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Deep Generative Learning
Learning to generate data

Train

Sample

Neural NetworkSamples from a Data Distribution
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Generative Learning Applications

Art & Design Content Generation Representation Learning Entertainment
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Big Bang!

Big Bang!

Denoising Diffusion Models:  
A Generative Learning Big Bang

Source: https://www.wired.com/story/what-if-the-big-bang-was-actually-a-big-bounce/
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We May Not Know Cosmology, But We Know CVPR  
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Today’s Program

Title Speaker Time
Fundamentals: Training, Sampling, Acceleration, Guidance Arash 09:00-10:00
Break
Image Applications: Architecture, Editing, Personalization, Fine-tuning, “Low-level" Vision Chenlin 10:15-11:15
Break
Other domains: Inverse problems, Video, 3D, Large Content Generation Jiaming 11:30-12:30

https://cvpr2023-tutorial-diffusion-models.github.io/
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Disclaimer
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Outline

Part (1): Denoising Diffusion Probabilistic Models

Part (2): Score-based Generative Modeling with Differential Equations

Part (3): Accelerated Sampling

Part (4): Conditional Generation and Guidance
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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
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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)
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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
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What happens to a distribution in the forward diffusion?

So far, we discussed the diffusion kernel               but what about          ?

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

…

Data Noise

Diffused 
data dist.

Input 
data dist.

Diffusion
kernel

Joint
dist.
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Generative Learning by Denoising

Recall, that the diffusion parameters are designed such that 

Generation:

Sample

Iteratively sample

Can we approximate                  ? Yes, we can use a Normal 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)
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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
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For training, we can form variational upper bound that is commonly used for training variational autoencoders:

Recall that                                               . Ho et al. NeurIPS 2020 parameterized the mean of denoising model via:

Using a few simple arithmetic operations, we can write down the variational objective as:

Ho et al. NeurIPS 2020 observe that simply setting      to 1 for all t works best in practice.

Learning Denoising Model
Variational upper bound

q(51) + g(km+ (A) ?

tractablewhen conditioned
on X.

& (4a+ (e,40) =N(Xa+ ; MA(XA,Xo), definition
:
DoPM

MI)
&A 2)

ME (Th,x0) = (XA-- -FA

&⑭ Tota distributio
(xo-)

↳ Da (g (h+(x1,Xo) 11 Po(yK()o
Po(SAIC) = N(D(A11MoDa,A), DEE)

m
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Summary
Training and Sample Generation
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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
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Part (4): Conditional Generation and Guidance
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Crash Course in Differential Equations

Ordinary Differential Equation (ODE):

or
<latexit sha1_base64="DKhIukpuJIHY7KlWiVGjOAQE2hY=">AAACInicbVDLSsNAFJ3UV62vqEs3wSJUkJJI8bEQim5cVrAPaEKZTCbt0MmDmRtpCfkWN/6KGxeKuhL8GJM2orYeGDiccy5z77FDziTo+odSWFhcWl4prpbW1jc2t9TtnZYMIkFokwQ8EB0bS8qZT5vAgNNOKCj2bE7b9vAq89t3VEgW+LcwDqnl4b7PXEYwpFJPPTeBjkB4sZOYHoaB7caj5OKbuknlRz2Cw58wlHpqWa/qE2jzxMhJGeVo9NQ30wlI5FEfCMdSdg09BCvGAhjhNCmZkaQhJkPcp92U+tij0oonJybaQao4mhuI9PmgTdTfEzH2pBx7dprMFpazXib+53UjcM+smPlhBNQn04/ciGsQaFlfmsMEJcDHKcFEsHRXjQywwATSVrMSjNmT50nruGqcVGs3tXL9Mq+jiPbQPqogA52iOrpGDdREBN2jR/SMXpQH5Ul5Vd6n0YKSz+yiP1A+vwBRb6X6</latexit>

dx = f(x, t)dt

<latexit sha1_base64="HU7MMEeX0A5eg0kajyOZaMQJ4Fg=">AAACK3icbVDLSsNAFJ34rPUVdekmWIQKUhIp6kYodeOygn1AU8pkOmmHTh7M3EhLyP+48Vdc6MIHbv0PJ23E2npg4HDOucy9xwk5k2Ca79rS8srq2npuI7+5tb2zq+/tN2QQCULrJOCBaDlYUs58WgcGnLZCQbHncNp0htep37ynQrLAv4NxSDse7vvMZQSDkrp61XYFJrENdATCi3uJ7WEYOG48SpIZFZKrH8NNir+ZUzjJd/WCWTInMBaJlZECylDr6s92LyCRR30gHEvZtswQOjEWwAinSd6OJA0xGeI+bSvqY4/KTjy5NTGOldIz3ECo54MxUWcnYuxJOfYclUy3lPNeKv7ntSNwLzsx88MIqE+mH7kRNyAw0uKMHhOUAB8rgolgaleDDLAqD1S9aQnW/MmLpHFWss5L5dtyoVLN6sihQ3SEishCF6iCblAN1RFBD+gJvaI37VF70T60z2l0SctmDtAfaF/fhxKqPA==</latexit>

dx

dt
= f(x, t)

<latexit sha1_base64="4mSRiAOC1HPbUsbyd7QN48TyFAA=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsN+3azSbsToQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUNnGqGW+xWMa6E1DDpVC8hQIl7ySa0yiQ/CEY3878hyeujYjVPU4S7kd0qEQoGEUrNbFfrrhVdw6ySrycVCBHo1/+6g1ilkZcIZPUmK7nJuhnVKNgkk9LvdTwhLIxHfKupYpG3PjZ/NApObPKgISxtqWQzNXfExmNjJlEge2MKI7MsjcT//O6KYbXfiZUkiJXbLEoTCXBmMy+JgOhOUM5sYQyLeythI2opgxtNiUbgrf88ippX1S9y2qtWavUb/I4inACp3AOHlxBHe6gAS1gwOEZXuHNeXRenHfnY9FacPKZY/gD5/MH4xeNAQ==</latexit>

t

<latexit sha1_base64="gMTgjs7J9T7tfl8I4J/4iGZ8J/U=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F9Xzu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucPADaRJQ==</latexit>x
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Crash Course in Differential Equations

