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Introduction

I Image Generation on CIFAR-10
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Deep Generative Models

I Discriminative models vs Generative models

« Discriminative models: P(Y|X)E 222, decision boundaryE 3= 20| EH / classification

b
* Generative models: P(X) £ 222 GHIO|EQ X E &= Z10| X / data generation
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https://betterprogramming.pub/generative-vs-discriminative-models-d26def8fd64a




Deep Generative Models

I Deep Generative Models

O™ A

® GAN I-g |§|_ o
« VAE: 2™ LikelihoodZ Z|CH3} 6HX| 2&t

* Flow-based: S/t EXlot= X MT AE7tS

ol

GAN: minimax the o | | x Piseriminator 2 Generator Ao
classification error loss. D(x) G(z) x
VAE: maximize ELBO. x Sl z Decoder > x’
7 (2[x) po(x|2)
Flow-based
generative models: x _| Flow oz | Inverse .
inimi i " g "l -1 " X
minimize the negative f(x) f(=2)
log-likelihood

https://lilianweng.github.io/lil-log/2018/10/13/flow-based-deep-generative-models.html




Score—based Generative Models

I Generative Modeling by Estimating Gradients of the Data Distribution (Song et al., 2019)

* NeurlPS 2019
« 20224 02& 104 7|&: 23b3| 2l

Generative Modeling by Estimating Gradients of the
Data Distribution

Yang Song Stefano Ermon
Stanford University Stanford University
yangsong@cs.stanford.edu ermon@cs.stanford.edu
Abstract

We introduce a new generative model where samples are produced via Langevin
dynamics using gradients of the data distribution estimated with score matching.
Because gradients can be ill-defined and hard to estimate when the data resides on
low-dimensional manifolds, we perturb the data with different levels of Gaussian
noise, and jointly estimate the corresponding scores, i.e., the vector fields of
gradients of the perturbed data distribution for all noise levels. For sampling, we
propose an annealed Langevin dynamics where we use gradients corresponding to
gradually decreasing noise levels as the sampling process gets closer to the data
manifold. Our framework allows flexible model architectures, requires no sampling
during training or the use of adversarial methods, and provides a learning objective
that can be used for principled model comparisons. Our models produce samples
comparable to GANs on MNIST, CelebA and CIFAR-10 datasets, achieving a new
state-of-the-art inception score of 8.87 on CIFAR-10. Additionally, we demonstrate
that our models learn effective representations via image inpainting experiments.




Score—based Generative Models

I Overview
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Score—based Generative Models

I Overview
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Score—based Generative Models

I Score—-based Generative Models
* Score: EHESO| OIF

- &S CIOIH x0f CHet O]:=Z0]CH

7 Multivariate Normal
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Vielogp(x) = =271 (x — w)
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p(x) = Jlfexp (-3 G- - w)
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Score—based Generative Models

I Score-based Generative Models

HIO|Ee] 2 E PZX|2t ScoreTt Y™

HOIH 44 7ts
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Score—based Generative Models

I Score matching

HIO|E x Of CHAH scoredt= AlAtsHE= 22 (Score Network) ZHSAH

True score Score Network

Score Matching

Jacobian Matrix (d*d) (2005)

1
Loss = EEpdam(x)[”‘Vxlng(x) — Sp(x) |%] >

1
Epdata(x) tT(Vng (X)b + E “SQ (X)”%]

Denoising Score Matching
1 _ _ ) (2011)
5 Eqa(ﬂx)pdata(x) s (X) — Vylogqs(X]|x)|3]

Hyvarinen, A, & Dayan, P. (2005). Estimation of non-normalized statistical models by score matching. Journal of Machine Learning Research, 6(4).
Vincent, P. (2011).A connection between score matching and denoising autoencoders. Neural computation, 23(7), 1661-1674.
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Score—based Generative Models

