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Prompt: A beautiful detailed landscape matte painting of blue ocean, Prompt: A digital painting of cyberpunk city by beeple, mist, V-Ray.
by Caspar David Friedrich
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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.




Background: Generative Models
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Background: Diffusion Process
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Background: Diffusion Process
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Forward Diffusion: Injecting Noise
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Forward Diffusion: Injecting Noise
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Forward Diffusion: Injecting Noise
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Reverse Diffusion: Denoising Process
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Reverse Diffusion: Denoising Process
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Reverse Diffusion: Denoising Process
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Algorithm 1 Training Algorithm 2 Sampling
;: repeat (x0) I: xr ~ N(0,1)
B S D 2: fort=1T,...,1do
i: L~ [/{/r_l(l(f)o?)n({l,...,T}) 3: z~N(0,I)ift > 1,elsez=0
€ ~ : B
5: Take gradient descent step on 4 X1 = \/% (Xt o jl—_ee(xt, )) + 0tz
Vo ||e — €9(v/arxo + V1 — aue, t)”2 5: end for
6: until converged 6: return xg

YR, 28IMg(x0). Uniform(1,---,T). N(0,I)dREtESIz,, thle, FIAARIHEMEST,, Bz,
LSS, FOEE]— N, ML TR A E S RAE e FIROBE B, B X B FIAISL,

DiffusionfRZ {3 & RS M Z EFBZ/U S A=
1. K MEIEAMLS, FNTSEES e

2. MRS iz, Wy = = (% — L)

3. Wt > 1, BEMN (ue, o21)HRFEE Rz, 1, FIFESEETS, RIS RHEHCNE ERM 2 €
N(0,1), RiEitBr; 1 = po + 0120 TRt =1, EEDT) = Wy




Connections with Score-based Models

CANTIRE, GRSRitE, mTRAM AN Adesatal |y B g | ST
NN X

XHTNER M F raining (2)

VAE #k$iF surrogate loss VAE: maximize x || Encoder 12 =6 .
variational lower bound g4 (z[x) po(x|z)

Flow model BEF AR EMRMET Flow-based models: < |_.| Flow 17 : Inl/?rse R

YA RIS AR f(X) Invertible transform of f(x) f(2)

distributions

mdiffusion{f A Z L ARMEZFMNY B-1F  Diffusion models: X0l X1 X0 . -

«_T}_%f{ﬁ%i, ;ﬂ\ﬁ fixed procedure’ ngE Gra_lduallydal?]d Gaussian . - - - e ] A . wee s U—

latent variable EH & dimensionality, 00 o0 o orese

same as origin data




Score based Generative Models

Diffusion Model o] M85 A _ERR, <$#78

ZJ I[N A

SEEEHE log probability B4 E, tH#FRA § = T T T
Stein score function, iX2& score-based === MR &
model AFFE tractable normallzmg e WA R T W i
constant. F AT EZ@EII score ’:;:: : : : : :
matching # 3, :::iii/’/"””\
¥ iy, iy S [, i, SO
RO ANNNS = ===
J Hscore based model 5 normalized flow P T 65 e o e e e
models 183¢, AYFRBHITE likelihood Fk WA WK L=
iE=2 3], [EREBARA (1T score _IUTEJL_ R AR R iE= §
reverse ST KM, ABFIER, EHZRHA, s s S s R AT \/\
BT MRIEM EFRAN A, 2 B TR N e

Score function (the vector field) and density function (contours) of a mixture of two Gaussians.



Score based Generative Models

BIERMNE—NEIEE {(xuxe, - xnv} GAHREZEMNEED P TR
4 AER Y B AR I EIZEUR D AR R, DU SR A BB BRMIZ D T M EIE =
BEXA—NSERE fox) €R

F# T3 — K 3R7R pdf

where Zy > 0 is a normalizing constant dependent on @, such that [ pg(x)dx = 1.