Ordinary Differential Equation (ODE):

or
<latexit sha1_base64="DKhIukpuJIHY7KlWiVGjOAQE2hY=">AAACInicbVDLSsNAFJ3UV62vqEs3wSJUkJJI8bEQim5cVrAPaEKZTCbt0MmDmRtpCfkWN/6KGxeKuhL8GJM2orYeGDiccy5z77FDziTo+odSWFhcWl4prpbW1jc2t9TtnZYMIkFokwQ8EB0bS8qZT5vAgNNOKCj2bE7b9vAq89t3VEgW+LcwDqnl4b7PXEYwpFJPPTeBjkB4sZOYHoaB7caj5OKbuknlRz2Cw58wlHpqWa/qE2jzxMhJGeVo9NQ30wlI5FEfCMdSdg09BCvGAhjhNCmZkaQhJkPcp92U+tij0oonJybaQao4mhuI9PmgTdTfEzH2pBx7dprMFpazXib+53UjcM+smPlhBNQn04/ciGsQaFlfmsMEJcDHKcFEsHRXjQywwATSVrMSjNmT50nruGqcVGs3tXL9Mq+jiPbQPqogA52iOrpGDdREBN2jR/SMXpQH5Ul5Vd6n0YKSz+yiP1A+vwBRb6X6</latexit>

dx = f(x, t)dt

<latexit sha1_base64="HU7MMEeX0A5eg0kajyOZaMQJ4Fg=">AAACK3icbVDLSsNAFJ34rPUVdekmWIQKUhIp6kYodeOygn1AU8pkOmmHTh7M3EhLyP+48Vdc6MIHbv0PJ23E2npg4HDOucy9xwk5k2Ca79rS8srq2npuI7+5tb2zq+/tN2QQCULrJOCBaDlYUs58WgcGnLZCQbHncNp0htep37ynQrLAv4NxSDse7vvMZQSDkrp61XYFJrENdATCi3uJ7WEYOG48SpIZFZKrH8NNir+ZUzjJd/WCWTInMBaJlZECylDr6s92LyCRR30gHEvZtswQOjEWwAinSd6OJA0xGeI+bSvqY4/KTjy5NTGOldIz3ECo54MxUWcnYuxJOfYclUy3lPNeKv7ntSNwLzsx88MIqE+mH7kRNyAw0uKMHhOUAB8rgolgaleDDLAqD1S9aQnW/MmLpHFWss5L5dtyoVLN6sihQ3SEishCF6iCblAN1RFBD+gJvaI37VF70T60z2l0SctmDtAfaF/fhxKqPA==</latexit>

dx

dt
= f(x, t)

<latexit sha1_base64="NM5jjv5ALjSw2IUmFhHaNf4RtUQ="></latexit>

x(t) = x(0) +

Z t

0
f(x, ⌧)d⌧

<latexit sha1_base64="x+1+cUIxVneSUb7cYp0xe5wLkEk=">AAACOXicbVDLSgMxFM34rPVVdekmWISWSpmRoi6LunBZwT6gU0omzbShmQfJHWkZ+ltu/At3ghsXirj1B0zbEfrwQuDknHu49x4nFFyBab4aK6tr6xubqa309s7u3n7m4LCmgkhSVqWBCGTDIYoJ7rMqcBCsEUpGPEewutO/Gev1RyYVD/wHGIas5ZGuz11OCWiqnanYHoGe48aDUQ4K9i0TQDDkbRKGMhjMinlcwH9/d5Sbk860I7G2M1mzaE4KLwMrAVmUVKWdebE7AY085gMVRKmmZYbQiokETgUbpe1IsZDQPumypoY+8ZhqxZPLR/hUMx3sBlI/H/CEnXXExFNq6Dm6c7yvWtTG5H9aMwL3qhVzP4yA+XQ6yI0EhgCPY8QdLhkFMdSAUMn1rpj2iCQUdNhpHYK1ePIyqJ0XrYti6b6ULV8ncaTQMTpBOWShS1RGd6iCqoiiJ/SGPtCn8Wy8G1/G97R1xUg8R2iujJ9fXbatOg==</latexit>

x(t+�t) ⇡ x(t) + f(x(t), t)�t

Analytical 
Solution:

Iterative 
Numerical 
Solution:

Stochastic Differential Equation (SDE):

drift coefficient diffusion coefficient

<latexit sha1_base64="sdfFbxA4bO046gbLntH1JdLIPVo="></latexit>

dx

dt
= f(x, t) + �(x, t)!t

<latexit sha1_base64="29xJXKBzbqt1OxSFFWNMKKbD24E="></latexit>✓
dx = f(x, t)dt+ �(x, t)d!t

◆

Wiener Process 
(Gaussian 

White Noise)

<latexit sha1_base64="RcuqhmwN7N0eJ5jx1OYIRcXmAoE=">AAAB/nicbVBLSwMxGMz6rPW1Kp68BIvgqexKUY9FLx4r2Ad0lyWbzbaheSxJVihLwb/ixYMiXv0d3vw3ZtsetHUgZJj5PjKZOGNUG8/7dlZW19Y3Nitb1e2d3b199+Cwo2WuMGljyaTqxUgTRgVpG2oY6WWKIB4z0o1Ht6XffSRKUykezDgjIUcDQVOKkbFS5B4HsWSJHnN7FYHkZIAmkYncmlf3poDLxJ+TGpijFblfQSJxzokwmCGt+76XmbBAylDMyKQa5JpkCI/QgPQtFYgTHRbT+BN4ZpUEplLZIwycqr83CsR1mdBOcmSGetErxf+8fm7S67CgIssNEXj2UJozaCQsu4AJVQQbNrYEYUVtVoiHSCFsbGNVW4K/+OVl0rmo+5f1xn2j1ryZ11EBJ+AUnAMfXIEmuAMt0AYYFOAZvII358l5cd6dj9noijPfOQJ/4Hz+AC6Rlkk=</latexit>!t

