jVn+oV5sXRR1lOINzuAIXbqAJ99CCNhCYwjO8wpuVWS/Wu/WxHC1Zxc4p/IH1+QN+q5Ir</latexit>x0
<latexit sha1_base64="GS205AhwIbESFdeXgSRcbzQfuPg=">AAAB+XicbVDLSsNAFL2pr1pfUZduBqvgqiRS1GXBjcsKfUEbwmQ6aYdOJmFmUiyhf+LGhSJu/RN3/o2TNgttPTBwOOde7pkTJJwp7TjfVmljc2t7p7xb2ds/ODyyj086Kk4loW0S81j2AqwoZ4K2NdOc9hJJcRRw2g0m97nfnVKpWCxaepZQL8IjwUJGsDaSb9uDCOtxEGZPc79VMfDtqlNzFkDrxC1IFQo0fftrMIxJGlGhCcdK9V0n0V6GpWaE03llkCqaYDLBI9o3VOCIKi9bJJ+jS6MMURhL84RGC/X3RoYjpWZRYCbznGrVy8X/vH6qwzsvYyJJNRVkeShMOdIxymtAQyYp0XxmCCaSmayIjLHERJuy8hLc1S+vk851zb2p1R/r1cZFUUcZzuAcrsCFW2jAAzShDQSm8Ayv8GZl1ov1bn0sR0tWsXMKf2B9/gC1y5JP</latexit>xT

<latexit sha1_base64="AqTsPoJ8QRhCLsOZsLF1Tq44dYA=">AAAB+XicbVBNS8NAFHypX7V+RT16CVbBU0mkqMeCF48VbC20oWy2m3bpZhN2X4ol9J948aCIV/+JN/+NmzYHbR1YGGbe481OkAiu0XW/rdLa+sbmVnm7srO7t39gHx61dZwqylo0FrHqBEQzwSVrIUfBOoliJAoEewzGt7n/OGFK81g+4DRhfkSGkoecEjRS37Z7EcFREGZPsz5WDPp21a25czirxCtIFQo0+/ZXbxDTNGISqSBadz03QT8jCjkVbFbppZolhI7JkHUNlSRi2s/myWfOuVEGThgr8yQ6c/X3RkYiradRYCbznHrZy8X/vG6K4Y2fcZmkyCRdHApT4WDs5DU4A64YRTE1hFDFTVaHjogiFE1ZeQne8pdXSfuy5l3V6vf1auOsqKMMJ3AKF+DBNTTgDprQAgoTeIZXeLMy68V6tz4WoyWr2DmGP7A+fwDmy5Jv</latexit>xt… …

diffusion 
time

<latexit sha1_base64="cJsxGNpqK+W2GHDdEsl0q4vaP2c=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSp4KokU9Vjw4rGCaQttKJvtpl262YTdiVBKf4MXD4p49Qd589+4aXPQ1gcDj/dmmJkXplIYdN1vZ219Y3Nru7RT3t3bPzisHB23TJJpxn2WyER3Qmq4FIr7KFDyTqo5jUPJ2+H4LvfbT1wbkahHnKQ8iOlQiUgwilbysWzRr1TdmjsHWSVeQapQoNmvfPUGCctirpBJakzXc1MMplSjYJLPyr3M8JSyMR3yrqWKxtwE0/mxM3JhlQGJEm1LIZmrvyemNDZmEoe2M6Y4MsteLv7ndTOMboOpUGmGXLHFoiiTBBOSf04GQnOGcmIJZVrYWwkbUU0Z2nzyELzll1dJ66rmXdfqD/Vq47yIowSncAaX4MENNOAemuADAwHP8ApvjnJenHfnY9G65hQzJ/AHzucPrGiNMw==</latexit>

t
diffused data 

sample <latexit sha1_base64="AqTsPoJ8QRhCLsOZsLF1Tq44dYA=">AAAB+XicbVBNS8NAFHypX7V+RT16CVbBU0mkqMeCF48VbC20oWy2m3bpZhN2X4ol9J948aCIV/+JN/+NmzYHbR1YGGbe481OkAiu0XW/rdLa+sbmVnm7srO7t39gHx61dZwqylo0FrHqBEQzwSVrIUfBOoliJAoEewzGt7n/OGFK81g+4DRhfkSGkoecEjRS37Z7EcFREGZPsz5WDPp21a25czirxCtIFQo0+/ZXbxDTNGISqSBadz03QT8jCjkVbFbppZolhI7JkHUNlSRi2s/myWfOuVEGThgr8yQ6c/X3RkYiradRYCbznHrZy8X/vG6K4Y2fcZmkyCRdHApT4WDs5DU4A64YRTE1hFDFTVaHjogiFE1ZeQne8pdXSfuy5l3V6vf1auOsqKMMJ3AKF+DBNTTgDprQAgoTeIZXeLMy68V6tz4WoyWr2DmGP7A+fwDmy5Jv</latexit>xt

neural 
network

score of diffused 
data sample

Vincent, in Neural Computation, 2011
Song and Ermon, NeurIPS, 2019
Song et al. ICLR, 2021

<latexit sha1_base64="eNVMkJXCYevgI79ft3d7SQpc2DM=">AAACCXicbVC7TsMwFHV4lvIKMLJYFKSyVAmqgLESC2OR6ENqo8hxndaq4wT7BlGFriz8CgsDCLHyB2z8DUmbobQcydLxOffq3nu8SHANlvVjLC2vrK6tFzaKm1vbO7vm3n5Th7GirEFDEaq2RzQTXLIGcBCsHSlGAk+wlje8yvzWPVOah/IWRhFzAtKX3OeUQCq5Jr5zodwNCAw8P3kYu/A487FOi0XXLFkVawK8SOyclFCOumt+d3shjQMmgQqidce2InASooBTwcbFbqxZROiQ9FknpZIETDvJ5JIxPkmVHvZDlT4JeKLOdiQk0HoUeGlltqae9zLxP68Tg3/pJFxGMTBJp4P8WGAIcRYL7nHFKIhRSghVPN0V0wFRhEIaXhaCPX/yImmeVezzSvWmWqod53EU0CE6QmVkowtUQ9eojhqIoif0gt7Qu/FsvBofxue0dMnIew7QHxhfvxy/mdk=</latexit>

qt(xt|x0)
<latexit sha1_base64="1FJ2Efhg5qcTrvU55qAcEPfzByE=">AAAB+XicbVDLSsNAFL2pr1pfUZduBqvgqiRSqsuCG5cV7APaECbTSTt0Mgkzk2IJ/RM3LhRx65+482+ctFlo64GBwzn3cs+cIOFMacf5tkobm1vbO+Xdyt7+weGRfXzSUXEqCW2TmMeyF2BFORO0rZnmtJdIiqOA024wucv97pRKxWLxqGcJ9SI8EixkBGsj+bY9iLAeB2H2NPedioFvV52aswBaJ25BqlCg5dtfg2FM0ogKTThWqu86ifYyLDUjnM4rg1TRBJMJHtG+oQJHVHnZIvkcXRpliMJYmic0Wqi/NzIcKTWLAjOZ51SrXi7+5/VTHd56GRNJqqkgy0NhypGOUV4DGjJJieYzQzCRzGRFZIwlJtqUlZfgrn55nXSua26jVn+oV5sXRR1lOINzuAIXbqAJ99CCNhCYwjO8wpuVWS/Wu/WxHC1Zxc4p/IH1+QN+q5Ir</latexit>x0