R f BRI —ILBERIER, FHFRA energy-based model, BE &AL log-likelihood Eill% p

N
1 i)
mgx Y log ()

WERAFEAMXEN p 2IA—LEH pdf, BEITE p (NIEXTITEIA—LEE Z, 8% ki intractable 89,
HIt. likelihood 7350 TR Sl 428 Ay 454958 SCIR Z tractable (B B JF4EEYAY causal convolutions, SRIEAYAY
ML) |, HEHEBRETEERLTA—ILEE (VAEER variational inference, contrastive divergence B
MCMCX#¥£)



Score based Generative Models

PBAMEAERFTFXNFT—ER () RB? —1PEANEEZEN DR logfn M Z, AREXN ZHELERTE
KRS IHE Z.
A, ENX 2% score function

Sg(x) = Vx logpg(x) = —fog(x) — yx log Zg = —fog(x).

=0
XERMNEFTITE 2, "RMWIRS T o EANREME, THREAMFEEEKHEIT—LF L tractable
p.d.f. score
10¢
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. AN . - _10l

-10 -5 0 5 10
Parameterizing probability density functions. No matter Parameterizing score functions. No need to worry about
how you change the model family and parameters, it has to normalization.

be normalized (area under the curve must integrate to one).

SAIE R {18/ Mk Fisher-divergence, Eb3R squared 12 BEES, Epx[[[Vx logp(x) — so(x) 3]
HT data score REFLIRITE, F{1{EH score matching sx/ME T EEHNIE ground truth data



Langevin Dynamics

%131 score-based model J, FA1o] fiEH iterative procedure ¥R 4 B Z T & 715 Langevin dynamics BE4T3R 4+
XE—PMMCMCiERE, REMADPEHERE, ¥R T —PMEBFE D ITRR chain, IXRAIRAF

X; 11 < X; + eVylogp(x) +v2ez;, i=0,1,... K,

2SN, YKILB KMepsilon=0, x K ULSLE]H AL regularity conditions T IR #E,
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Using Langevin dynamics to sample from a mixture of two Gaussians

S5trAESGDHALL, BEAARE Langevin S 1 F R SHRFIANSEEH, NERBARBR/NME.



Naive Score Based Model
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Data samples Scores New samples

{xlax27 e 7XN} 1}\51 p(X) Sg(X) o~ VX logp(X)

Score-based generative modeling with score matching + Langevin dynamics.

A AEMRER BN R APDL, BIBIT score matching {hitH 727 Y score manifold, #AFF] A Langevin
dynamics RS EHFHAERRMIZD T



Pitfall in Naive Score Based Model

Data scores Estimated scores

Data density

“Accurate -

lllllll
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llllllll

Estimated scores are only accurate in high density regions.

BRIXEBHFH/PERE, score function model BEAA, THEFAEZIED A low density regions, X E AT E
fisher divergence 252 HIIN, EBEXEBHEITHRERE AT, B2 Langevin dynamic tk/E 52| #]
ERMERMEATE, MERERBRAEREE inaccurate X1, RIIXSH T REENEBRER.

Eyo[[1Vxlog p(x) — so(x) ] = | p(a0)|Vxlog p(x) — s0(x) [3dx.



Score-based Models with multiple noise perturbations
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Score-based Models with multiple noise perturbations

XRERL, BEAERS—NEE - EEFRSENEERE ?
« KHYERETIY cover (KRB EXIKEELH score TEI‘I‘ BEREBEE THIENRGEPHESR
« NHIEERREIDNES, BXERENNEEREEX

— P BEANEEZ ANERZIRE ?tzj} X FEAE NSCN 1989450 AR %

BRIRFANEZE A isotropic &a][E] Iim,ﬂﬁ SE L NS g E A E 01 <02 <" <OL
D HFE) 2 noise-perturbed distribution

Poi(x) = / p(y)N (x;y,0:1)dy.

Note that we can easily draw samples from p,,, (x) by sampling x ~ p(x) and computing
x + 0,2, withz ~ N (0, I).

MAEBAT UERS 9% _EillZ— noise conditional score-based model s_theta(x,i), tHFRANCSC
sg(x,1) ~ Vxlogp,,(x) foralli =1,2,---, L.

Generative modeling by estimating gradients of the data distribution. Yang Song. NIPS 19.