<latexit sha1_base64="4mSRiAOC1HPbUsbyd7QN48TyFAA=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsN+3azSbsToQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUNnGqGW+xWMa6E1DDpVC8hQIl7ySa0yiQ/CEY3878hyeujYjVPU4S7kd0qEQoGEUrNbFfrrhVdw6ySrycVCBHo1/+6g1ilkZcIZPUmK7nJuhnVKNgkk9LvdTwhLIxHfKupYpG3PjZ/NApObPKgISxtqWQzNXfExmNjJlEge2MKI7MsjcT//O6KYbXfiZUkiJXbLEoTCXBmMy+JgOhOUM5sYQyLeythI2opgxtNiUbgrf88ippX1S9y2qtWavUb/I4inACp3AOHlxBHe6gAS1gwOEZXuHNeXRenHfnY9FacPKZY/gD5/MH4xeNAQ==</latexit>

t

<latexit sha1_base64="gMTgjs7J9T7tfl8I4J/4iGZ8J/U=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F9Xzu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucPADaRJQ==</latexit>x

<latexit sha1_base64="4mSRiAOC1HPbUsbyd7QN48TyFAA=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsN+3azSbsToQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUNnGqGW+xWMa6E1DDpVC8hQIl7ySa0yiQ/CEY3878hyeujYjVPU4S7kd0qEQoGEUrNbFfrrhVdw6ySrycVCBHo1/+6g1ilkZcIZPUmK7nJuhnVKNgkk9LvdTwhLIxHfKupYpG3PjZ/NApObPKgISxtqWQzNXfExmNjJlEge2MKI7MsjcT//O6KYbXfiZUkiJXbLEoTCXBmMy+JgOhOUM5sYQyLeythI2opgxtNiUbgrf88ippX1S9y2qtWavUb/I4inACp3AOHlxBHe6gAS1gwOEZXuHNeXRenHfnY9FacPKZY/gD5/MH4xeNAQ==</latexit>

t

<latexit sha1_base64="gMTgjs7J9T7tfl8I4J/4iGZ8J/U=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F9Xzu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucPADaRJQ==</latexit>x

<latexit sha1_base64="YvrqyVJ8Dl8enYgpWcrF1IZZYes="></latexit>

x(t+�t) ⇡ x(t) + f(x(t), t)�t+ �(x(t), t)
p
�tN (0, I)
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<latexit sha1_base64="YvrqyVJ8Dl8enYgpWcrF1IZZYes="></latexit>

x(t+�t) ⇡ x(t) + f(x(t), t)�t+ �(x(t), t)
p
�tN (0, I)

Crash Course in Differential Equations

Ordinary Differential Equation (ODE):

or
<latexit sha1_base64="DKhIukpuJIHY7KlWiVGjOAQE2hY=">AAACInicbVDLSsNAFJ3UV62vqEs3wSJUkJJI8bEQim5cVrAPaEKZTCbt0MmDmRtpCfkWN/6KGxeKuhL8GJM2orYeGDiccy5z77FDziTo+odSWFhcWl4prpbW1jc2t9TtnZYMIkFokwQ8EB0bS8qZT5vAgNNOKCj2bE7b9vAq89t3VEgW+LcwDqnl4b7PXEYwpFJPPTeBjkB4sZOYHoaB7caj5OKbuknlRz2Cw58wlHpqWa/qE2jzxMhJGeVo9NQ30wlI5FEfCMdSdg09BCvGAhjhNCmZkaQhJkPcp92U+tij0oonJybaQao4mhuI9PmgTdTfEzH2pBx7dprMFpazXib+53UjcM+smPlhBNQn04/ciGsQaFlfmsMEJcDHKcFEsHRXjQywwATSVrMSjNmT50nruGqcVGs3tXL9Mq+jiPbQPqogA52iOrpGDdREBN2jR/SMXpQH5Ul5Vd6n0YKSz+yiP1A+vwBRb6X6</latexit>

dx = f(x, t)dt

<latexit sha1_base64="HU7MMEeX0A5eg0kajyOZaMQJ4Fg=">AAACK3icbVDLSsNAFJ34rPUVdekmWIQKUhIp6kYodeOygn1AU8pkOmmHTh7M3EhLyP+48Vdc6MIHbv0PJ23E2npg4HDOucy9xwk5k2Ca79rS8srq2npuI7+5tb2zq+/tN2QQCULrJOCBaDlYUs58WgcGnLZCQbHncNp0htep37ynQrLAv4NxSDse7vvMZQSDkrp61XYFJrENdATCi3uJ7WEYOG48SpIZFZKrH8NNir+ZUzjJd/WCWTInMBaJlZECylDr6s92LyCRR30gHEvZtswQOjEWwAinSd6OJA0xGeI+bSvqY4/KTjy5NTGOldIz3ECo54MxUWcnYuxJOfYclUy3lPNeKv7ntSNwLzsx88MIqE+mH7kRNyAw0uKMHhOUAB8rgolgaleDDLAqD1S9aQnW/MmLpHFWss5L5dtyoVLN6sihQ3SEishCF6iCblAN1RFBD+gJvaI37VF70T60z2l0SctmDtAfaF/fhxKqPA==</latexit>

dx

dt
= f(x, t)