data 
sample <latexit sha1_base64="1FJ2Efhg5qcTrvU55qAcEPfzByE=">AAAB+XicbVDLSsNAFL2pr1pfUZduBqvgqiRSqsuCG5cV7APaECbTSTt0Mgkzk2IJ/RM3LhRx65+482+ctFlo64GBwzn3cs+cIOFMacf5tkobm1vbO+Xdyt7+weGRfXzSUXEqCW2TmMeyF2BFORO0rZnmtJdIiqOA024wucv97pRKxWLxqGcJ9SI8EixkBGsj+bY9iLAeB2H2NPedioFvV52aswBaJ25BqlCg5dtfg2FM0ogKTThWqu86ifYyLDUjnM4rg1TRBJMJHtG+oQJHVHnZIvkcXRpliMJYmic0Wqi/NzIcKTWLAjOZ51SrXi7+5/VTHd56GRNJqqkgy0NhypGOUV4DGjJJieYzQzCRzGRFZIwlJtqUlZfgrn55nXSua26jVn+oV5sXRR1lOINzuAIXbqAJ99CCNhCYwjO8wpuVWS/Wu/WxHC1Zxc4p/IH1+QN+q5Ir</latexit>x0

After expectations,                                         !
<latexit sha1_base64="K9f83K2ay2t203lPpxdHLz4iHTs="></latexit>

s✓(xt, t) ⇡ rxt log qt(xt)

• Denoising Score Matching:

<latexit sha1_base64="pHOJjjRZ/AF3g89zy5Wdxt+YFhE=">AAAB+nicbVDLSsNAFL2pr1pfqS7dBItQNyWRoi6LblxWsA9oQ5hMJ+3QySTOTNQS+yluXCji1i9x5984abPQ1gMDh3Pu5Z45fsyoVLb9bRRWVtfWN4qbpa3tnd09s7zfllEiMGnhiEWi6yNJGOWkpahipBsLgkKfkY4/vsr8zj0Rkkb8Vk1i4oZoyGlAMVJa8szyXbUfIjXyg/Rx6tknpZJnVuyaPYO1TJycVCBH0zO/+oMIJyHhCjMkZc+xY+WmSCiKGZmW+okkMcJjNCQ9TTkKiXTTWfSpdayVgRVEQj+urJn6eyNFoZST0NeTWUy56GXif14vUcGFm1IeJ4pwPD8UJMxSkZX1YA2oIFixiSYIC6qzWniEBMJKt5WV4Cx+eZm0T2vOWa1+U680LvM6inAIR1AFB86hAdfQhBZgeIBneIU348l4Md6Nj/lowch3DuAPjM8fuVSTAQ==</latexit>

q(x0)
<latexit sha1_base64="Frtl7jj79vvBpy7yUIC/bT97H/4=">AAAB+nicbVDLSsNAFL3xWesr1aWbwSLUTUmkqMuiG5cV+oI2hMl00g6dTOLMRC2xn+LGhSJu/RJ3/o1Jm4W2Hhg4nHMv98zxIs6UtqxvY2V1bX1js7BV3N7Z3ds3SwdtFcaS0BYJeSi7HlaUM0FbmmlOu5GkOPA47Xjj68zv3FOpWCiaehJRJ8BDwXxGsE4l1yzdVfoB1iPPTx6nbvO0WHTNslW1ZkDLxM5JGXI0XPOrPwhJHFChCcdK9Wwr0k6CpWaE02mxHysaYTLGQ9pLqcABVU4yiz5FJ6kyQH4o0yc0mqm/NxIcKDUJvHQyi6kWvUz8z+vF2r90EiaiWFNB5of8mCMdoqwHNGCSEs0nKcFEsjQrIiMsMdFpW1kJ9uKXl0n7rGqfV2u3tXL9Kq+jAEdwDBWw4QLqcAMNaAGBB3iGV3gznowX4934mI+uGPnOIfyB8fkD8FCTJQ==</latexit>

q(xT )

weighting
function

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

https://ieeexplore.ieee.org/document/6795935
https://arxiv.org/abs/1907.05600
https://arxiv.org/abs/2011.13456
https://cvpr2022-tutorial-diffusion-models.github.io/
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Denoising Score Matching
Epsilon-prediction parametrization

Forward diffusion process (fixed)

<latexit sha1_base64="1FJ2Efhg5qcTrvU55qAcEPfzByE=">AAAB+XicbVDLSsNAFL2pr1pfUZduBqvgqiRSqsuCG5cV7APaECbTSTt0Mgkzk2IJ/RM3LhRx65+482+ctFlo64GBwzn3cs+cIOFMacf5tkobm1vbO+Xdyt7+weGRfXzSUXEqCW2TmMeyF2BFORO0rZnmtJdIiqOA024wucv97pRKxWLxqGcJ9SI8EixkBGsj+bY9iLAeB2H2NPedioFvV52aswBaJ25BqlCg5dtfg2FM0ogKTThWqu86ifYyLDUjnM4rg1TRBJMJHtG+oQJHVHnZIvkcXRpliMJYmic0Wqi/NzIcKTWLAjOZ51SrXi7+5/VTHd56GRNJqqkgy0NhypGOUV4DGjJJieYzQzCRzGRFZIwlJtqUlZfgrn55nXSua26jVn+oV5sXRR1lOINzuAIXbqAJ99CCNhCYwjO8wpuVWS/Wu/WxHC1Zxc4p/IH1+QN+q5Ir</latexit>x0
<latexit sha1_base64="GS205AhwIbESFdeXgSRcbzQfuPg=">AAAB+XicbVDLSsNAFL2pr1pfUZduBqvgqiRS1GXBjcsKfUEbwmQ6aYdOJmFmUiyhf+LGhSJu/RN3/o2TNgttPTBwOOde7pkTJJwp7TjfVmljc2t7p7xb2ds/ODyyj086Kk4loW0S81j2AqwoZ4K2NdOc9hJJcRRw2g0m97nfnVKpWCxaepZQL8IjwUJGsDaSb9uDCOtxEGZPc79VMfDtqlNzFkDrxC1IFQo0fftrMIxJGlGhCcdK9V0n0V6GpWaE03llkCqaYDLBI9o3VOCIKi9bJJ+jS6MMURhL84RGC/X3RoYjpWZRYCbznGrVy8X/vH6qwzsvYyJJNRVkeShMOdIxymtAQyYp0XxmCCaSmayIjLHERJuy8hLc1S+vk851zb2p1R/r1cZFUUcZzuAcrsCFW2jAAzShDQSm8Ayv8GZl1ov1bn0sR0tWsXMKf2B9/gC1y5JP</latexit>xT

