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Diffusion Models in 2020 (Nonequilibrium Thermodynamics)

[1] Sohl-Dickstein et al. Deep Unsupervised Learning using Nonequilibrium Thermodynamics. ICML 2015
[2] Ho et al. Denoising Diffusion Probabilistic Models. NeurIPS 2020



Diffusion Models in 2020 (Annealed Langevin Dynamics)

[3] Song & Ermon. Generative Modeling by Estimating Gradients of the Data Distribution. NeurIPS 2019
[4] Song & Ermon. Improved Techniques for Training Score-Based Generative Models. NeurIPS 2020

EBMs (BP through CNNs) → Score-based models (U-Nets)



Diffusion Models in 2021 (Stochastic Differential Equations)

[5] Song et al. Score-Based Generative Modeling through Stochastic Differential Equations. ICLR 2021

• Drift coefficient 𝑓
• Diffusion coefficient 𝑔



Diffusion Processes
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x0 ⇠ q0(x0), q0t(xt|x0) = N (xt|↵tx0,�
2
t I)

Forward process (transition distribution):
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dxt = f(t)xtdt+ g(t)d!t

Forward process (SDE):
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Diffusion Processes

Reverse process (SDE):

Reverse process (ODE):

<latexit sha1_base64="MltyaacYJmM33SG+umQhHZlXGVA="></latexit>

dxt =
⇥
f(t)xt � g(t)2rxt log qt(xt)
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dt+ g(t)d!t
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Training DPMs by Score Matching 
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Training DPMs by Denoising Score Matching 

<latexit sha1_base64="QMQd+HelYVOedxOG1KhzCodgeY0="></latexit>
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xt = ↵tx0 + �t✏where                                      and
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q(✏) = N (✏|0, I)



The Stochastic Process of Data Score is a Martingale 

<latexit sha1_base64="0mhabTLNxBg5Luo2pnwjjJol8/k="></latexit>

Eqt(xt) [rxt log qt(xt)] = 0Leads to concentration bounds and naturally 



Calibrating DPMs

<latexit sha1_base64="0mhabTLNxBg5Luo2pnwjjJol8/k="></latexit>

Eqt(xt) [rxt log qt(xt)] = 0Although              

Typically there is

So we calibrate DPMs into 
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Calibrating DPMs

<latexit sha1_base64="wTMXcIIPSKuEBXri0xirSBZQFj4="></latexit>
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⇤
Given any pretrained DPM, we can calibrate it as:
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Likelihood of Calibrating DPMs: SDE Solver
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Marginal distribution
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Likelihood of Calibrating DPMs: SDE Solver

Marginal distribution
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Likelihood of Calibrating DPMs: SDE Solver
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Upper bound reduced by calibration



Likelihood of Calibrating DPMs: ODE Solver
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Marginal distribution
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Likelihood of Calibrating DPMs: ODE Solver

Marginal distribution

<latexit sha1_base64="uvDAeTUnVx1tJ6mmi4Er7sOk/7A="></latexit>

dxt

dt
= f(t)xt �

1

2
g(t)2(st✓(xt)� ⌘t)

<latexit sha1_base64="n4Xxpa7ep1od4kBgARKUrUIioYA=">AAACJ3icbVDLSsNAFJ34flt16SZYhIpSEvEFuhBUcKeCtYUmlsn0th2cPJi5kZaQj/Az/AK3+gXuRJcu/A8nbRZqPTDDmXPu5d45XiS4Qsv6MEZGx8YnJqemZ2bn5hcWC0vLNyqMJYMKC0Uoax5VIHgAFeQooBZJoL4noOrdnWR+9R6k4mFwjb0IXJ+2A97ijKKWGoXNqJFgeps4CF2UfnJxepampW4mHjrYAaRbjr6y90ajULTKVh/mMLFzUiQ5LhuFL6cZstiHAJmgStVtK0I3oRI5E5DOOLGCiLI72oa6pgH1QblJ/1Opua6VptkKpT4Bmn31Z0dCfaV6vqcrfYod9dfLxP+8eoytAzfhQRQjBGwwqBULE0MzS8hscgkMRU8TyiTXu5qsQyVlqHP8NaU7WFXnYv9NYZjcbJftvfLu1U7x+ChPaIqskjVSIjbZJ8fknFySCmHkgTyRZ/JiPBqvxpvxPigdMfKeFfILxuc3H0KoAg==</latexit>

pODE

t (xt; ✓, ⌘t)

<latexit sha1_base64="fv2hFM60W5VjAY5yRqUEVMsjqTY="></latexit>

DKL

�
q0kpODE

0
(✓, ⌘t)

�
⇡ JSM(✓, ⌘t; g(t)

2) +DKL (qT kpT )



Empirical Results
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