<latexit sha1_base64="x+1+cUIxVneSUb7cYp0xe5wLkEk=">AAACOXicbVDLSgMxFM34rPVVdekmWISWSpmRoi6LunBZwT6gU0omzbShmQfJHWkZ+ltu/At3ghsXirj1B0zbEfrwQuDknHu49x4nFFyBab4aK6tr6xubqa309s7u3n7m4LCmgkhSVqWBCGTDIYoJ7rMqcBCsEUpGPEewutO/Gev1RyYVD/wHGIas5ZGuz11OCWiqnanYHoGe48aDUQ4K9i0TQDDkbRKGMhjMinlcwH9/d5Sbk860I7G2M1mzaE4KLwMrAVmUVKWdebE7AY085gMVRKmmZYbQiokETgUbpe1IsZDQPumypoY+8ZhqxZPLR/hUMx3sBlI/H/CEnXXExFNq6Dm6c7yvWtTG5H9aMwL3qhVzP4yA+XQ6yI0EhgCPY8QdLhkFMdSAUMn1rpj2iCQUdNhpHYK1ePIyqJ0XrYti6b6ULV8ncaTQMTpBOWShS1RGd6iCqoiiJ/SGPtCn8Wy8G1/G97R1xUg8R2iujJ9fXbatOg==</latexit>

x(t+�t) ⇡ x(t) + f(x(t), t)�t
Iterative 

Numerical 
Solution:

Stochastic Differential Equation (SDE):

drift coefficient diffusion coefficient

Wiener Process 
(Gaussian 

White Noise)

<latexit sha1_base64="sdfFbxA4bO046gbLntH1JdLIPVo="></latexit>

dx

dt
= f(x, t) + �(x, t)!t

<latexit sha1_base64="29xJXKBzbqt1OxSFFWNMKKbD24E="></latexit>✓
dx = f(x, t)dt+ �(x, t)d!t

◆
<latexit sha1_base64="RcuqhmwN7N0eJ5jx1OYIRcXmAoE=">AAAB/nicbVBLSwMxGMz6rPW1Kp68BIvgqexKUY9FLx4r2Ad0lyWbzbaheSxJVihLwb/ixYMiXv0d3vw3ZtsetHUgZJj5PjKZOGNUG8/7dlZW19Y3Nitb1e2d3b199+Cwo2WuMGljyaTqxUgTRgVpG2oY6WWKIB4z0o1Ht6XffSRKUykezDgjIUcDQVOKkbFS5B4HsWSJHnN7FYHkZIAmkYncmlf3poDLxJ+TGpijFblfQSJxzokwmCGt+76XmbBAylDMyKQa5JpkCI/QgPQtFYgTHRbT+BN4ZpUEplLZIwycqr83CsR1mdBOcmSGetErxf+8fm7S67CgIssNEXj2UJozaCQsu4AJVQQbNrYEYUVtVoiHSCFsbGNVW4K/+OVl0rmo+5f1xn2j1ryZ11EBJ+AUnAMfXIEmuAMt0AYYFOAZvII358l5cd6dj9noijPfOQJ/4Hz+AC6Rlkk=</latexit>!t

<latexit sha1_base64="NM5jjv5ALjSw2IUmFhHaNf4RtUQ="></latexit>

x(t) = x(0) +

Z t

0
f(x, ⌧)d⌧Analytical 

Solution:

<latexit sha1_base64="4mSRiAOC1HPbUsbyd7QN48TyFAA=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsN+3azSbsToQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUNnGqGW+xWMa6E1DDpVC8hQIl7ySa0yiQ/CEY3878hyeujYjVPU4S7kd0qEQoGEUrNbFfrrhVdw6ySrycVCBHo1/+6g1ilkZcIZPUmK7nJuhnVKNgkk9LvdTwhLIxHfKupYpG3PjZ/NApObPKgISxtqWQzNXfExmNjJlEge2MKI7MsjcT//O6KYbXfiZUkiJXbLEoTCXBmMy+JgOhOUM5sYQyLeythI2opgxtNiUbgrf88ippX1S9y2qtWavUb/I4inACp3AOHlxBHe6gAS1gwOEZXuHNeXRenHfnY9FacPKZY/gD5/MH4xeNAQ==</latexit>

t

<latexit sha1_base64="gMTgjs7J9T7tfl8I4J/4iGZ8J/U=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F9Xzu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucPADaRJQ==</latexit>x

<latexit sha1_base64="4mSRiAOC1HPbUsbyd7QN48TyFAA=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsN+3azSbsToQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUNnGqGW+xWMa6E1DDpVC8hQIl7ySa0yiQ/CEY3878hyeujYjVPU4S7kd0qEQoGEUrNbFfrrhVdw6ySrycVCBHo1/+6g1ilkZcIZPUmK7nJuhnVKNgkk9LvdTwhLIxHfKupYpG3PjZ/NApObPKgISxtqWQzNXfExmNjJlEge2MKI7MsjcT//O6KYbXfiZUkiJXbLEoTCXBmMy+JgOhOUM5sYQyLeythI2opgxtNiUbgrf88ippX1S9y2qtWavUb/I4inACp3AOHlxBHe6gAS1gwOEZXuHNeXRenHfnY9FacPKZY/gD5/MH4xeNAQ==</latexit>

t

<latexit sha1_base64="gMTgjs7J9T7tfl8I4J/4iGZ8J/U=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F9Xzu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucPADaRJQ==</latexit>x
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Forward Diffusion Process as Stochastic Differential Equation

Consider the limit of many small steps:

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

dxt = �1

2
�(t)xt dt+

p
�(t) d!t

Stochastic Differential Equation (SDE)

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

<latexit sha1_base64="bS3hNK6LY4xHhyx2Z3REaOHHT2g="></latexit>

q(xt|xt�1) = N (xt;
p

1� �t xt�1,�tI)

Data Noise

Forward diffusion process (fixed)

x0 x1 x2 x3 x4 … xT

discretization of 



31 

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)

<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="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
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The Generative Reverse Stochastic Differential Equation

Forward diffusion process (fixed)

But what about the reverse 
direction, necessary for generation?