E L)l 2k B £/ 2 fisher divergences A9
XA, oTEE

L
D ADEy, [l Vxlog P, (x) — so(x, 1)]13],
=1

where A(i) € R is a positive weighting function, often chosento be A(i) = o7. ¥
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annealed Langevin dynamics, R AEEER 3 St e e IR 2 SERFES R
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o1 o2 We apply multiple scales of Gaussian noise to perturb the data distribution (first row), and jointly estimate the score
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5 NCSN B9 %H

C Discussion on related work

Our model architecture, forward process definition, and prior differ from NCSN [55, 56] in subtle but
important ways that improve sample quality, and, notably, we directly train our sampler as a latent
variable model rather than adding it after training post-hoc. In greater detail:

1.

We use a U-Net with self-attention; NCSN uses a RefineNet with dilated convolutions. We
condition all layers on ¢ by adding in the Transformer sinusoidal position embedding, rather
than only in normalization layers (NCSNv1) or only at the output (v2).

Diffusion models scale down the data with each forward process step (by a 1/1 — 3, factor)
so that variance does not grow when adding noise, thus providing consistently scaled inputs
to the neural net reverse process. NCSN omits this scaling factor.

. Unlike NCSN, our forward process destroys signal (Dkr,(q(x7|xo) || N (0,I)) =~ 0), ensur-

ing a close match between the prior and aggregate posterior of x7. Also unlike NCSN, our
B are very small, which ensures that the forward process is reversible by a Markov chain
with conditional Gaussians. Both of these factors prevent distribution shift when sampling.

Our Langevin-like sampler has coefficients (learning rate, noise scale, etc.) derived rig-
orously from [; in the forward process. Thus, our training procedure directly trains our
sampler to match the data distribution after 1" steps: it trains the sampler as a latent variable
model using variational inference. In contrast, NCSN’s sampler coefficients are set by hand
post-hoc, and their training procedure is not guaranteed to directly optimize a quality metric
of their sampler.
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NCSN 2—Fh score-based 4 fi#EE!, FAEH Langevin dynamics 4 5, {# 8 score matching {&itAY
BIEDHNBE, S0 REE EMERA score HEMEENX, YIZ%—1 score network k{1t
AT FEBEREZISHEIE L scalable, 32H 7T either denoising score matching (FRII—MsEHs
ERNEZZEIET) or sliced score matching (& FIEN1E Fprojections)

sat, HT manifold hypothesis, X% #EIESEHT— M4 manifold, BN 2] B EX3E o] 5E
ERERSZE, XHEX— negative effect on score estimation, B A#EIESANGEBEENT(E),

HEFEEERRXIE, score estimation EATEE,

SR, BILRIN/NAY Gaussian '@ FREBMIMNEIES T EZEN=(E, 1JIIZH score estimator
network THEEFRE,

NCSN Bid{FE A ABEREZSEIEEE, FH1I%— noise-conditioned score network Bk &1
TR B ARG EFRIL N AEIER scores,

BT AN = F R KT forward diffusion
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Following Works

SR

hniEX+¥: DDIM

FMHHE X

MNEEEES: 5SDEfXR
SDERYFEMTE: Analytic-DPM
SDERY S B &4 fi%: DPM-Solver



Following Works

WX, BEY BIRERREEERES, FiboPUERY B, 13X A 0.0001 2 0.02 f4EE, X
XN FIA—N B = AR/, Diffusion model B7r Y BREMNRME, B2 LALLM
model log-likelihood as other & i t&E#Y

Nichol 21 8 7 ¥ 5uH#HF B ERAINLL, {EF cosine-based variance schedule, TJIEFEEH, RE
RGP ER M T IR & drop, FHAEFFIEFIL R subtle changes

t/T+s 7r)

B; = clip(1 — o ,0.999) a; = i) where f(t) = cos ( T5s 2

Ot—1 £(0)

where the small offset s is to prevent 3; from being too small when close to ¢ = 0.