I Denoising score matching

* qo(X|x) P 7IRA2 EO0[=
« X 4" OI0IH x0f| LO0|= 7}
« LO0|Z7t £t H0[HQ| score K=

« LO[ZJt S=o| LM Hefl BI0IHY| score U= 7t

E o #10)paatato 156 (F) — Vilogqs (X]x)13]

‘ Small noise

Sg*(x) = Vyilogqs(x) = Vilogpaara (x)
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Score—based Generative Models

I Score network

Denoising score matching= Soal score network &&
Input: H|0|E{(%) / Output: EIO|E{2| score
Score network: R% - R¢

=20ME U-net 72X ALS

qo(X]x)

Network
Output Score
g ~ 1 » » 2
Sg (%) 7 Eao@0paatato L 1860G8) — Valogqs (x| 2)1
Add noise X7 1% -

Score Network
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Score—based Generative Models

I Langevin dynamics
* Score network & stSE|UCHH D= O|O|E SZHAM0|A] score AlAte &= Ut
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Score—based Generative Models

I Problem in Low Density Regions (Inaccurate score estimation)

Data distribution

Data scores
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Perturbed scores Estimated scores

Perturbed density
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I Noise Conditional Score Networks
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Score—based Generative Models

I Noise Conditional Score Networks

Input: H[O|E{(X) + =0|=(0) / Output: score
* qs(X|x) = N(X|x,0°])
o AFHO HolE TSt 3719] g2 AL

1

5 Eao@0paatao |l

s (X)

V,logq, (%]|x)II3]

so(%, 0) N

1
> Eas®)paata@) l

Noise Conditional Score Network
(NCSN)

Add noise

Gaussian distribution

condition

‘50 (X, 0)‘ —
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Score—based Generative Models

Algorithm 1 Annealed Langevin dynamics.

I Annealed Langevin dynamics Require: {0;}% | . T
I: Initialize Xq
* Noise schedule: .L0|X 37|E ZAA|7|H MEE XlH Noise schedule(1 — L) 2:{forz < 1to Lido
. _ 33 aj+e-07/o7 > «; is the step size.
* Gradient ascent: T stepZiZ H|0|& FHI0IE Gradient ascent step(1 — T) 4: |f0rt < lto1ldo

Draw z; ~ N(0,1)
Xp ¢ Xi_q + %Se(it—le oi) + /i Z

5

6

7 end for
3 ig “— iT
9:

end for

0] 2 > 0] 3 return xr

-
J

01 >
»
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Score—based Generative Models

I Score-based Generative Models

« Score matching: Noise Conditional Score Networks(NCSN)

* (Generation: Annealed Langevin dynamics
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Diffusion Models

I Denoising Diffusion Probabilistic Models (Ho et al., 2020)

* NeurlPS 2020
« 20224 02& 104 7|1&: 1803 el

Denoising Diffusion Probabilistic Models

Jonathan Ho Ajay Jain Pieter Abbeel
UC Berkeley UC Berkeley UC Berkeley
jonathanho@berkeley.edu ajayj@berkeley.edu pabbeel@cs.berkeley.edu

Abstract

We present high quality image synthesis results using diffusion probabilistic models,
a class of latent variable models inspired by considerations from nonequilibrium
thermodynamics. Our best results are obtained by training on a weighted variational
bound designed according to a novel connection between diffusion probabilistic
models and denoising score matching with Langevin dynamics, and our models nat-
urally admit a progressive lossy decompression scheme that can be interpreted as a
generalization of autoregressive decoding. On the unconditional CIFAR10 dataset,
we obtain an Inception score of 9.46 and a state-of-the-art FID score of 3.17. On
256x256 LSUN, we obtain sample quality similar to Progressive GAN. Our imple-
mentation is available at https://github.com/hojonathanho/diffusion,

21



Diffusion Models

I Maximum Likelihood Estimation (MLE)

- PDF: IO[E7} o
éf—E—EﬂEEBQ

Likelihood: =0{ZI Li=t0|E|S 0| Z ¢l
g =2 LetilE 27

S

HIEO 2 REHO ZLt AL 250( 7HY

Likelihood = Hp,w(x)