<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 )

Song et al., ICLR, 2021
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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 )
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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 )
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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)
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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)

<latexit sha1_base64="kKt1I9wmEayvuU79NVuOarHMCuE="></latexit>

min
✓

Et⇠U(0,T )Ext⇠qt(xt)||s✓(xt, t)�rxt log qt(xt)||22

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 )
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<latexit sha1_base64="t0i1pCznTHPDu6bVK1eC39Lb+4A="></latexit>

min
✓

Et⇠U(0,T )Ex0⇠q0(x0)Ext⇠qt(xt|x0)||s✓(xt, t)�rxt log qt(xt|x0)||22

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="ON6f5QfBeJLr/8l+XY5R0c9FRgU="></latexit>

qt(xt|x0) = N (xt; �tx0,�
2
t I)

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

dxt = �1

2
�(t)xt dt+

p
�(t) d!t

“Variance Preserving” 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 )
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<latexit sha1_base64="Ujl1SLZpztC+vK4Y+zcRngxdnCc="></latexit>

rxt log qt(xt|x0) = �rxt

(xt � �tx0)2

2�2
t

= �xt � �tx0

�2
t

= ��tx0 + �t✏� �tx0

�2
t

= � ✏

�t

<latexit sha1_base64="t0i1pCznTHPDu6bVK1eC39Lb+4A="></latexit>

min
✓

Et⇠U(0,T )Ex0⇠q0(x0)Ext⇠qt(xt|x0)||s✓(xt, t)�rxt log qt(xt|x0)||22

Denoising Score Matching
Implementation 1: Noise Prediction

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="ON6f5QfBeJLr/8l+XY5R0c9FRgU="></latexit>

qt(xt|x0) = N (xt; �tx0,�
2
t I)

<latexit sha1_base64="yqYMfP/TZS8iKSBKV3tjLYmW+FM=">AAACDXicbVA9SwNBEN2LXzF+RS1tDhMhFgl3IaiNINhYKhgTyCXH3maSLNnbO3bnhHDkD9j4V2wsFLG1t/PfuIkpNPHBwOO9GWbmBbHgGh3ny8osLa+srmXXcxubW9s7+d29Ox0likGdRSJSzYBqEFxCHTkKaMYKaBgIaATDy4nfuAeleSRvcRRDO6R9yXucUTSSny96mvdD6mOneu6WoZOWPS7RdzroBYC0pI+7euznC07FmcJeJO6MFMgM137+0+tGLAlBIhNU65brxNhOqULOBIxzXqIhpmxI+9AyVNIQdDudfjO2j4zStXuRMiXRnqq/J1Iaaj0KA9MZUhzoeW8i/ue1EuydtVMu4wRBsp9FvUTYGNmTaOwuV8BQjAyhTHFzq80GVFGGJsCcCcGdf3mR3FUr7kmldlMrXBRncWTJATkkJeKSU3JBrsg1qRNGHsgTeSGv1qP1bL1Z7z+tGWs2s0/+wPr4Bi/Wmuw=</latexit>

�2
t = 1� e�

R t
0 �(s)ds

<latexit sha1_base64="5csNGsgEGhWzfj3FRC5grPM/eNk="></latexit>

�t = e�
1
2

R t
0 �(s)ds

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

dxt = �1

2
�(t)xt dt+

p
�(t) d!t

“Variance Preserving” SDE:

<latexit sha1_base64="ZtxkWzbXLGQaQmZy3x0F2rN5vo4=">AAACLnicbVDLSgMxFM3UV62vqks3wSoIQpkRUTeCIILLClYLnTJk0kwNzWNI7ohl6Be58Vd0IaiIWz/DTO1CrQdCDufcy733xKngFnz/xStNTc/MzpXnKwuLS8sr1dW1K6szQ1mTaqFNKyaWCa5YEzgI1koNIzIW7Drunxb+9S0zlmt1CYOUdSTpKZ5wSsBJUfUslARu4iS/G0aAj3HYI1KSCH7IPt7FoeW9kRxr0bUD6b48ZKnlQqthpRJVa37dHwFPkmBMamiMRlR9CruaZpIpoIJY2w78FDo5McCpYMNKmFmWEtonPdZ2VBHJbCcfnTvE207p4kQb9xTgkfqzIyfSFju6yuIK+9crxP+8dgbJUSfnKs2AKfo9KMkEBo2L7HCXG0ZBDBwh1HC3K6Y3xBAKLuEihODvyZPkaq8eHNT3L/ZrJ1vjOMpoA22iHRSgQ3SCzlEDNRFF9+gRvaI378F79t69j+/SkjfuWUe/4H1+AbV1qXU=</latexit>

xt = �tx0 + �t✏
<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="Ltq2VMbOtxF8jfvZAbPMZAo5Sn0="></latexit>

min
✓

Et⇠U(0,T )Ex0⇠q0(x0)E✏⇠N (0,I)
1

�2
t

||✏� ✏✓(xt, t)||22

<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:

