
Score Estimation:

Score Matching (Hyvärinen 2005):

• Denoising Score Matching (Vincent 2010)

• Sliced Score Matching (Song et al. 2019)

Langevin dynamics:

Ill-defined Scores:

• The data distribution is supported on a low 
dimensional manifold

• The data distribution is discrete

Low Data Density Regions:

Inaccurate score estimation:

Slow mixing of Langevin dynamics:
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Generative Modeling by Estimating Gradients of the Data Distribution

• We propose score-based 
generative modeling as a new 
framework for building generative 
models, where we first estimate 
the gradient of data distribution 
and then sample with Langevin 
dynamics.

• We analyze a straightforward 
implementation of score-based 
generative models and pinpoint 
several pitfalls.

• We propose the noise conditional 
score network (NCSN) and 
annealed Langevin dynamics to 
improve score-based generative 
modeling.

• Experimentally, we show that our 
approach can generate high 
quality images that were 
previously only produced by the 
best likelihood-based models or 
GANs. We achieve the new state-
of-the-art inception score on 
CIFAR-10, and an FID score 
comparable to SNGANs.

Code:

{x1,x2, · · · ,xN} i.i.d.⇠ pdata(x)
<latexit sha1_base64="gAmgSnAmjX02UscMwtTc53UHIv8="></latexit>

rx log pdata(x)
<latexit sha1_base64="DbRlY6Chp6fWi5fEPqWUhYsubBg="></latexit>

(Score)

s✓(x) : RD ! RD
<latexit sha1_base64="kdpwsLwXE29eCKALIjrbjhWa7uE="></latexit>

(Score Model)

1

2
Ep(x)[krx log p(x)� s✓(x)k22]

<latexit sha1_base64="R4tcWDHFEOEmSC49YDwpvxs4MiQ="></latexit>

?

Ep(x)


1

2
ks✓(x)k22 + tr( rxs✓(x)| {z }

Jacobian of s✓(x)

)

�

<latexit sha1_base64="WsGPl77dEJjfwvVg7aiY0zmVp+I="></latexit>

(integration by parts)

Noise Conditional Score Networks (NCSN):

Annealed Langevin dynamics:

N (0; 0.0001)
<latexit sha1_base64="vEY8ql2iNttGkThU0QQkbKB7+rI="></latexit>

�1 > �2 > · · · > �L�1 > �L
<latexit sha1_base64="QUR8Lkz7u2GbfaIh0slXeHTikyA="></latexit>

s✓(x,�) ⇡ rx log q�(x)
<latexit sha1_base64="iAFo0BsoFrrSd644GbNVos6BhV8="></latexit>

(NCSN)

L{�i}L
i=1

(✓) = �(�1)`�1(✓) + �(�2)`�2(✓) + · · ·+ �(�L)`�L(✓)
<latexit sha1_base64="KI6cghJ/CkUyTGflQLptSmEwU50="></latexit>

(Objective: mixture of score matching)

Gaussian Perturbation: 

Unstable!

Inception and FID scores Sampling procedure

Inpainting CelebA images Inpainting CIFAR-10 images

Inaccurate Inaccurate

pdata(x) = ⇡p1(x) + (1� ⇡)p2(x)
<latexit sha1_base64="y0ctmEUto1KE9Mb5DpQIR0iq3CQ="></latexit>

rx log pdata(x) = rx log p1(x)
<latexit sha1_base64="2Srub3cBFocUIS3pzdmXcN2dkW8="></latexit>

rx log pdata(x) = rx log p2(x)
<latexit sha1_base64="2ApvTBY4M4cMzpk9iQNN6hcpXgk="></latexit>

No 𝜋
No 𝜋

Score Model

x̃0 ⇠ ⇡(x)
<latexit sha1_base64="WtUcMCFuLJMtiW7rXJeaYajj8n8="></latexit>

t 1, 2, · · · , T
<latexit sha1_base64="yGPjjbujeJ1KxVZeNLMzRzo3T9I="></latexit>

zt ⇠ N (0, I)

x̃t  x̃t�1 +
✏

2
rx log p(x̃t�1) +

p
✏ zt

<latexit sha1_base64="EzX1cVt0SrdY+tbB/E0A2o8PrXY="></latexit>

• Initialize

• Repeat for 

Samples

Densities Samples Scores

Unstable! Stable!

w/o noise w/ noise

Support of 𝑝#
Support of 𝑝$

Disjoint!

Incorrect weights!

Correct weights!

(approximate with          !) 