H =
9= Likelihood

. 0.2420 : 0
M = ‘L[ =
Normal 0.3521 o=1 o=1
0.2418 0.0028 < 0.0206

Distribution
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Diffusion Models

I Maximum Likelihood Estimation (MLE)

LikelihoodE Li2f0|EH = O] 2 04(0| &= X8

dLikelihood
=0
au

dLikelihood
=0
do
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Diffusion Models

I Variational AutoEncoder (VAE)
X|Z}

Latent variable(z): C|O|E|2 MAH|F= EXY
ZIH pg(x)Z AASH7| 01212 — latent variableS GI0|E{ xS E] A4
pe(z|x): True distribution

q4(z]x): Model (Encoder)

Appendix 1
Likelihood = Hpg (x) Dy; (q¢(z|x) I pg(zlx))

po(x) = jpe (x|2)pg(2)dz = logpg(x) + Dk, (CI¢(ZIX) | PQ(Z)) — Ez~qy(zx)l0gPa (2]X)

24



Diffusion Models

I Variational AutoEncoder (VAE)

®: KL Divergence |43}

@: Likelihood Z|CHS}

Dy, (05 (z1%) 11 9o (2) )
LosSy 4k T

@ @
= Dk (q¢(Z|x) I Do (zlx)) — logpg(x) p r

Encoder
(¢ (z|x))

Decoder
(po(x|2))

/

R
¥

= Dy (94 @1%) 1 po (@) T Ezqy(zpylogpe (2]

z7 AFRO| Hel= Reconstruction
22 e | Loss

\

Ez~q¢(z|x)l0.gp9 (z]x)
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Diffusion Models

I Denoising Diffusion Probabilistic Models (DDPM)

* Forward process: HI0|E{(x,) + =0|= — 2HE L0|=(x;)
« Reverse process: #E LO0|= (xr) + £O0|= X7 — HIO|E{(x,)

* LO0|ZZ HHot= reverse processE stgd 4 ULE HE LO[ZZFH HO|E 4d 7ts
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Diffusion Models

I Denoising Diffusion Probabilistic Models (DDPM)

VAE: Latent variable(z)

Diffusion Models: Latent variableO| Markov chain (x; ~ x7)

Random process: 2H&

Markov chain: 0| AIHQ| HA0|2t HeFZ2 &2 random process (P(Xp+11Xn) = P(Xps11Xn, Xn-1, > X))

Encoder
(g (z|x))

HAS0| Lfo

Latent
Variable

L

Decoder
(pg(x|2))

Latent Variable

DDPM

Data
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Diffusion Models

I Denoising Diffusion Probabilistic Models (DDPM)

« Data: x — x;

 Latent variable: z = x;~x1(x1.17)

Lossy 4 » Losspppm
= Dgy (CI¢(Z|X) Il po (Z|x)) — logpg (x) = Dk, (Q¢(X1:T|xo) | Pe(x1:T|xo)) — logpe (o)
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Diffusion Models

I Denoising Diffusion Probabilistic Models (DDPM)
- DDPM Loss &

Losspppy Appendix 2
= Dg; (CI¢(x1:T|xo) Il po (xl:Tle)) — logpg(x)

— CI¢(X1:T|XO)
= Eqpeom) [log pe (Xo.1)

= Eq¢(x0:T) [DKL(q(lexO) Il po (xT)) + Z’{:Z DKL(q(xt—llxtr xo) Il pg (xt—llxt)) — logpe (xo|x1)]
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Diffusion Models

I Denoising Diffusion Probabilistic Models (DDPM)

* Forward process: q(x;|x;_1) = Gaussian .
P 90X > Small noise
* Reverse process: q(x;_1|x;) = Gaussian

o q(xe_qlxe x0) = N(xe_q; f(xe, x0), Etl) — True Reverse Process

* po(xt—1]|x:) — Model

LOSSDDPAI

= Eqytxor) [Pr(@Ger %) NP0 Gr)) + 27—{Dicr (4 Cee1 %2 %0) 1l Po (e11%6))| — Logpo (o1
Ly

