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SCAN ME!

TL;DR: Stable training from scratch, SOTA samples via one-step sampling
(cf. GAN, diffusion distillation, consistency training)

Preliminaries: Diffusion Models Solutions for One-Step Generative Modeling
Data distribution t=s t=u Gaussian distribution Learning Generation Training Requires
Forward diffusion process principle complexity dynamics pretrained model?
dxt V20t Diffusion model Denoising T>1  Stable No
\ score matching

Diffusion distillation ~ everse KLD T>1  Stable Yes
minimization
(‘ AN Minimize JSD _
\ p(Xs) Xu p(x1) G w/ discriminator r=1 Unstable No

(%0) . -
Consistency training Emulate T>1 Unstable No
Reverse dlfoSlon process Consistency distillation PF ODE paths - Stable Yes

_ : SMT (from scratch) Minimize a-JSD B No
dx, = —20(t)5(t)Vx, log p(x¢)dt + /20(t)5 (t)dw SMD (distillation) w/ score of mixture r=d Stable Yes

“noisy scores”
We can achieve the BEST of ALL WORLDS!

Idea 1. Minimizing New Statistical Divergences

Idea 2. Gradient Update with Score of Mixture Estimation

Idea: Learn noisy scores & emulate reverse process

(+) Stable training (via denoising score matching & multi-noise-level training)

A | amortized A
x N | score network So(xt;t) & Vi, log p(xt) . SMT/SMD on ImageNet 64x64
I Experlments —t— SMT (scratch)
. . 1 —e— SMD (distillation)
N(0, 021) Can train stably with '
¢ denoising score matching ImageNet 64x64 CIFAR-10 32x32
t Method #params NFE FID| #params NFE FID|
. . . ) Training from scratch: Diffusion models a 101 A
(+) High-quality samples (noisy scores can be estimated accurately) DDPM (Ho et al., 2020) DT M 1000 317 0
] _ . ADM (Dhariwal & Nichol, 2021) 296M 250 2.07 . = .
(=) Emulating reverse process is slow and expensive EDM (Karras etal, 2022b) 206M 512 136 S6M 35 197
Training from scratch: One-step models
CT (Song et al., 2023) 296M 1 130 56M 1 870
. . . iCT (Song & Dhariwal, 2024a) 296M 1 4.02 56M 1 2.83 e eletote ot e TeTeleratorator TNV
Goal. One-Step Generatlve MOdEIlng iCT-deep (Song & Dhariwal, 20242)  592M! 1 [325' 112M 1 251 e 50 75 100 135 150 195 200
ECT (Geng et al., 2024) 280M 1 5.51 56M 1 3.60 ' ' t. L ¢ ' ' >'<1 04 '
SMT (ours) 296M 1 323 56M 1 313 raining steps
_________________________ Diffusion distillation
: XT PD (Salimans & Ho, 2022) 296M 1 107  60M 1 912
; TRACT (Berthelot et al., 2023) 296M 1 743  56M 1 378
D [T~——] CD (LPIPS) (Song et al., 2023) 296M 1 620 56M 1 453
. Diff-Instruct (Luo et al., 2024a) 296M 1 557 56M 1 453
‘ — 8o > MultiStep-CD (Heek et al., 2024) 1200 1 320 - - -
: DMD w/o reg (Yin et al., 2024b) 296M 1 5.60 56M 1 5.58
U L DMD?2 w/ GAN (Yin et al., 2024a) 296M 1 151 56M 1 243
I MMD (Salimans et al., 2024) 400M 1 3.00 - . .
! neural SiD (Zhou et al., 2024) 296M 1 152  56M 1 192
' - SiM (Luo et al., 2024b) - - - 56M 1 202
network : SMD (ours) . 2%6M 1148  S5eM 1 222
q (Z) """"""""""""" do (X) p(X) w/ expensive regularizer or finetuning
CTM (Kim et al., 2024) 296M 1 192  56M 1 198
noise distribution fake distribution data distribution DMD w/ reg (Yin et al., 2024b) 2SGML LA SO, 2600 :
PMD? (incined) (R coata dite)  290M ! 18 _ _ Samples from SMT on ImageNet64x64. (Unique class per row.)
~ — i
We want gg = p with T =1 SOTA for ImageNet 64x64, competitive result for CIFAR-10
(cf. T = (a few hundreds) for diffusion models) (Bonus: we can also support distillation!)

Idea 1 (for Generator Training Objective):
Minimizing New Statistical Divergences

New statistical divergence: o-skew Jensen-Shannon divergence (a € [0,1])

) 1 1
DY (p, g0) 2 TPk (p H ap+ (1 — 04)(19) + — Dk (q@ H ap + (1 — Oé)q@)
* Well-defined even for non-overlapping supports mode-seeking
* Interpolating — P

..... argming Dx.(qe || p)

——. argming Dix.(p || o)

° a=0: Dk.(qe || p) (reverse KL)

° a= %: Dis(p, q9) (Jensen-Shannon)
° a=1: DKL(p || qQ) (forward KL)

mode-covering

* Different a enforce different support matching property

«

Intuition: Promote better support matching

Our generator objective function: / by both & gaussian diffusion
0
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Idea 2 (for Generator Gradient Estimation):
Gradient Estimate with Score of Mixture Distribution

generator

VQD( )(p, q9) = lEq(z) [Vege(z) (SH;O(X) — Se;a(X)>

X=gg (z)}

So:0 () £ Vx log(ap(x) + (1 — a)ge(x))
/ doubly \

x :Gf/ » amortized [—— Sy, (x4t o) =~ SG;a(Xt3 t)

score network

N(0,02T) I I Can train stably with
t o a “simple variant” of
\_ denoising score matching /

Our Proposal: Score-of-Mixture Training (SMT)

KGenerator (gg) update with freeze
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* Amortized score model (s,,(X¢; t, a)) update with /freeze
\ vlb]Ep(oz)p(t) ['Cscore (ZD, 0; t, Oé)]
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