<latexit sha1_base64="AqTsPoJ8QRhCLsOZsLF1Tq44dYA=">AAAB+XicbVBNS8NAFHypX7V+RT16CVbBU0mkqMeCF48VbC20oWy2m3bpZhN2X4ol9J948aCIV/+JN/+NmzYHbR1YGGbe481OkAiu0XW/rdLa+sbmVnm7srO7t39gHx61dZwqylo0FrHqBEQzwSVrIUfBOoliJAoEewzGt7n/OGFK81g+4DRhfkSGkoecEjRS37Z7EcFREGZPsz5WDPp21a25czirxCtIFQo0+/ZXbxDTNGISqSBadz03QT8jCjkVbFbppZolhI7JkHUNlSRi2s/myWfOuVEGThgr8yQ6c/X3RkYiradRYCbznHrZy8X/vG6K4Y2fcZmkyCRdHApT4WDs5DU4A64YRTE1hFDFTVaHjogiFE1ZeQne8pdXSfuy5l3V6vf1auOsqKMMJ3AKF+DBNTTgDprQAgoTeIZXeLMy68V6tz4WoyWr2DmGP7A+fwDmy5Jv</latexit>xt… …
• Denoising Score Matching:

<latexit sha1_base64="GEQIeV3PcLFAenUG+ELZBYRBK80=">AAACJnicbZBNS8NAEIY39avWr6hHL8EqVJCSSFEvQsGLXqSC/YCmlM120y7d7IbdjVBCfo0X/4oXDxURb/4UN2kEbR1Y9uGdGWbm9UJKpLLtT6OwtLyyulZcL21sbm3vmLt7LckjgXATccpFx4MSU8JwUxFFcScUGAYexW1vfJ3m249YSMLZg5qEuBfAISM+QVBpqW9euR6nAzkJ9Be7OJSEcpa4kgRuANUIQRrfJZWMPT+2k9MfvE1OSqW+WbardhbWIjg5lEEejb45dQccRQFmClEoZdexQ9WLoVAEUZyU3EjiEKIxHOKuRgYDLHtxdmZiHWtlYPlc6MeUlam/O2IYyPQSXZkuKedzqfhfrhsp/7IXExZGCjM0G+RH1FLcSj2zBkRgpOhEA0SC6F0tNIICIqWdTU1w5k9ehNZZ1Tmv1u5r5fpRbkcRHIBDUAEOuAB1cAMaoAkQeAIvYArejGfj1Xg3PmalBSPv2Qd/wvj6Bgv9ppA=</latexit>

✏ ⇠ N (0, I)• Re-parametrized sampling:

<latexit sha1_base64="ohgfpxJKGn9g0cDEGKwxNrzr/1Y="></latexit>

s✓(xt, t) := �✏✓(xt, t)

�t

<latexit sha1_base64="pHOJjjRZ/AF3g89zy5Wdxt+YFhE=">AAAB+nicbVDLSsNAFL2pr1pfqS7dBItQNyWRoi6LblxWsA9oQ5hMJ+3QySTOTNQS+yluXCji1i9x5984abPQ1gMDh3Pu5Z45fsyoVLb9bRRWVtfWN4qbpa3tnd09s7zfllEiMGnhiEWi6yNJGOWkpahipBsLgkKfkY4/vsr8zj0Rkkb8Vk1i4oZoyGlAMVJa8szyXbUfIjXyg/Rx6tknpZJnVuyaPYO1TJycVCBH0zO/+oMIJyHhCjMkZc+xY+WmSCiKGZmW+okkMcJjNCQ9TTkKiXTTWfSpdayVgRVEQj+urJn6eyNFoZST0NeTWUy56GXif14vUcGFm1IeJ4pwPD8UJMxSkZX1YA2oIFixiSYIC6qzWniEBMJKt5WV4Cx+eZm0T2vOWa1+U680LvM6inAIR1AFB86hAdfQhBZgeIBneIU348l4Md6Nj/lowch3DuAPjM8fuVSTAQ==</latexit>

q(x0)
<latexit sha1_base64="Frtl7jj79vvBpy7yUIC/bT97H/4=">AAAB+nicbVDLSsNAFL3xWesr1aWbwSLUTUmkqMuiG5cV+oI2hMl00g6dTOLMRC2xn+LGhSJu/RJ3/o1Jm4W2Hhg4nHMv98zxIs6UtqxvY2V1bX1js7BV3N7Z3ds3SwdtFcaS0BYJeSi7HlaUM0FbmmlOu5GkOPA47Xjj68zv3FOpWCiaehJRJ8BDwXxGsE4l1yzdVfoB1iPPTx6nbvO0WHTNslW1ZkDLxM5JGXI0XPOrPwhJHFChCcdK9Wwr0k6CpWaE02mxHysaYTLGQ9pLqcABVU4yiz5FJ6kyQH4o0yc0mqm/NxIcKDUJvHQyi6kWvUz8z+vF2r90EiaiWFNB5of8mCMdoqwHNGCSEs0nKcFEsjQrIiMsMdFpW1kJ9uKXl0n7rGqfV2u3tXL9Kq+jAEdwDBWw4QLqcAMNaAGBB3iGV3gznowX4934mI+uGPnOIfyB8fkD8FCTJQ==</latexit>

q(xT )

Vincent, in Neural Computation, 2011
Song and Ermon, NeurIPS, 2019
Song et al. ICLR, 2021

• Score function:

• Neural network model:

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

https://ieeexplore.ieee.org/document/6795935
https://arxiv.org/abs/1907.05600
https://arxiv.org/abs/2011.13456
https://cvpr2022-tutorial-diffusion-models.github.io/
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What is the ELBO for continuous-time diffusion models?

• Denoising Score Matching:

• [Kingma et al, 2021] showed that the variational upper bound (negative ELBO) can be reduced to a
simple variant:

• In practice, different loss weightings trade off between model with good perceptual quality vs. high 
log-likelihood:

• Perceptual quality, e.g.,

• High likelihood: -ELBO

How to explain such discrepancy?
Can we still trust ELBO / maximum likelihood?

Kingma et al., “Variational diffusion models”, NeurIPS 2021.

https://arxiv.org/abs/2107.00630
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Weighted diffusion objectives
Understanding diffusion objectives as the ELBO with data augmentation

• Summarize different types of diffusion objectives as the following weighted diffusion objective:

• [Kingma & Gao, 2023] showed that if is a monotonically increasing function, then the weighted 
diffusion objective is equivalent to the negative ELBO with data augmentation (Gaussian addition 
noise):

• Therefore, the ELBO objective is compatible with perceptual quality when combined with simple data 
augmentation (additive noise)

Kingma & Gao, “Understanding Diffusion Objectives\\as the ELBO with Data Augmentation”, 2023.

https://arxiv.org/abs/2303.00848
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<latexit sha1_base64="vc0Rdn6P/NciwoqoaXVhaAfpl64="></latexit>

dxt = �1

2
�(t) [xt + 2rxt log qt(xt)] dt+

p
�(t) d!̄t

<latexit sha1_base64="8a9pZy+dZ2HN/8iMRnxU+Wa/yXg="></latexit>

dxt = �1

2
�(t) [xt +rxt log qt(xt)] dt

Probability Flow ODE
Alternative reverse process

Forward diffusion process (fixed)