L1~T—1




Diffusion Models

~ l-—a,
I Denoising Diffusion Probabilistic Models (DDPM) b= ay i

Forward process noise

o q(ai_q|xs, xg) = N(xt_l; (e, xg) ﬁtl) — True Reverse Process

*  Model:|ug (xe—1 |2x¢)
o =30M= U-net 7|89 Pixel CNN++ At

LOSSDDPM

= By, o[8Cxe, x0) — o (x, OI12]
> Appendix 3

= Eyx, 71zt — zg (x¢, )II%]

2,~N(0,1)
xt == \/EXO + 1 - C_ZtZt
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Diffusion Models T

2: X0 q(Xo)
3: t~ Uniform({1,...,7})
4: e~ N(0,1)
5:  Take gradient descent step on
. . . . ags . YV — Yt + /1 — are,t
I Denoising Diffusion Probabilistic Models (DDPM) o uni C§n|rge§"(‘/‘7 X0+ vI-awet)
* Training
t Al CIOIH dd ¢E 0| = dd
Xt = \/C_Z_txo + 1-— C_ttZt [ ZtNN(O,].) ]

T

. . " X }
T » Model » 2000, 8)|  Ex,lllzd - EaGRD)I]
t
Xt

Model output

X0
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Diffusion Models S A

1: x7 ~ N(0,1)
2: fort=1T,...,1do
30 z~N(0,1)ift > 1,elsez =10

‘ol . . g g 4 X1 = \/%—f Xt — j;(—leﬂ(xt,t)) + o1z
I Denoising Diffusion Probabilistic Models (DDPM) 5 end for
. 0

« Testing: xr0IM xp_; MM

T-1 A HIOH dd

T A H0|H 4
2,~N(0,1) 1 1—a,
Xt—1 = —| Xt — Ze(xt, t] + o0z

Zg (xt' t) -

33



. - Algorithm 2 Sampling
Diffusion Models -
: xr ~ N(0,I)
2 fort="1T,..., 1 do
30 z~N(0,1)ift > 1,elsez =10
4: x4 = \/%_f (xt — 1'—1_70232 ea(xt,t)) + 0z

I Denoising Diffusion Probabilistic Models (DDPM) 5: end for

6: return xg

Testing: xr0IA x, MM

( — Xt )
N - Y
T
k XT-1_J
( — X7 i )
t=T—-—1 - 1» Model »zg(xT_l,T - 1) »
XT-2 )

X0 )

L
SEL L) EENNEY |



Diffusion Models

l NCSN vs DDPM

* Training: ZXA0] AL

-

NCSN ~
1 %—4||°
> Eao@10pdata) l ‘39(55:0)\— 2 J
J
DDPM ~
zg (X¢, t) Ex,zLl|2] — 2a G D) ]
J




Diffusion Models

l NCSN vs DDPM

« Testing: HIO|EE d-dol= 40| FA}

Xt = Xt-1

O] MA|H
data

_I_

€
2

VEZy

Random
Noise
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Score—based Generative Models Through SDEs

