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Results Display: MR Sampler achieves stable performance with speedup factors ranging from 10 to 20.
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Background

« SDE of Diffusion Probabilistic Models
de = f(t)zdt + g(t)dw
« Two commonly used DPMs
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» Solving the probability flow ODE vyields a fast sampler
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Research Gap

* Mean-Reverting SDE
de = f(t)(p — x)dt + g(t)dw

* Image restoration with mean-reverting diffusion*
dx = 6, (u — x) dt + o, dw
Image Degradation SDE » x(T)

Noise

x(0)

u € ~ NV (0,1?)

Image Restoration SDE
dx = [0, (u— x) —of V. logp,(x)]dt + o, dW

» Samplers for DPM are not applicable
{ & = f(t)e — 34%(t)Va logpi ()

g = f(t)(n — =) — 38 (1) V2 logpy ()

- PF-ODE
. : de = [f(t)z — ¢*(t) Vs log pe ()] dt + g(t)dw
Reverse-time SDE { dz = [f(t)(r — =) — ¢*(t) Ve log py ()] dt + g(t)dw

*Ziwei Luo, Fredrik K Gustafsson, Zheng Zhao, Jens Sjdund, and Thomas B Sch&n. Image restoration with mean-reverting stochastic differential equations. arXiv preprint arXiv:2301.11699,

2023b.
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Fast Samplers with Noise Prediction

« PF-ODE with noise prediction |
da g% (t)
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» Reverse-time SDE with noise prediction
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* Solution
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» Estimate the integral part with exponential integrators*
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*Marlis Hochbruck and Alexander Ostermann. Exponential integrators. Acta Numerica, 19:209-286, 2010.
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Fast Samplers with Data Prediction

« PF-ODE with data prediction
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» Reverse-time SDE with noise prediction

da = (gi(-t) & f(t>) T [.f(t) a0 (,.,)] "- gi(-f)mwo<wf- t)+ g(t)dw

oy t
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Experiments LT I s 1o
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(a) Sampling results. (b) Trajectory. 7


https://yang-song.net/blog/2021/score/
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Experiments
« Numerical stability of two parameterizations

Sampler with noise prediction generate poor results in few NFEs.

« Condition of convergence for Taylor expansion
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Thanks for watching!

Paper on arxiv Code available