<latexit sha1_base64="1FJ2Efhg5qcTrvU55qAcEPfzByE=">AAAB+XicbVDLSsNAFL2pr1pfUZduBqvgqiRSqsuCG5cV7APaECbTSTt0Mgkzk2IJ/RM3LhRx65+482+ctFlo64GBwzn3cs+cIOFMacf5tkobm1vbO+Xdyt7+weGRfXzSUXEqCW2TmMeyF2BFORO0rZnmtJdIiqOA024wucv97pRKxWLxqGcJ9SI8EixkBGsj+bY9iLAeB2H2NPedioFvV52aswBaJ25BqlCg5dtfg2FM0ogKTThWqu86ifYyLDUjnM4rg1TRBJMJHtG+oQJHVHnZIvkcXRpliMJYmic0Wqi/NzIcKTWLAjOZ51SrXi7+5/VTHd56GRNJqqkgy0NhypGOUV4DGjJJieYzQzCRzGRFZIwlJtqUlZfgrn55nXSua26jVn+oV5sXRR1lOINzuAIXbqAJ99CCNhCYwjO8wpuVWS/Wu/WxHC1Zxc4p/IH1+QN+q5Ir</latexit>x0
<latexit sha1_base64="GS205AhwIbESFdeXgSRcbzQfuPg=">AAAB+XicbVDLSsNAFL2pr1pfUZduBqvgqiRS1GXBjcsKfUEbwmQ6aYdOJmFmUiyhf+LGhSJu/RN3/o2TNgttPTBwOOde7pkTJJwp7TjfVmljc2t7p7xb2ds/ODyyj086Kk4loW0S81j2AqwoZ4K2NdOc9hJJcRRw2g0m97nfnVKpWCxaepZQL8IjwUJGsDaSb9uDCOtxEGZPc79VMfDtqlNzFkDrxC1IFQo0fftrMIxJGlGhCcdK9V0n0V6GpWaE03llkCqaYDLBI9o3VOCIKi9bJJ+jS6MMURhL84RGC/X3RoYjpWZRYCbznGrVy8X/vH6qwzsvYyJJNRVkeShMOdIxymtAQyYp0XxmCCaSmayIjLHERJuy8hLc1S+vk851zb2p1R/r1cZFUUcZzuAcrsCFW2jAAzShDQSm8Ayv8GZl1ov1bn0sR0tWsXMKf2B9/gC1y5JP</latexit>xT

<latexit sha1_base64="AqTsPoJ8QRhCLsOZsLF1Tq44dYA=">AAAB+XicbVBNS8NAFHypX7V+RT16CVbBU0mkqMeCF48VbC20oWy2m3bpZhN2X4ol9J948aCIV/+JN/+NmzYHbR1YGGbe481OkAiu0XW/rdLa+sbmVnm7srO7t39gHx61dZwqylo0FrHqBEQzwSVrIUfBOoliJAoEewzGt7n/OGFK81g+4DRhfkSGkoecEjRS37Z7EcFREGZPsz5WDPp21a25czirxCtIFQo0+/ZXbxDTNGISqSBadz03QT8jCjkVbFbppZolhI7JkHUNlSRi2s/myWfOuVEGThgr8yQ6c/X3RkYiradRYCbznHrZy8X/vG6K4Y2fcZmkyCRdHApT4WDs5DU4A64YRTE1hFDFTVaHjogiFE1ZeQne8pdXSfuy5l3V6vf1auOsqKMMJ3AKF+DBNTTgDprQAgoTeIZXeLMy68V6tz4WoyWr2DmGP7A+fwDmy5Jv</latexit>xt… …

• Consider reverse generative diffusion SDE:

• In distribution equivalent to ”Probability Flow ODE”:

    (solving this ODE results in the same           when 
initializing                                  )     

<latexit sha1_base64="0TUldqMhvRuVia4sGBobdlycsG4=">AAACAXicbVDLSsNAFJ3UV62vqBvBzWAV6qYkUtRlwY3LCvYBbQiT6aQdOnk4cyOWUDf+ihsXirj1L9z5N07aLLT1wIXDOfdy7z1eLLgCy/o2CkvLK6trxfXSxubW9o65u9dSUSIpa9JIRLLjEcUED1kTOAjWiSUjgSdY2xtdZX77nknFo/AWxjFzAjIIuc8pAS255sGdC5VeQGDo+enDxIXT0gyuWbaq1hR4kdg5KaMcDdf86vUjmgQsBCqIUl3bisFJiQROBZuUeoliMaEjMmBdTUMSMOWk0w8m+EQrfexHUlcIeKr+nkhJoNQ48HRndqua9zLxP6+bgH/ppDyME2AhnS3yE4EhwlkcuM8loyDGmhAqub4V0yGRhIIOLQvBnn95kbTOqvZ5tXZTK9eP8ziK6BAdoQqy0QWqo2vUQE1E0SN6Rq/ozXgyXox342PWWjDymX30B8bnD9iBlHI=</latexit>

qt(xt)
<latexit sha1_base64="9oau/sxphZE9gk8+PQWf4XKRtKE="></latexit>

qT (xT ) ⇡ N (xT ;0, I)

Reverse Generative Process
<latexit sha1_base64="pHOJjjRZ/AF3g89zy5Wdxt+YFhE=">AAAB+nicbVDLSsNAFL2pr1pfqS7dBItQNyWRoi6LblxWsA9oQ5hMJ+3QySTOTNQS+yluXCji1i9x5984abPQ1gMDh3Pu5Z45fsyoVLb9bRRWVtfWN4qbpa3tnd09s7zfllEiMGnhiEWi6yNJGOWkpahipBsLgkKfkY4/vsr8zj0Rkkb8Vk1i4oZoyGlAMVJa8szyXbUfIjXyg/Rx6tknpZJnVuyaPYO1TJycVCBH0zO/+oMIJyHhCjMkZc+xY+WmSCiKGZmW+okkMcJjNCQ9TTkKiXTTWfSpdayVgRVEQj+urJn6eyNFoZST0NeTWUy56GXif14vUcGFm1IeJ4pwPD8UJMxSkZX1YA2oIFixiSYIC6qzWniEBMJKt5WV4Cx+eZm0T2vOWa1+U680LvM6inAIR1AFB86hAdfQhBZgeIBneIU348l4Md6Nj/lowch3DuAPjM8fuVSTAQ==</latexit>

q(x0)
<latexit sha1_base64="Frtl7jj79vvBpy7yUIC/bT97H/4=">AAAB+nicbVDLSsNAFL3xWesr1aWbwSLUTUmkqMuiG5cV+oI2hMl00g6dTOLMRC2xn+LGhSJu/RJ3/o1Jm4W2Hhg4nHMv98zxIs6UtqxvY2V1bX1js7BV3N7Z3ds3SwdtFcaS0BYJeSi7HlaUM0FbmmlOu5GkOPA47Xjj68zv3FOpWCiaehJRJ8BDwXxGsE4l1yzdVfoB1iPPTx6nbvO0WHTNslW1ZkDLxM5JGXI0XPOrPwhJHFChCcdK9Wwr0k6CpWaE02mxHysaYTLGQ9pLqcABVU4yiz5FJ6kyQH4o0yc0mqm/NxIcKDUJvHQyi6kWvUz8z+vF2r90EiaiWFNB5of8mCMdoqwHNGCSEs0nKcFEsjQrIiMsMdFpW1kJ9uKXl0n7rGqfV2u3tXL9Kq+jAEdwDBWw4QLqcAMNaAGBB3iGV3gznowX4934mI+uGPnOIfyB8fkD8FCTJQ==</latexit>

q(xT )

Song et al., ICLR, 2021

Deterministic mapping from to
<latexit sha1_base64="9oau/sxphZE9gk8+PQWf4XKRtKE="></latexit>

qT (xT ) ⇡ N (xT ;0, I)