I Score—based Generative Models Through Stochastic Differential Equations

« |CLR 2021 (Outstanding Paper Award)
« 20223 02E 10¥ 7|&: 12138] 21&

SCORE-BASED GENERATIVE MODELING THROUGH
STOCHASTIC DIFFERENTIAL EQUATIONS

Yang Song* Jascha Sohl-Dickstein Diederik P. Kingma

Stanford University Google Brain Google Brain

yangsong@cs.stanford.edu jaschasd@google. com durk@google. com

Abhishek Kumar Stefano Ermon Ben Poole

Google Brain Stanford University Google Brain

abhishk@google.com ermon@cs.stanford.edu pooleblgoogle.com
ABSTRACT

Creating noise from data is easy; creating data from noise is generative modeling.
We present a stochastic differential equation (SDE) that smoothly transforms a com-
plex data distribution to a known prior distribution by slowly injecting noise, and a
corresponding reverse-time SDE that transforms the prior distribution back into the
data distribution by slowly removing the noise. Crucially, the reverse-time SDE
depends only on the time-dependent gradient field (a.k.a., score) of the perturbed
data distribution. By leveraging advances in score-based generative modeling, we
can accurately estimate these scores with neural networks, and use numerical SDE
solvers to generate samples. We show that this framework encapsulates previous
approaches in score-based generative modeling and diffusion probabilistic mod-
eling, allowing for new sampling procedures and new modeling capabilities. In
particular, we introduce a predictor-corrector framework to correct errors in the
evolution of the discretized reverse-time SDE. We also derive an equivalent neural
ODE that samples from the same distribution as the SDE, but additionally enables
exact likelihood computation, and improved sampling efficiency. In addition, we
provide a new way to solve inverse problems with score-based models, as demon-
strated with experiments on class-conditional generation, image inpainting, and
colorization. Combined with multiple architectural improvements, we achieve
record-breaking performance for unconditional image generation on CIFAR-10
with an Inception score of 9.89 and FID of 2.20, a competitive likelihood of 2.99
bits/dim, and demonstrate high fidelity generation of 1024 »x 1024 images for the
first time from a score-based generative model.
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Score—based Generative Modeling with SDEs

l ODE and SDE

o HIMAl — Solve — ol

* Ordinary Differential Equation(ODE) — Solve — x(t)

dx = f(x,t)dt

x(t),

| -




Score—based Generative Modeling with SDEs

l ODE and SDE

 Stochastic Differential Equation(SDE) — Solve — {X;} (Random process)

dx = f(x, t)dt +

g(t)aw

ODE Randomness

Solve

P

i
JAN
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Score—based Generative Modeling with SDEs

I Score—based Generative Modeling with SDEs

« NCSN/DDPM¥| continuous HH™
* Forward SDE: L0|XE F7}ol= 1HH
« Reverse SDE: .L0|XE N|H5l= 11X

« Reverse SDEO| score functionO| &X{

Forward SDE (data — noise)
x(0) dx = f(x,t)dt + g(t)dw —)@

PolXe—1|Xt)
Oy ® @z

o “score function |
dx = [f(x,t) — g°(t)Vx log p(x)| dt + g(¢t)dw —@

Q"i‘it|>€f 1)
Reverse SDE (noise — data)
DDPM

DDPM cont
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Score—based Generative Modeling with SDEs

I Score—based Generative Modeling with SDEs

« Forward SDEQ| Ho|0j 2t NCSN1t DDPM
« NCSN — Variance Exploding SDE (VE-SDE)
« DDPM — Variance Preserving SDE (VP-SDE)

NCSN Xi = Xj—1 T Jaiz — Ui2-1Zi—1 » dx = \/d[gz(t)] dw VE-SDE
L y,

DDPM Xi = 4/ 1-— IBixi—l + \/Ezi—l » dx = _%ﬁ(t)x dt + V IB(t)dW VP_SDE
L )
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Score—based Generative Modeling with SDEs

I Score—based Generative Modeling with SDEs

Eay

* Training: Score network S5
« HE3 70| t (NCSN++ cont, DDPM++ cont)

x(t)1
x(t)2

x(t)s

so(x(),0)  5E

NCSN++

Network Output

@(®1x©)p @]

Score

sg(x(t),t)

Vxlogp(x(t)|x(0))

2
2

]
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Score—based Generative Modeling with SDEs

I Score—based Generative Modeling with SDEs
« Testing: Solve Reverse SDE

« SDEE Z = U= YS!t solverg ME 7t5 (Euler-Maruyama, Runge—Kutta )
 Predictor: Reverse SDEE E0{A| H|O|E AN

* Corrector: Predictor0l|A ‘&l HIO|E{0| Annealed Langevin dynamics X&

—— Reverse stochastic process
Algorithm 2 PC sampling (VE SDE) Algorithm 3 PC sampling (VP SDE) f

