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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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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

<latexit sha1_base64="lDCaNxKXROLX0jyLy8aIiHpXCsA="></latexit>

dxt

dt
= f(t)xt �

1

2
g(t)2rxt log qt(xt)



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
<latexit sha1_base64="3rOJeVhxevVWHhnANEldB12y6M8=">AAACIHicbZDLSsNAFIYnXmu9RV26CRahBSmJqHWhUHCjG6lgL9CUMplO2qGTSZyZCCXmUdz4Km5cKKI7fRonaRRt/WHg5zvnMOf8TkCJkKb5oc3Mzs0vLOaW8ssrq2vr+sZmQ/ghR7iOfOrzlgMFpoThuiSS4lbAMfQcipvO8CypN28xF8Rn13IU4I4H+4y4BEGpUFev3BRtHAhCfVY6tT0oBwjS6DL+oXcpdNzIjPe+7UVc6uoFs2ymMqaNlZkCyFTr6u92z0ehh5lEFArRtsxAdiLIJUEUx3k7FDiAaAj7uK0sgx4WnSg9MDZ2FekZrs/VY9JI6e+JCHpCjDxHdSYrislaAv+rtUPpHnciwoJQYobGH7khNaRvJGkZPcIxknSkDEScqF0NNIAcIqkyzasQrMmTp01jv2wdlQ+vDgrVkyyOHNgGO6AILFABVXAOaqAOELgHj+AZvGgP2pP2qr2NW2e0bGYL/JH2+QXJn6P6</latexit>

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
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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
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Empirical Results
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