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

https://arxiv.org/abs/2011.13456
https://cvpr2022-tutorial-diffusion-models.github.io/


54 

<latexit sha1_base64="tabimnFXPYf3xGHlr9sie3mTJ5Q="></latexit>

dxt = �1

2
�(t) [xt + 2s✓(xt, t)] dt+

p
�(t) d!̄t

<latexit sha1_base64="m2vD7V/JKTHgiP18veKsYqTt05s="></latexit>

dxt = �1

2
�(t) [xt + s✓(xt, t)] dt

Synthesis with SDE vs. ODE 

• Generative Reverse Diffusion SDE (stochastic): • Generative Probability Flow ODE (deterministic):

Generation with Probability Flow ODE

<latexit sha1_base64="1FJ2Efhg5qcTrvU55qAcEPfzByE=">AAAB+XicbVDLSsNAFL2pr1pfUZduBqvgqiRSqsuCG5cV7APaECbTSTt0Mgkzk2IJ/RM3LhRx65+482+ctFlo64GBwzn3cs+cIOFMacf5tkobm1vbO+Xdyt7+weGRfXzSUXEqCW2TmMeyF2BFORO0rZnmtJdIiqOA024wucv97pRKxWLxqGcJ9SI8EixkBGsj+bY9iLAeB2H2NPedioFvV52aswBaJ25BqlCg5dtfg2FM0ogKTThWqu86ifYyLDUjnM4rg1TRBJMJHtG+oQJHVHnZIvkcXRpliMJYmic0Wqi/NzIcKTWLAjOZ51SrXi7+5/VTHd56GRNJqqkgy0NhypGOUV4DGjJJieYzQzCRzGRFZIwlJtqUlZfgrn55nXSua26jVn+oV5sXRR1lOINzuAIXbqAJ99CCNhCYwjO8wpuVWS/Wu/WxHC1Zxc4p/IH1+QN+q5Ir</latexit>x0
<latexit sha1_base64="GS205AhwIbESFdeXgSRcbzQfuPg=">AAAB+XicbVDLSsNAFL2pr1pfUZduBqvgqiRS1GXBjcsKfUEbwmQ6aYdOJmFmUiyhf+LGhSJu/RN3/o2TNgttPTBwOOde7pkTJJwp7TjfVmljc2t7p7xb2ds/ODyyj086Kk4loW0S81j2AqwoZ4K2NdOc9hJJcRRw2g0m97nfnVKpWCxaepZQL8IjwUJGsDaSb9uDCOtxEGZPc79VMfDtqlNzFkDrxC1IFQo0fftrMIxJGlGhCcdK9V0n0V6GpWaE03llkCqaYDLBI9o3VOCIKi9bJJ+jS6MMURhL84RGC/X3RoYjpWZRYCbznGrVy8X/vH6qwzsvYyJJNRVkeShMOdIxymtAQyYp0XxmCCaSmayIjLHERJuy8hLc1S+vk851zb2p1R/r1cZFUUcZzuAcrsCFW2jAAzShDQSm8Ayv8GZl1ov1bn0sR0tWsXMKf2B9/gC1y5JP</latexit>xT

<latexit sha1_base64="AqTsPoJ8QRhCLsOZsLF1Tq44dYA=">AAAB+XicbVBNS8NAFHypX7V+RT16CVbBU0mkqMeCF48VbC20oWy2m3bpZhN2X4ol9J948aCIV/+JN/+NmzYHbR1YGGbe481OkAiu0XW/rdLa+sbmVnm7srO7t39gHx61dZwqylo0FrHqBEQzwSVrIUfBOoliJAoEewzGt7n/OGFK81g+4DRhfkSGkoecEjRS37Z7EcFREGZPsz5WDPp21a25czirxCtIFQo0+/ZXbxDTNGISqSBadz03QT8jCjkVbFbppZolhI7JkHUNlSRi2s/myWfOuVEGThgr8yQ6c/X3RkYiradRYCbznHrZy8X/vG6K4Y2fcZmkyCRdHApT4WDs5DU4A64YRTE1hFDFTVaHjogiFE1ZeQne8pdXSfuy5l3V6vf1auOsqKMMJ3AKF+DBNTTgDprQAgoTeIZXeLMy68V6tz4WoyWr2DmGP7A+fwDmy5Jv</latexit>xt… …

Generation with Reverse Diffusion SDE
<latexit sha1_base64="pHOJjjRZ/AF3g89zy5Wdxt+YFhE=">AAAB+nicbVDLSsNAFL2pr1pfqS7dBItQNyWRoi6LblxWsA9oQ5hMJ+3QySTOTNQS+yluXCji1i9x5984abPQ1gMDh3Pu5Z45fsyoVLb9bRRWVtfWN4qbpa3tnd09s7zfllEiMGnhiEWi6yNJGOWkpahipBsLgkKfkY4/vsr8zj0Rkkb8Vk1i4oZoyGlAMVJa8szyXbUfIjXyg/Rx6tknpZJnVuyaPYO1TJycVCBH0zO/+oMIJyHhCjMkZc+xY+WmSCiKGZmW+okkMcJjNCQ9TTkKiXTTWfSpdayVgRVEQj+urJn6eyNFoZST0NeTWUy56GXif14vUcGFm1IeJ4pwPD8UJMxSkZX1YA2oIFixiSYIC6qzWniEBMJKt5WV4Cx+eZm0T2vOWa1+U680LvM6inAIR1AFB86hAdfQhBZgeIBneIU348l4Md6Nj/lowch3DuAPjM8fuVSTAQ==</latexit>

q(x0)
<latexit sha1_base64="Frtl7jj79vvBpy7yUIC/bT97H/4=">AAAB+nicbVDLSsNAFL3xWesr1aWbwSLUTUmkqMuiG5cV+oI2hMl00g6dTOLMRC2xn+LGhSJu/RJ3/o1Jm4W2Hhg4nHMv98zxIs6UtqxvY2V1bX1js7BV3N7Z3ds3SwdtFcaS0BYJeSi7HlaUM0FbmmlOu5GkOPA47Xjj68zv3FOpWCiaehJRJ8BDwXxGsE4l1yzdVfoB1iPPTx6nbvO0WHTNslW1ZkDLxM5JGXI0XPOrPwhJHFChCcdK9Wwr0k6CpWaE02mxHysaYTLGQ9pLqcABVU4yiz5FJ6kyQH4o0yc0mqm/NxIcKDUJvHQyi6kWvUz8z+vF2r90EiaiWFNB5of8mCMdoqwHNGCSEs0nKcFEsjQrIiMsMdFpW1kJ9uKXl0n7rGqfV2u3tXL9Kq+jAEdwDBWw4QLqcAMNaAGBB3iGV3gznowX4934mI+uGPnOIfyB8fkD8FCTJQ==</latexit>