<latexit sha1_base64="Ujl1SLZpztC+vK4Y+zcRngxdnCc="></latexit>

rxt log qt(xt|x0) = �rxt

(xt � �tx0)2

2�2
t

= �xt � �tx0

�2
t

= ��tx0 + �t✏� �tx0

�2
t

= � ✏

�t

<latexit sha1_base64="Ujl1SLZpztC+vK4Y+zcRngxdnCc="></latexit>

rxt log qt(xt|x0) = �rxt

(xt � �tx0)2

2�2
t

= �xt � �tx0

�2
t

= ��tx0 + �t✏� �tx0

�2
t

= � ✏

�t

<latexit sha1_base64="Ujl1SLZpztC+vK4Y+zcRngxdnCc="></latexit>

rxt log qt(xt|x0) = �rxt

(xt � �tx0)2

2�2
t

= �xt � �tx0

�2
t

= ��tx0 + �t✏� �tx0

�2
t

= � ✏

�t

(4) in L03-2 (DDPM)

(12) in L03-2

From CVPR 2033 tutorial
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<latexit sha1_base64="t0i1pCznTHPDu6bVK1eC39Lb+4A="></latexit>

min
✓

Et⇠U(0,T )Ex0⇠q0(x0)Ext⇠qt(xt|x0)||s✓(xt, t)�rxt log qt(xt|x0)||22

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

• Denoising Score Matching:

<latexit sha1_base64="ON6f5QfBeJLr/8l+XY5R0c9FRgU="></latexit>

qt(xt|x0) = N (xt; �tx0,�
2
t I)

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

dxt = �1

2
�(t)xt dt+

p
�(t) d!t

“Variance Preserving” 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="Ltq2VMbOtxF8jfvZAbPMZAo5Sn0="></latexit>

min
✓

Et⇠U(0,T )Ex0⇠q0(x0)E✏⇠N (0,I)
1

�2
t

||✏� ✏✓(xt, t)||22 Same objectives in Part (1)!
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Different Parameterizations

Noise prediction network:

Denoising network:

v-prediction:

More sophisticated model 

parametrizations and loss 

weightings possible!

Karras et al., "Elucidating the Design Space of Diffusion-Based Generative Models", NeurIPS 2022
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<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 )
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q(xT )

Song et al., ICLR, 2021
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Probability Flow ODE

Chen et al., NeurIPS, 2018
Grathwohl, ICLR, 2019
Song et al., ICLR, 2021

Diffusion Models as Neural ODEs

Enables use of advanced ODE solvers

Log-likelihood computation (instantaneous change of variables):

Encoding with Probability Flow ODE

Generation with Probability Flow ODE
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Deterministic encoding and generation 
(semantic image interpolation, etc.)
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Outline

Part (1): Denoising Diffusion Probabilistic Models

Part (2): Score-based Generative Modeling with Differential Equations

Part (3): Accelerated Sampling

Part (4): Conditional Generation and Guidance
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What makes a good generative model?
The generative learning trilemma

Generative 
Adversarial 

Networks (GANs)

Denoising 
Diffusion 
Models

Often requires 1000s of 
network evaluations!

Likelihood-based models 
(Variational Autoencoders 

& Normalizing flows)

High 
Quality 
Samples

Mode 
Coverage/ 
Diversity

Fast 
Sampling

Tackling the Generative Learning Trilemma with Denoising Diffusion GANs, ICLR 2022
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What makes a good generative model?
The generative learning trilemma

High 
Quality 
Samples

Mode 
Coverage/ 
Diversity

Fast 
Sampling

Tackle the trilemma by accelerating diffusion models

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

Advanced 
ODE/SDE 
Solvers

Distillation 
Techniques

Low-dim. 
Diffusion 
Processes

Advanced 
Diffusion 
Processes

Forward diffusion process (fixed)
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Acceleration Techniques

Advanced 
ODE/SDE 
Solvers

Distillation 
Techniques

Low-dim. 
Diffusion 
Processes

Advanced 
Diffusion 
Processes
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Generative ODEs
Solve ODEs with as little function evaluations as possible

ODE Trajectories

!" = $! ", & !&



54 

Generative ODEs
Solve ODEs with as little function evaluations as possible

ODE Trajectories

!" = $! ", & !&

First Truncated Taylor method
(Euler Method)

Song et al., "Denoising Diffusion Implicit Models (DDIM)", ICLR 2021
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Generative ODEs
Solve ODEs with as little function evaluations as possible

ODE Trajectories

!" = $! ", & !&

First Truncated Taylor method
(Euler Method)

Higher order methods
(RK4, Multistepping, Heun)

Approximate the higher order terms numerically
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A Rich Body of Work on ODE/SDE Solvers for Diffusion Models
• Runge-Kutta adaptive step-size ODE solver:

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

• Higher-Order adaptive step-size SDE solver:
• Jolicoeur-Martineau et al., “Gotta Go Fast When Generating Data with Score-Based Models”, arXiv, 2021

• Reparametrized, smoother ODE:
• Song et al., “Denoising Diffusion Implicit Models”, ICLR, 2021
• Zhang et al., "gDDIM: Generalized denoising diffusion implicit models", arXiv 2022

• Higher-Order ODE solver with linear multistepping:
• Liu et al., “Pseudo Numerical Methods for Diffusion Models on Manifolds”, ICLR, 2022

• Exponential ODE Integrators:
• Zhang and Chen, “Fast Sampling of Diffusion Models with Exponential Integrator”, arXiv, 2022
• Lu et al., “DPM-Solver: A Fast ODE Solver for Diffusion Probabilistic Model Sampling in Around 10 Steps”, NeurIPS, 2022
• Lu et al., "DPM-Solver++: Fast Solver for Guided Sampling of Diffusion Probabilistic Models", NeurIPS 2022

• Higher-Order ODE solver with Heun’s Method:
• Karras et al., “Elucidating the Design Space of Diffusion-Based Generative Models”, NeurIPS, 2022

• Many more:
• Zhao et al., "UniPC: A Unified Predictor-Corrector Framework for Fast Sampling of Diffusion Models", arXiv 2023
• Shih et al., "Parallel Sampling of Diffusion Models", arxiv 2023
• Chen et al., "A Geometric Perspective on Diffusion Models", arXiv 2023
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Acceleration Techniques

Advanced 
ODE/SDE 
Solvers

Distillation 
Techniques

Low-dim. 
Diffusion 
Processes

Advanced 
Diffusion 
Processes
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ODE Distillation

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

Can we train a neural network to directly predict      given     ? 