XN~ A"((O: U%axI) XN ~ “M{O- I)

| l:

2: fori =N —1to0do 2: fori= N —1to0do

3 X Xit1 4 (021 — 02)sex (Xitr1, 0it1) 3 e (2 T Birt)Xict - Bis1Sgs (Xis1,i+ 1)
%z '“N(f”n . . 4 z~N(0OI) .
e B e R 50 x5 — x; ++/Bir1z —

6: forj=1to M do 6: forj=1to M do CErTecior

7 z ~ N(0,1) 7: z ~ N(0,1)

8 X; «— X;i + €:Sg% (Xi,03) + 1/ 2€:2 8: X; — X; + €iSg# (Xi,1) + /267

9: return xo 9: return xg

https://yang-song.github.io/blog/2021/score/
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Conclusion

I Score—based Generative Models and Diffusion Models

« Score-based Generative Models (NCSN)
e LLO|X0|A] AJRIGH scoredf= Mt == =HE40| U= SZH0l|A] HIO|E MM

 Diffusion Models (DDPM)
L 0|=2E MHol= S ot&oll 2E 0|22 2 E H|0|E My

—

* Score-based Generative Modeling with SDEs
SDEZt= & L{0|lAf NCSN2t DDPMZ E¢t
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Appendix 1

l VAE Loss &

Dx1.(g4(z[x)||pe(z|x))
— /qé(z\x) log 9(zx)

po(z[x)
~ [ astaitog

g0 (2|X)pe(x)
- / 4(z1x) (1og po(x) + log

dz

dz
pg(Z, X)

q4(2|x)
pﬁ'(zax)
q4(z|%)
pﬂ(za X) 4
q4(2[x)
po(x|2)py(z)

) 10(al%)
= log pp(x) + EZN%(Z@) log — log py(x|z)]
po(z)

)dz

() / 44(z]x) log

dz

~ logpu(x) + [ astaix)log

= log pa(x) + Dxr(9(2|%)([pe(2)) — Egey,(21x) 108 Po(x[2)

; Because p(z|z)=p(z,z)/p(z)

; Because [ g(z|z)dz=1

; Because p(z,z)=p(z|2)p(z)

https://lilianweng.github.io/lil-log/2018/08/12/from-autoencoder-to-beta-vae.html#vae-variational-autoencoder
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Appendix 2

l DDPM Loss & (1) Lvin = By | Jog 2221500

Pe (Xo:T)

~E, _log H:tilf(xt xt-1) ]
po(x7) [Ti—1 Po(xi-1|x¢)
0
I q(x:|x: 1)
—E,| -1 + log —————
o| ~lomp(xr) + 3 log pg(xt_lm)]
_ ) T
—log pp(x0) < —logpy(x0) + Dxr(a(x1:7[%0)|[pe(x1:7[%0)) ~E, [~ logp(xr) + 3 log q(xe|xi-1) ol Q(xlle)]
q(x1.7|%0) —~ 7 po(xs_1]x) po(Xo|x1)
- logpg(x()) + EXl:TNQ(Xl:T|X0) [log } T
po(x0.7)/Po(X0) B q(xs1]xe,%0)  g(xe]%0) q(x1|%o)
= Eq — log po(x7) Z ( . ) + log 7}
Q(X1;T|Xg) —2 pQ(xt—llxt) Q(Xt 1|X0) p@(x{)‘xl)
= —log pp(x0) + Eq[log— + logpa(XU)} _ T
PG(XO:T) — &, [ — log po(xr) Z q(x¢-1|x¢,%0) Zl q( t/x0) +log Q(xlxﬂ)}
q(xl:T|x0) 10 Po(x¢-1]%¢) q(x¢— 1|x0) Po(Xo|x1)
- Eq[log —} T
PG(X(}:T) :Eq _ log po(xr) Z q(x¢-1]%¢,%0) +log q(x7|x0) o (X1|XU)]
Let L E 1 q(xl;T\Xo) > _F 1 ( ) Po(xt 1]%¢) q(x1]%0) Po(Xo|x1)
et Lyip = (:)[og—]_ (xo) 108 Po(Xo ) T
q(xo.T pQ(XO:T) q(xo ~E,[1o Z Q‘(xt 11%4,%0) logpg(x(]\xl)]
t po(Xe—1|x¢)
T
= By [Drr.(a(xr|x0) || po(er)) + ) Dr(alx1x1,%0) || palxi-1[x1)) ~ log pe(axo 1))
t=2
Lt Ly Lo