q(xT )
<latexit sha1_base64="pHOJjjRZ/AF3g89zy5Wdxt+YFhE=">AAAB+nicbVDLSsNAFL2pr1pfqS7dBItQNyWRoi6LblxWsA9oQ5hMJ+3QySTOTNQS+yluXCji1i9x5984abPQ1gMDh3Pu5Z45fsyoVLb9bRRWVtfWN4qbpa3tnd09s7zfllEiMGnhiEWi6yNJGOWkpahipBsLgkKfkY4/vsr8zj0Rkkb8Vk1i4oZoyGlAMVJa8szyXbUfIjXyg/Rx6tknpZJnVuyaPYO1TJycVCBH0zO/+oMIJyHhCjMkZc+xY+WmSCiKGZmW+okkMcJjNCQ9TTkKiXTTWfSpdayVgRVEQj+urJn6eyNFoZST0NeTWUy56GXif14vUcGFm1IeJ4pwPD8UJMxSkZX1YA2oIFixiSYIC6qzWniEBMJKt5WV4Cx+eZm0T2vOWa1+U680LvM6inAIR1AFB86hAdfQhBZgeIBneIU348l4Md6Nj/lowch3DuAPjM8fuVSTAQ==</latexit>

q(x0)
<latexit sha1_base64="Frtl7jj79vvBpy7yUIC/bT97H/4=">AAAB+nicbVDLSsNAFL3xWesr1aWbwSLUTUmkqMuiG5cV+oI2hMl00g6dTOLMRC2xn+LGhSJu/RJ3/o1Jm4W2Hhg4nHMv98zxIs6UtqxvY2V1bX1js7BV3N7Z3ds3SwdtFcaS0BYJeSi7HlaUM0FbmmlOu5GkOPA47Xjj68zv3FOpWCiaehJRJ8BDwXxGsE4l1yzdVfoB1iPPTx6nbvO0WHTNslW1ZkDLxM5JGXI0XPOrPwhJHFChCcdK9Wwr0k6CpWaE02mxHysaYTLGQ9pLqcABVU4yiz5FJ6kyQH4o0yc0mqm/NxIcKDUJvHQyi6kWvUz8z+vF2r90EiaiWFNB5of8mCMdoqwHNGCSEs0nKcFEsjQrIiMsMdFpW1kJ9uKXl0n7rGqfV2u3tXL9Kq+jAEdwDBWw4QLqcAMNaAGBB3iGV3gznowX4934mI+uGPnOIfyB8fkD8FCTJQ==</latexit>

q(xT )

Song et al., ICLR, 2021

<latexit sha1_base64="1FJ2Efhg5qcTrvU55qAcEPfzByE=">AAAB+XicbVDLSsNAFL2pr1pfUZduBqvgqiRSqsuCG5cV7APaECbTSTt0Mgkzk2IJ/RM3LhRx65+482+ctFlo64GBwzn3cs+cIOFMacf5tkobm1vbO+Xdyt7+weGRfXzSUXEqCW2TmMeyF2BFORO0rZnmtJdIiqOA024wucv97pRKxWLxqGcJ9SI8EixkBGsj+bY9iLAeB2H2NPedioFvV52aswBaJ25BqlCg5dtfg2FM0ogKTThWqu86ifYyLDUjnM4rg1TRBJMJHtG+oQJHVHnZIvkcXRpliMJYmic0Wqi/NzIcKTWLAjOZ51SrXi7+5/VTHd56GRNJqqkgy0NhypGOUV4DGjJJieYzQzCRzGRFZIwlJtqUlZfgrn55nXSua26jVn+oV5sXRR1lOINzuAIXbqAJ99CCNhCYwjO8wpuVWS/Wu/WxHC1Zxc4p/IH1+QN+q5Ir</latexit>x0
<latexit sha1_base64="GS205AhwIbESFdeXgSRcbzQfuPg=">AAAB+XicbVDLSsNAFL2pr1pfUZduBqvgqiRS1GXBjcsKfUEbwmQ6aYdOJmFmUiyhf+LGhSJu/RN3/o2TNgttPTBwOOde7pkTJJwp7TjfVmljc2t7p7xb2ds/ODyyj086Kk4loW0S81j2AqwoZ4K2NdOc9hJJcRRw2g0m97nfnVKpWCxaepZQL8IjwUJGsDaSb9uDCOtxEGZPc79VMfDtqlNzFkDrxC1IFQo0fftrMIxJGlGhCcdK9V0n0V6GpWaE03llkCqaYDLBI9o3VOCIKi9bJJ+jS6MMURhL84RGC/X3RoYjpWZRYCbznGrVy8X/vH6qwzsvYyJJNRVkeShMOdIxymtAQyYp0XxmCCaSmayIjLHERJuy8hLc1S+vk851zb2p1R/r1cZFUUcZzuAcrsCFW2jAAzShDQSm8Ayv8GZl1ov1bn0sR0tWsXMKf2B9/gC1y5JP</latexit>xT

<latexit sha1_base64="AqTsPoJ8QRhCLsOZsLF1Tq44dYA=">AAAB+XicbVBNS8NAFHypX7V+RT16CVbBU0mkqMeCF48VbC20oWy2m3bpZhN2X4ol9J948aCIV/+JN/+NmzYHbR1YGGbe481OkAiu0XW/rdLa+sbmVnm7srO7t39gHx61dZwqylo0FrHqBEQzwSVrIUfBOoliJAoEewzGt7n/OGFK81g+4DRhfkSGkoecEjRS37Z7EcFREGZPsz5WDPp21a25czirxCtIFQo0+/ZXbxDTNGISqSBadz03QT8jCjkVbFbppZolhI7JkHUNlSRi2s/myWfOuVEGThgr8yQ6c/X3RkYiradRYCbznHrZy8X/vG6K4Y2fcZmkyCRdHApT4WDs5DU4A64YRTE1hFDFTVaHjogiFE1ZeQne8pdXSfuy5l3V6vf1auOsqKMMJ3AKF+DBNTTgDprQAgoTeIZXeLMy68V6tz4WoyWr2DmGP7A+fwDmy5Jv</latexit>xt… …

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

https://arxiv.org/abs/2011.13456
https://cvpr2022-tutorial-diffusion-models.github.io/
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Sampling from “Continuous-Time” Diffusion Models

Generative Diffusion SDE: Probability Flow ODE:

<latexit sha1_base64="1FJ2Efhg5qcTrvU55qAcEPfzByE=">AAAB+XicbVDLSsNAFL2pr1pfUZduBqvgqiRSqsuCG5cV7APaECbTSTt0Mgkzk2IJ/RM3LhRx65+482+ctFlo64GBwzn3cs+cIOFMacf5tkobm1vbO+Xdyt7+weGRfXzSUXEqCW2TmMeyF2BFORO0rZnmtJdIiqOA024wucv97pRKxWLxqGcJ9SI8EixkBGsj+bY9iLAeB2H2NPedioFvV52aswBaJ25BqlCg5dtfg2FM0ogKTThWqu86ifYyLDUjnM4rg1TRBJMJHtG+oQJHVHnZIvkcXRpliMJYmic0Wqi/NzIcKTWLAjOZ51SrXi7+5/VTHd56GRNJqqkgy0NhypGOUV4DGjJJieYzQzCRzGRFZIwlJtqUlZfgrn55nXSua26jVn+oV5sXRR1lOINzuAIXbqAJ99CCNhCYwjO8wpuVWS/Wu/WxHC1Zxc4p/IH1+QN+q5Ir</latexit>x0
<latexit sha1_base64="GS205AhwIbESFdeXgSRcbzQfuPg=">AAAB+XicbVDLSsNAFL2pr1pfUZduBqvgqiRS1GXBjcsKfUEbwmQ6aYdOJmFmUiyhf+LGhSJu/RN3/o2TNgttPTBwOOde7pkTJJwp7TjfVmljc2t7p7xb2ds/ODyyj086Kk4loW0S81j2AqwoZ4K2NdOc9hJJcRRw2g0m97nfnVKpWCxaepZQL8IjwUJGsDaSb9uDCOtxEGZPc79VMfDtqlNzFkDrxC1IFQo0fftrMIxJGlGhCcdK9V0n0V6GpWaE03llkCqaYDLBI9o3VOCIKi9bJJ+jS6MMURhL84RGC/X3RoYjpWZRYCbznGrVy8X/vH6qwzsvYyJJNRVkeShMOdIxymtAQyYp0XxmCCaSmayIjLHERJuy8hLc1S+vk851zb2p1R/r1cZFUUcZzuAcrsCFW2jAAzShDQSm8Ayv8GZl1ov1bn0sR0tWsXMKf2B9/gC1y5JP</latexit>xT