61 

Progressive Distillation

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

• Distill a deterministic ODE 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 
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Progressive Distillation in Latent Space

Meng et al., "On Distillation of Guided Diffusion Models", CVPR 2023 (Award Candidate)
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Consistency Distillation

Points on the same trajectory should generated the same

Assume                is the current estimation of 

Basic idea: 

• Find  and       on a trajectory by solving generative ODE in

• Minimize:

Song et al., Consistency Models, ICML 2023
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SDE Distillation

Generation with Reverse Diffusion SDE
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q(xT )

Can we train a neural network to directly predict distribution of       given     ? 
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Advanced Approximation of Reverse Process
Normal assumption in denoising distribution holds only for small step

Requires more complicated functional approximators!

Denoising Process with Uni-modal Normal Distribution

NoiseData

NoiseData

Xiao et al., “Tackling the Generative Learning Trilemma with Denoising Diffusion GANs”, ICLR 2022.
Gao et al., “Learning energy-based models by diffusion recovery likelihood”, ICLR 2021.

GANs used by Xiao et al.

Energy-based models by Gao et al.
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Training-based Sampling Techniques

• Knowledge distillation:

• Luhman and Luhman, Knowledge Distillation in Iterative Generative Models for Improved Sampling Speed, arXiv 2021

• Learned Samplers:

• Watson et al., "Learning Fast Samplers for Diffusion Models by Differentiating Through Sample Quality", ICLR 2022

• Neural Operators:

• Zheng et al., Fast Sampling of Diffusion Models via Operator Learning, ICML 2023

• Wavelet Diffusion Models:

• Phung et al., "Wavelet Diffusion Models Are Fast and Scalable Image Generators", CVPR 2023

• Distilled ODE Solvers:

• Dockhorn et al., "GENIE: Higher-Order Denoising Diffusion Solvers", NeurIPS 2022
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Cascaded Generation
Pipeline

Cascaded Diffusion Models outperform Big-GAN in FID and IS and VQ-VAE2 in Classification Accuracy Score.

Ho et al., “Cascaded Diffusion Models for High Fidelity Image Generation”, 2021. 
Ramesh et al., “Hierarchical Text-Conditional Image Generation with CLIP Latents”, arXiv 2022. 
Saharia et al., “Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding”, arXiv 2022. 
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Latent Diffusion Models
Variational autoencoder + score-based prior

Vahdat et al., “Score-based generative modeling in latent space”, NeurIPS 2021.

Encoder

Decoder

Data

Reconst.

Latent Space Forward Diffusion

Latent Space Generative Denoising

Variational Autoencoder Denoising Diffusion Prior

Main Idea

Encoder maps the input data to an embedding space

Denoising diffusion models are applied in the latent space
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Latent Diffusion Models
Variational autoencoder + score-based prior

Encoder

Decoder

Data

Reconst.

Latent Space Forward Diffusion

Latent Space Generative Denoising

Variational Autoencoder Denoising Diffusion Prior

Advantages:

(1) The distribution of latent embeddings close to Normal distribution à Simpler denoising, Faster synthesis! 

(2) Latent space à More expressivity and flexibility in design! 

(3) Tailored Autoencoders à More expressivity, Application to any data type (graphs, text, 3D data, etc.) !

Vahdat et al., “Score-based generative modeling in latent space”, NeurIPS 2021.
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Latent Diffusion Models
End-to-End Training objective

Vahdat et al., “Score-based generative modeling in latent space”, NeurIPS 2021.

L(x,�,✓, ) = Eq�(z0|x) [� log p (x|z0)]+KL(q�(z0|x)||p✓(z0))
= Eq�(z0|x) [� log p (x|z0)]| {z }

reconstruction term

+Eq�(z0|x) [log q�(z0|x)]| {z }
negative encoder entropy

+Eq�(z0|x) [� log p✓(z0)]| {z }
cross entropy

<latexit sha1_base64="lMor3w/+HQwkdqsroPydDdWO+fY="></latexit>

Trainable 
score function

Diffusion
kernel

Constanttime 
sampling

Forward 
diffusion

Encoder

Decoder

Data

Reconst.

Latent Space Forward Diffusion

Latent Space Generative Denoising
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Latent Diffusion Models

The seminal work from Rombach et al. CVPR 2022:

• Two stage training: train autoencoder first, then train the diffusion prior

• Focus on compression without of any loss in reconstruction quality

• Demonstrated the expressivity of latent diffusion models on many conditional problems

The efficiency and expressivity of latent diffusion models + open-source access fueled a large body of work in the community

Two-stage Training

Encoder

Decoder

Data

Reconst.

Latent Space Forward Diffusion

Latent Space Generative Denoising

Rombach et al., “High-Resolution Image Synthesis with Latent Diffusion Models”, CVPR 2022.  
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Additional Reading

More on low-dimensional diffusion models:

• Sinha et al., "D2C: Diffusion-Denoising Models for Few-shot Conditional Generation", NeurIPS 2021

• Daras et al., "Score-Guided Intermediate Layer Optimization: Fast Langevin Mixing for Inverse Problems", ICML 2022

• Zhang et al., “Dimensionality-Varying Diffusion Process”, arXiv 2022.
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ODE interpretation
Deterministic generative process

• DDIM sampler can be considered as an integration rule of the following ODE:

• Karras et al. argue that the ODE of DDIM is favored, as the tangent of the solution trajectory always points 
towards the denoiser output. 