https://lilianweng.github.io/lil-log/2021/07/11/diffusion-models.html#what-are-diffusion-models
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Appendix 3

Parameterization of L; for Training Loss

I D D P M LOSS o E (2) Recall that we need to learn a neural network to approximate the conditioned probability

distributions in the reverse diffusion process, pp(x;_1]X:) = N (X¢_1; po(Xe, ), Ba(xy, 2)). We

. - edict i, — 1 B use 3 is available as i .
would like to train pg to predict i, = v Xt — —="t)- Because X; is available as input at
- e TR g o Vi
It is noteworthy that the reverse conditional probability is tractable when conditioned on Xg: training time, we can reparameterize the Gaussian noise term instead to make it predict 2 from

- = the input X at time step ¢:
q(xe1[xe, X0) = N (Xe1; f2(%e, X0), B.1) '
Using Bayes' rule, we have: Ho(xt,t) =
1 Bs
X 1|% Thus x; 1 = N (%-1; —— (Xt — ——120(Xs, 1) |, Za(Xs, ¢
a(x 1%, %0) = q(xtm_l,xu)L 1) s =Nlowss 7 (e g satre)), Setxu)
q(x|x0)
1 ( (x¢ \/ﬂft X 1) (Xt = \/C—IHXO) (xt _ \/&—txﬂ)f! ) The loss term Ly is parameterized to minimize the difference from f&
oC eXp ( - — = )
Boon e e L= B 5 e i) — el 1)
1 1 Qg 26y x| 3 : )
. 2 v t HEG Xis t)”
=exp( —<((=+7——)x/ ,— X+ —— X)X + C(x4, X )
p( 2((3 l_af_lJ +—1 ( .St t+ l—ﬁ'g []) t—1 ( 1y U})

=E

1 B

Pt i 2
z l— (Xt 7,%) - (Xt - ———zs(x f))” ]
. S j | | "“ Q\meu? Vel vIsa U jm yIma
where C(x,Xq) is some function not involving X and details are omitted. Following the

standard Gaussian density function, the mean and variance can be parameterized as follows:

|12 — za(x:, 8)]?
20&(1—0(:)”2 H2 ]

e
Em[
Prrm

= a3 1 1-— 1 = = 2
—1/(% )= et = Fry 7 — 20 (v %0 + v/ T= Gz, )]
Bt ;f( 1_0& 1) 1—a B o 20{:170(:)”2 1K ,
\/ va 1 V@ (1 —a1) \/Ctr 01 B
X, Xg) = —|— = = = X Simplification
p’ ( ts U) ( Xt 0)/ ,St ]-_at—l) ].—C(g t + ].—ﬁ'g Xp P
Thank : ) 1 dol : Empirically, Ho et al. (2020) found that training the diffusion model works better with a
anks to the nice property, we can represent Xg = ——(X; — /1 — @z 2¢) a 7 it into the
1anis To the TSD PIOpTE, we can represent %o \/ci( t G ) and PRI it to the simplified objective that ignores the weighting term:
above equation and obtain: )
( : L™ = g, g, 12 — 20(VE X0 + /T = Gezt,8)| 1]
~ Vo (1 — g Vogeife 1 =
t = 1—a; X+ 1—a: a (3¢ — /1 — ar2) The final simple objective is:

- Lsimpie = L™ 4 C

where C' is a constant not depending on 8.

https://lilianweng.github.io/lil-log/2021/07/11/diffusion-models.html#what-are-diffusion-models
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