<latexit sha1_base64="AqTsPoJ8QRhCLsOZsLF1Tq44dYA=">AAAB+XicbVBNS8NAFHypX7V+RT16CVbBU0mkqMeCF48VbC20oWy2m3bpZhN2X4ol9J948aCIV/+JN/+NmzYHbR1YGGbe481OkAiu0XW/rdLa+sbmVnm7srO7t39gHx61dZwqylo0FrHqBEQzwSVrIUfBOoliJAoEewzGt7n/OGFK81g+4DRhfkSGkoecEjRS37Z7EcFREGZPsz5WDPp21a25czirxCtIFQo0+/ZXbxDTNGISqSBadz03QT8jCjkVbFbppZolhI7JkHUNlSRi2s/myWfOuVEGThgr8yQ6c/X3RkYiradRYCbznHrZy8X/vG6K4Y2fcZmkyCRdHApT4WDs5DU4A64YRTE1hFDFTVaHjogiFE1ZeQne8pdXSfuy5l3V6vf1auOsqKMMJ3AKF+DBNTTgDprQAgoTeIZXeLMy68V6tz4WoyWr2DmGP7A+fwDmy5Jv</latexit>xt… …

SDE vs. ODE Sampling: Pro’s and Con’s

Pro: Continuous noise injection can help to 
compensate errors during diffusion process (Langevin 
sampling actively pushes towards correct distribution). 

Con: Often slower, because the stochastic terms themselves 
require fine discretization during solve.

Pro: Can leverage fast ODE solvers. Best 
when targeting very fast sampling.

Con: No “stochastic” error correction, often slightly 
lower performance than stochastic sampling.

Generation with Probability Flow ODEGeneration with Reverse Diffusion SDE
<latexit sha1_base64="pHOJjjRZ/AF3g89zy5Wdxt+YFhE=">AAAB+nicbVDLSsNAFL2pr1pfqS7dBItQNyWRoi6LblxWsA9oQ5hMJ+3QySTOTNQS+yluXCji1i9x5984abPQ1gMDh3Pu5Z45fsyoVLb9bRRWVtfWN4qbpa3tnd09s7zfllEiMGnhiEWi6yNJGOWkpahipBsLgkKfkY4/vsr8zj0Rkkb8Vk1i4oZoyGlAMVJa8szyXbUfIjXyg/Rx6tknpZJnVuyaPYO1TJycVCBH0zO/+oMIJyHhCjMkZc+xY+WmSCiKGZmW+okkMcJjNCQ9TTkKiXTTWfSpdayVgRVEQj+urJn6eyNFoZST0NeTWUy56GXif14vUcGFm1IeJ4pwPD8UJMxSkZX1YA2oIFixiSYIC6qzWniEBMJKt5WV4Cx+eZm0T2vOWa1+U680LvM6inAIR1AFB86hAdfQhBZgeIBneIU348l4Md6Nj/lowch3DuAPjM8fuVSTAQ==</latexit>

q(x0)
<latexit sha1_base64="Frtl7jj79vvBpy7yUIC/bT97H/4=">AAAB+nicbVDLSsNAFL3xWesr1aWbwSLUTUmkqMuiG5cV+oI2hMl00g6dTOLMRC2xn+LGhSJu/RJ3/o1Jm4W2Hhg4nHMv98zxIs6UtqxvY2V1bX1js7BV3N7Z3ds3SwdtFcaS0BYJeSi7HlaUM0FbmmlOu5GkOPA47Xjj68zv3FOpWCiaehJRJ8BDwXxGsE4l1yzdVfoB1iPPTx6nbvO0WHTNslW1ZkDLxM5JGXI0XPOrPwhJHFChCcdK9Wwr0k6CpWaE02mxHysaYTLGQ9pLqcABVU4yiz5FJ6kyQH4o0yc0mqm/NxIcKDUJvHQyi6kWvUz8z+vF2r90EiaiWFNB5of8mCMdoqwHNGCSEs0nKcFEsjQrIiMsMdFpW1kJ9uKXl0n7rGqfV2u3tXL9Kq+jAEdwDBWw4QLqcAMNaAGBB3iGV3gznowX4934mI+uGPnOIfyB8fkD8FCTJQ==</latexit>

q(xT )

Karras et al., “Elucidating the Design Space of Diffusion-Based Generative Models”, arXiv, 2022

<latexit sha1_base64="tabimnFXPYf3xGHlr9sie3mTJ5Q="></latexit>

dxt = �1

2
�(t) [xt + 2s✓(xt, t)] dt+

p
�(t) d!̄t

<latexit sha1_base64="m2vD7V/JKTHgiP18veKsYqTt05s="></latexit>

dxt = �1

2
�(t) [xt + s✓(xt, t)] dt

<latexit sha1_base64="0EXUbzTrFaHPKLWFCLj833taXD0="></latexit>

dxt = �1

2
�(t) [xt + s✓(xt, t)] dt�

1

2
�(t)s✓(xt, t)dt+

p
�(t) d!̄t

<latexit sha1_base64="1FJ2Efhg5qcTrvU55qAcEPfzByE=">AAAB+XicbVDLSsNAFL2pr1pfUZduBqvgqiRSqsuCG5cV7APaECbTSTt0Mgkzk2IJ/RM3LhRx65+482+ctFlo64GBwzn3cs+cIOFMacf5tkobm1vbO+Xdyt7+weGRfXzSUXEqCW2TmMeyF2BFORO0rZnmtJdIiqOA024wucv97pRKxWLxqGcJ9SI8EixkBGsj+bY9iLAeB2H2NPedioFvV52aswBaJ25BqlCg5dtfg2FM0ogKTThWqu86ifYyLDUjnM4rg1TRBJMJHtG+oQJHVHnZIvkcXRpliMJYmic0Wqi/NzIcKTWLAjOZ51SrXi7+5/VTHd56GRNJqqkgy0NhypGOUV4DGjJJieYzQzCRzGRFZIwlJtqUlZfgrn55nXSua26jVn+oV5sXRR1lOINzuAIXbqAJ99CCNhCYwjO8wpuVWS/Wu/WxHC1Zxc4p/IH1+QN+q5Ir</latexit>x0
<latexit sha1_base64="GS205AhwIbESFdeXgSRcbzQfuPg=">AAAB+XicbVDLSsNAFL2pr1pfUZduBqvgqiRS1GXBjcsKfUEbwmQ6aYdOJmFmUiyhf+LGhSJu/RN3/o2TNgttPTBwOOde7pkTJJwp7TjfVmljc2t7p7xb2ds/ODyyj086Kk4loW0S81j2AqwoZ4K2NdOc9hJJcRRw2g0m97nfnVKpWCxaepZQL8IjwUJGsDaSb9uDCOtxEGZPc79VMfDtqlNzFkDrxC1IFQo0fftrMIxJGlGhCcdK9V0n0V6GpWaE03llkCqaYDLBI9o3VOCIKi9bJJ+jS6MMURhL84RGC/X3RoYjpWZRYCbznGrVy8X/vH6qwzsvYyJJNRVkeShMOdIxymtAQyYp0XxmCCaSmayIjLHERJuy8hLc1S+vk851zb2p1R/r1cZFUUcZzuAcrsCFW2jAAzShDQSm8Ayv8GZl1ov1bn0sR0tWsXMKf2B9/gC1y5JP</latexit>xT
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Probability Flow ODE Langevin dynamics