• This leads to largely linear solution trajectories with low curvature à Low curvature means less truncation 
errors accumulated over the trajectories. 

Song et al., “Denoising Diffusion Implicit Models”, ICLR 2021.
Karras et al., “Elucidating the Design Space of Diffusion-Based Generative Models”, arXiv 2022.
Salimans & Ho, “Progressive distillation for fast sampling of diffusion models”, ICLR 2022. 
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“Momentum-based” diffusion 
Introduce a velocity variable and run diffusion in extended space

Main idea: Inject noise only into    , faster mixing 
through Hamiltonian component! 

<latexit sha1_base64="D0SbyTGrwHJr685xEyt8PyDkkXs=">AAAB83icbVDLSsNAFL2pr1pfVZdugkVwVRIp6rLoxmUF+4AmlMl00g6dTMLMTaGE/oYbF4q49Wfc+TdO2iy09cDA4Zx7uWdOkAiu0XG+rdLG5tb2Tnm3srd/cHhUPT7p6DhVlLVpLGLVC4hmgkvWRo6C9RLFSBQI1g0m97nfnTKleSyfcJYwPyIjyUNOCRrJ8yKC4yDMpvMBDqo1p+4sYK8TtyA1KNAaVL+8YUzTiEmkgmjdd50E/Ywo5FSwecVLNUsInZAR6xsqScS0ny0yz+0LowztMFbmSbQX6u+NjERaz6LATOYZ9aqXi/95/RTDWz/jMkmRSbo8FKbCxtjOC7CHXDGKYmYIoYqbrDYdE0UompoqpgR39cvrpHNVd6/rjcdGrXlX1FGGMziHS3DhBprwAC1oA4UEnuEV3qzUerHerY/laMkqdk7hD6zPH4/Mkgo=</latexit>vt

Dockhorn et al., “Score-Based Generative Modeling with Critically-Damped Langevin Diffusion”, ICLR 2022.
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Additional Reading
• Schrödinger Bridge:

• Bortoli et al., "Diffusion Schrödinger Bridge", NeurIPS 2021
• Chen et al., “Likelihood Training of Schrödinger Bridge using Forward-Backward SDEs Theory”, ICLR 2022

• Diffusion Processes on Manifolds:

• Bortoli et al., "Riemannian Score-Based Generative Modelling", NeurIPS 2022

• Cold Diffusion:

• Bansal et al., "Cold Diffusion: Inverting Arbitrary Image Transforms Without Noise", arXiv 2022

• Diffusion for Corrupted Data:

• Daras et al., "Soft Diffusion: Score Matching for General Corruptions", TMLR 2023
• Delbracio and Milanfar, "Inversion by Direct Iteration: An Alternative to Denoising Diffusion for Image Restoration", arXiv 2023
• Luo et al., "Image Restoration with Mean-Reverting Stochastic Differential Equations", ICML 2023
• Liu et al., “I2SB: Image-to-Image Schrödinger Bridge”, ICML 2023

• Blurring Diffusion Process:

• Hoogeboom and Salimans, "Blurring Diffusion Models", ICLR 2023
• Rissanen et al, “Generative Modelling With Inverse Heat Dissipation”, ICLR 2023
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Outline

Part (1): Denoising Diffusion Probabilistic Models

Part (2): Score-based Generative Modeling with Differential Equations

Part (3): Accelerated Sampling

Part (4): Conditional Generation and Guidance
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Impressive Conditional Diffusion Models
Text-to-image generation

“a propaganda poster depicting a cat dressed as french 
emperor napoleon holding a piece of cheese”

“A photo of a raccoon wearing an astronaut helmet, 
looking out of the window at night.”

DALL·E 2 IMAGEN

Ramesh et al., “Hierarchical Text-Conditional Image Generation with CLIP Latents”, arXiv 2022. 
Saharia et al., “Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding”, arXiv 2022. 
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Explicit Conditional Training

Conditional sampling can be considered as training            where y is the input conditioning (e.g., text) and x is generated 
output (e.g., image)

Train the score model for x conditioned on y using:

The conditional score is simply a U-Net with xt and y together in the input. 
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Classifier Guidance: Bayes’ Rule in Action

Recall that when sampling from a conditional model             we basically need an estimation of 

Using Bayes’ rule, we have:

Introduce a guidance scale (w):

Score modelClassifier gradient

Song et al., “Score-Based Generative Modeling through Stochastic Differential Equations”, ICLR, 2021
Nie et al., “Controllable and Compositional Generation with Latent-Space Energy-Based Models”, NeurIPS 2021
Dhariwal and Nichol, “Diffusion models beat GANs on image synthesis”, NeurIPS 2021. 
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Classifier-free guidance
Get guidance by Bayes’ rule on conditional diffusion models

• Recall that classifier guidance requires training a classifier.

• Using Bayes’ rule again:

• Instead of training an additional classifier, get an “implicit classifier” by jointly training a conditional and unconditional 
diffusion model. In practice, the conditional and unconditional models are trained together by randomly dropping the 
condition of the diffusion model at certain chance. 

• The modified score with this implicit classifier included is:

Conditional diffusion model Unconditional diffusion model

Ho & Salimans, “Classifier-Free Diffusion Guidance”, 2021. 
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Classifier-free guidance
Trade-off for sample quality and sample diversity

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

Non-guidance ! = 1 ! = 3

Large guidance weight (!) usually leads to better individual sample quality but less sample diversity.
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Summary

We reviewed diffusion fundamentals in 4 parts:

• Discrete-time diffusion models

• Continuous-time diffusion models 

• Accelerated sampling from diffusion models

• Guidance and conditioning.

Next, we will review different applications and use cases of diffusion models after a break. 
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Small Announcement
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Thanks!

https://cvpr2023-tutorial-diffusion-models.github.io/

@ArashVahdat


