
Idea: Learn noisy scores & emulate reverse process
(+) Stable training (via denoising score matching & multi-noise-level training)

(+) High-quality samples (noisy scores can be estimated accurately)
(−) Emulating reverse process is slow and expensive
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Experiments

Goal: One-Step Generative Modeling

Data distribution Gaussian distribution

Preliminaries: Diffusion Models

Can train stably with 
denoising score matching

We want 𝒒𝜽 ≈ 𝒑 with 𝑻 = 𝟏
(cf. T ≈ (a few hundreds) for diffusion models)

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

Forward diffusion process

Reverse diffusion process
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“noisy scores”

Learning
principle

Generation
complexity

Training
dynamics

Requires 
pretrained model?

Diffusion model Denoising 
score matching 𝑇 > 1 Stable No

Diffusion distillation Reverse KLD
minimization 𝑇 ≥ 1 Stable Yes

GAN Minimize JSD
w/ discriminator 𝑇 = 1 Unstable No

Consistency training
Consistency distillation

Emulate 
PF ODE paths 𝑇 ≥ 1 Unstable

Stable
No
Yes

SMT (from scratch)
SMD (distillation)

Minimize 𝛼-JSD 
w/ score of mixture 𝑇 = 1 Stable No

Yes

Solutions for One-Step Generative Modeling

neural
network

×"

We can achieve the BEST of ALL WORLDS!
Idea 1. Minimizing New Statistical Divergences 

              Idea 2. Gradient Update with Score of Mixture Estimation

Samples from SMT on ImageNet64x64. (Unique class per row.)

SOTA for ImageNet 64x64, competitive result for CIFAR-10
(Bonus: we can also support distillation!)

Idea 2 (for Generator Gradient Estimation): 
Gradient Estimate with Score of Mixture Distribution

Can train stably with
a “simple variant” of 

denoising score matching

generator

<latexit sha1_base64="JrdpbcBmQMpFHMbi8ScjobvwTME="></latexit>

s✓;↵(x) , rx log
�
↵p(x) + (1� ↵)q✓(x)

�
score of !-mixture distribution

<latexit sha1_base64="cm6VcL6q7tV96K0aXM36zTVfTOg="></latexit>

r✓D
(↵)
JS (p, q✓) =

1

↵
Eq(z)

h
r✓g✓(z)

⇣
s✓;0(x)� s✓;↵(x)

⌘���
x=g✓(z)

i

<latexit sha1_base64="tU8bItK2cwXINHLm/4CgkYN4AWU=">AAACHXicbVC7SixBEO3x7V6vrhqaNC6CN1lmLqIGioKJgYGCq8LOMtT01u429vQM3TXCMsyPmPgrJgaKGJiIf2PvI/B1oOH0OVVU1YkzJS35/rs3MTk1PTM7N1/5s/B3cam6vHJh09wIbIhUpeYqBotKamyQJIVXmUFIYoWX8fXRwL+8QWNlqs+pn2Erga6WHSmAnBRVtyqhhlhBFFIPCXiYAPUEqOKkjIrhxyRFF3VZbo4q/u3zg6ha8+v+EPwnCcakxsY4jaqvYTsVeYKahAJrm4GfUasAQ1IoLCthbjEDcQ1dbDqqIUHbKobXlXzDKW3eSY17mvhQ/dxRQGJtP4ld5WBf+90biL95zZw6u61C6iwn1GI0qJMrTikfRMXb0qAg1XcEhJFuVy56YECQC7TiQgi+n/yTXPyvB9v17bOt2uHeOI45tsbW2SYL2A47ZMfslDWYYLfsnj2yJ+/Oe/CevZdR6YQ37lllX+C9fQDFbaJU</latexit>

r✓Lgen(✓) =?

<latexit sha1_base64="aM43NxH9761JPJXvhrni6mporwo="></latexit>

s (xt; t,↵) ⇡ s✓;↵(xt; t)

• Generator (!!) update with

• Amortized score model (""($#; &, ()) update with
<latexit sha1_base64="A72PSHq7bJDXE1ZC8WpMssEoHC0="></latexit>

r Ep(↵)p(t)


Lscore( , ✓; t,↵)

�

freeze

freeze

<latexit sha1_base64="+K9AxLSjH537MIg/H6UElNEJfIY="></latexit>

r✓Lgen(✓) ⇡ Ep(↵)p(t)q(z)q(✏)

"
1

↵
r✓g✓(z)

⇣
s (xt; t,↵)� s (xt; t,↵)

⌘���
xt=g✓(z)+�t✏

#

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

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

• Well-defined even for non-overlapping supports

• Interpolating 
• 𝜶 = 0: 𝐷!"(𝑞# 	||	𝑝) (reverse KL)

• 𝜶 = $
%
: 𝐷&' 𝑝, 𝑞#  (Jensen-Shannon)

• 𝜶 = 1: 𝐷!"(𝑝	||	𝑞#) (forward KL)

• Different 𝛼 enforce different support matching property
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New statistical divergence: 𝛼-skew Jensen-Shannon divergence (𝛼 ∈ 0,1 )

mode-seeking

mode-covering
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Intuition: Promote better support matching
by both mixture & gaussian diffusionOur generator objective function:

SCAN ME!