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

https://arxiv.org/abs/2206.00364
https://cvpr2022-tutorial-diffusion-models.github.io/
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Sampling from “Continuous-Time” Diffusion Models
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Generative Diffusion SDE: Probability Flow ODE:

Generation with Probability Flow ODE
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Generation with Reverse Diffusion SDE

How to solve the generative SDE or ODE in practice?

Euler-Maruyama:

Ancestral Sampler (discrete-
time) is also a generative SDE 
sampler!

Euler’s Method:

In practice: DDIM sampler, another
solver of the ODE.
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q(xT )

Song et al., ICLR, 2021
slide from https://cvpr2022-tutorial-diffusion-models.github.io/

https://arxiv.org/abs/2011.13456
https://cvpr2022-tutorial-diffusion-models.github.io/


How to make sampling faster?

• One bottleneck of diffusion models is its slowness in sampling: need 10-1000+ steps to generate high 

quality samples

• Generative models need to be fast for practical use.

• One solution: distill diffusion models into models using just 4-8 sampling steps!

• Progressive distillation for fast sampling of diffusion models, Salimans & Ho, ICLR 2022 

• On Distillation of Guided Diffusion Models, Meng et al., CVPR 2023



Progressive distillation

Salimans & Ho, “Progressive distillation for fast sampling of diffusion models”, ICLR 2022. 

• Distill a deterministic ODE sampler (i.e. DDIM sampler) to the same model architecture.

• At each stage, a “student” model is learned to distill two adjacent sampling steps of the “teacher” 

model to one sampling step. 

• At next stage, the “student” model from previous stage will serve as the new “teacher” model.

Distillation stage 

How to make sampling faster?

https://arxiv.org/abs/2202.00512


Progressive distillation
Teacher-student learning

Distill the DDIM 
sampler: 

Salimans & Ho, “Progressive distillation for fast sampling of diffusion models”, ICLR 2022. 

https://arxiv.org/abs/2202.00512


Now also works with
● CF-Guidance
● Stochastic sampling
● Text-to-image/video
● Image-to-image
● Inpainting
● Latent Diffusion

On Distillation of Guided 
Diffusion Models
Meng et al., CVPR 2023 award nominated
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Case study: Imagen
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Imagen: text-to-image diffusion models
By Google (imagen.research.google)

• An unprecedented degree of photorealism

• SOTA automatic scores & human ratings

• A deep level of language understanding

• Extremely simple 

• no latent space, no quantization

A brain riding a rocketship heading towards the moon.

Saharia et al., “Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding”, arXiv 2022. 

Input: text;     Output: 1kx1k images

https://imagen.research.google/
https://arxiv.org/abs/2205.11487
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Imagen
By Google (imagen.research.google)

Saharia et al., “Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding”, arXiv 2022. 

https://imagen.research.google/
https://arxiv.org/abs/2205.11487
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Imagen
By Google (imagen.research.google)

Saharia et al., “Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding”, arXiv 2022. 

https://imagen.research.google/
https://arxiv.org/abs/2205.11487
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“toilet paper with real 
cactus spikes”
by Irina Blok

Saharia et al., “Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding”, arXiv 2022. 

https://arxiv.org/abs/2205.11487


Data
● Image-text pairs
● LAION-400M
● Internal (~500M images)

Sampler
● Classifier-free guidance
● Maximizing text-alignment

Model
● Diffusion models
● Cascading super-res
● Frozen text encoders

Scaling up

What goes to Imagen?

Saharia et al., “Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding”, arXiv 2022. 

https://arxiv.org/abs/2205.11487


Data
● Image-text pairs
● LAION-400M
● Internal (~500M images)

Sampler
● Classifier-free guidance
● Maximizing text-alignment 

Model
● Diffusion models
● Cascading super-res
● Frozen text encoders

Scaling up

What goes to Imagen?

Saharia et al., “Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding”, arXiv 2022. 

https://arxiv.org/abs/2205.11487


Frozen text encoder
A photo of a group of teddy bears 
eating pizza in Times Square.

Embeddings

Embeddings   + 

Embeddings   + 

Embeddings   + 

256x256

64x64

1024x1024

Imagen: Cascaded generation pipeline

Saharia et al., “Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding”, arXiv 2022. 

https://arxiv.org/abs/2205.11487
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Classifier Guidance
Sampler technique

• Assume pairs of data (x, c). A classifier guidance diffusion model consists of

• A trained conditional diffusion model

• A trained classifier model on noisy data

• During sampling, at each denoising step, modify the score function to

• Upweight samples that the classifier assigns high probability with, better alignment with c.

• Cons: need to train an additional classifier. Increase model complexity.

From the conditional
diffusion model

From the classifier
model

Dhariwal and Nichol, “Diffusion models beat GANs on image synthesis”, NeurIPS 2021. 

https://arxiv.org/abs/2105.05233
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Classifier-free Guidance
Sampler technique

• Assume there’re two diffusion models, one conditional model and one unconditional model.

• By Bayes’ rule we can define an implicit classifier

• The modified score function during sampling then becomes

• The two models can share weights, with the unconditional model taking a null class label c.

From the conditional
diffusion model

From the unconditional
diffusion model

Ho & Salimans, “Classifier-Free Diffusion Guidance”, 2021. 

https://openreview.net/pdf?id=qw8AKxfYbI
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Classifier-free guidance in Imagen

Saharia et al., “Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding”, arXiv 2022. 

• Large classifier-free guidance weights → better text alignment, worse image fidelity 

Better text alignment
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https://arxiv.org/abs/2205.11487


Larger Text Encoders → Better Alignment, Better Fidelity

Saharia et al., “Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding”, arXiv 2022. 

https://arxiv.org/abs/2205.11487
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Can we generalize this to video?
Imagen Video (imagen.research.google/video)

Jonathan et al., “Imagen Video: High Definition Video Generation with Diffusion Models”, 2023.

https://imagen.research.google/video
https://arxiv.org/abs/2210.02303


Imagen Video generalizes Imagen to the video domain
using a cascade of super-resolution diffusion models in space and time



Video diffusion models

● Image → Video: Just add another dimension to the data tensor
● Image architecture: 2D UNet
● Video architecture: 3D UNet, space-time separable

○ repeat the 2D UNet over frames
○ additional layers to mix over time using attention or convolution

Ho & Salimans, et al.    https://video-diffusion.github.io/









“watercolor greeting card of 
thank you so much!”


