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Diffusion Models

Forward SDE (data — noise)
@ dx = £(x, t)dt + g(t)dw >@
I » Getting noise from data is easy (Forward SDE).
: : : = & . - Generating data by reversing the forward process.
. . sr; funlﬂn E—
dx = [£(x,t) - f{:{vx lﬂgp;[xq] dt + g(t)dw @

Reverse SDE (noise — data)

Image from Song et al., 2020

Estimating the score function by Denoising Score matching (Vincent 2010).

0° = argﬂmin IE;{A(HIE;B”EI”Z[, ||se(®,t) — Vg, lﬂﬁﬁm(iﬂﬂmﬂ}llg] }



Motivation: Beyond Diffusion ODE and Diffusion SDE

Diffusion ODE

1 .
dz, = |f (e — 50*(t) Ve logpi(a,) | dt, @7 ~ pr(ar)
- Pros: Faster convergence.

I Cons: Sub-optimal results
when NFE is large.

Deterministicsampler: DDIM, PNDM, DEIS, DPM-Solver, UniPC.

Diffusion SDE

dz; = [f[f-}fﬂ: - y?{f}?m log py (x4 ]] dt + g(t)dw, xp ~ pr(TT)  Pros: Slower convergence.
Cons: Optimal results when
NFE is large.

Stochastic sampler: DDPM, Gotta Go Fast, Analytic-DPM.

Can we design sampling algorithm which shares fast convergence and optimal sampling results?



SA-Solver: Stochastic Adams Solver for Fast Sampling
of Diffusion Models
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Can we design sampling algorithm which shares fast convergence and optimal sampling results?

Yes!
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Can we design sampling algorithm which shares fast convergence and optimal sampling results?
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Contribution 1: Variance-Controlled Diffusion SDE

Variance-Controlled Diffusion SDE, which extends the reverse process of diffusion models.

da; = [f{!}:ﬂ: - (i ,: ”).rf"’{f]?m fﬂﬁﬂrimd] dt +{7(t)g(t)dw,, @7~ prler)

Degenerate to Diffusion ODE or Diffusion SDE when t(t) = 0 or T(t) = 1.

Shares the same marginal probability distribution with Diffusion ODE and Diffusion SDE!

With Variance-Controlled Diffusion SDE, we can add proper scale of noise in the sampling process with
limited NFEs.



Contribution 2: Deriving analytical solution for
Variance-Controlled Diffusion SDE.

Variance-Controlled Diffusion SDE

dx, =
I 3

L Hr= () - |
f(t)x, — ( ha }) g-(t) Vg ]U?-‘Q.f-'!{m:ﬂ dt Hr(t)g(t)dw,, xp ~ prizr)

Compute its analytical solution

Tt [ 22(X)d) | )I Follows a normal distribution with analytical
o [n‘ﬁ ‘ s +0tFe(s,t) HoG(s, t variance which can be directly simulated!

/ \

Exponential Integrator (Semi-linear structure _ o (M 20545
in SDE) 01G(s,1) mh"(n.af(l —e 2T {Mf“*))




Contribution 3: Introducing Stochastic Adams Method
as discretization scheme for SDEs.

Variance-Controlled Diffusion SDE

| = (¢ y
ft)x, — ( +:: { }) g () Vg ]H:.Lp,l[m;ﬂ dt Hr(thg(t)dw,, xp ~ prlzr)

dx, =

How to solve this SDE?

Stochastic Adams Method utilizes 1 Model Evaluations per step; Better for Limited NFEs
Stochastic Runge-Kutta Method utilizes 2/3/more (depends on order) Model Evaluations per step;

Additional improvement:

Exponential Integrator and Analytical computed variance in Contribution 2.
Using Stochastic Adams-Bashforth Method (Explicit Method) as Predictor and Stochastic Adams-Moulton
Method as Corrector to incorporate with Predictor-Corrector Method.



Overall pipeline

Algorithm 1 SA-Solver

. o . A . s .
Require: data prediction model xg, timesteps {{; }iiu, initial value x;, predictor step s, corrector

S o
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return x,

step s., buffer B to store former evaluation of a@g, 7() to control variance.

buffer
— IEE(E'I;H._ fu}
: fori = 1to max(s,,s.)do > Warm-up
sample & ~ N(0, 1)
calculate steps for warm-up s7' = min(i, s, ), s;* = min(i, s.)
xy ¢ s)'-step SA-Predictor(x,, ,, B, §) (Eq. (14)) > Prediction Step
B Qulter xo(xy ,t;) > Evaluation Step
x;, « s.'-step SA-Corrector(zy . x,_,, B, §) (Eq. (17)) > Correction Step
. for i = max(sy,s.)+ 1to M do
sample & ~ N(0,1)
:‘cf{ — s,-step SA-Predictor(x;, ,.B.§) (Eq. (14)) > Prediction Step
B & xg(xy ,t;) > Evaluation Step
xy, + sc-step SA-Corrector(z} ,x,, ,, B, &) (Eq. (17)) > Correction Step




Experiments: SOTA
Diffusion Model
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Experiments on Text-to-Image Tasks Model: SD v1.5
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Summary

We propose Variance-Controlled Diffusion SDE, which extends the reverse process of Diffusion Model.

* We propose a Fast SDE Solver which shares fast convergence and optimal results.

* Code will be released soon on GitHub!