101 =< —— linear
cosine

0.8 1
0.6 1
&

0.4 A

0.2 1

0.0 A1

0.0 0.2 0.4 0.6 0.8 1.0
diffusion step (t/T)

Fig. 5. Comparison of linear and cosine-based scheduling of 8_t during
training. (Image source: Nichol & Dhariwal, 2021)

Alex Nichol & Prafulla Dhariwal. _“ Improved denoising diffusion probabilistic models” arxiv Preprint arxiv:2102.09672 (2021).
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Wi ENSHOEE

DDPM EFEEY 8RR, A%, HERE
3o(x¢,t) = 021, where o is not learned but set to 3; or §; = 11%“;} . Bs.
A &I diagonal variance S B INEARE, MREZMNRXERE
[E4£7E Nichol 21X EH, REFIFTEEA—HEE, BEIN—ESEE
Xy(x,t) = exp(vlog By + (1 — v)log j;)
RMEE BiRRE Lsimple 5TTELX, MNTHESSHERX, MET —MESBIRRE

Lyybria = Lsimple + ALy where A = 0.001 is small

FHEW T LVIB X THEMN®HE, R guide AZE, AMETEREHEIEEEUNLI LVLB, AL
H {8 FH time-averaging smoothed version L VLB {F HHEE 4 X,

Alex Nichol & Prafulla Dhariwal. _“ Improved denoising diffusion probabilistic models” arxiv Preprint arxiv:2102.09672 (2021).
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IniE X4 DDIM

DDPM F #88 FF, MifIidFE Markov Chain R#E+H03ER, KAE GAN iy 1200 12
—FE B E R S RRE—K, 7 nichol 21 X = H1EE

A—MITER

SHEEEES A
Xi—1 = 4/ 04—1X0 + \ 1-— at—12Z¢—1
= /@, 1%o0 + \/1 — Q41 — 0% + 042

— _ Xt — vV 0Xop
— at_lxo + \/1 — Q-1 — 0'% \/17_ + O:Z

— Xt — v/ X
Qo (X¢-1]%¢,%0) = N (x¢-1; \/dt_1xo + \/1 — Q-1 — af t\/li_t 0 ,0't21)
— &y

Recall that in g(x;_1|x;, X0) = N (x;_1; f(%¢, X0 ), B:I), therefore we have:

> 1— a4
,Bt:U?:—’,Bt

1—a;

Let at2 =n: ,Bt such that we can adjustn € R™ as a hyperparameter to control the sampling
stochasticity. The special case of 7 = (0 makes the sampling process deterministic. Such a model is

XNTTEFRADDIM, DDIMER#HRIMIARRE 210, (B E HHE 8RR S B R in SRR AR .



& XK +¥: DDIM

While all the models are trained with 7' = 1000 diffusion steps in the experiments, they observed
that DDIM (n = 0) can produce the best quality samples when §'is small, while DDPM (n = 1)
performs much worse on small S. DDPM does perform better when we can afford to run the full
reverse Markov diffusion steps (S = T = 1000). With DDIM, it is possible to train the diffusion
model up to any arbitrary number of forward steps but only sample from a subset of steps in the
generative process.

CIFAR10 (32 x 32) CelebA (64 x 64)
S 10 20 50 100 1000 10 20 50 100 1000

00| 1336 6.84 4.67 4.16 404 | 17.33 1373 917 6.53 3,51
02| 1404 7.11 4.77 4.25 4.09 17.66  14.11  9.51 6.79 3.64
T 05| 1666 835 .25 4.46 4.29 19.86 16.06 11.01 8.09 4.28
1.0 | 41.07 18.36  8.01 578 473 | 33.12 26.03 1848 1393 598

G F367 43I F133 373220999 317 | 299.71 183.83 71.71 4520 3.26

Fig. 7. FID scores on CIFAR10 and CelebA datasets by diffusion models of
different settings, including (n = 0) and (6). (Image source:
Song et al., 2020)

Compared to DDPM, DDIM is able to:

1. Generate higher-quality samples using a much fewer number of steps.

2. Have “consistency” property since the generative process is deterministic, meaning that multiple

samples conditioned on the same latent variable should have similar high-level features.

3. Because of the consistency, DDIM can do semantically meaningful interpolation in the latent

variable.
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A—hE, BRERBETEETHREHK, Dharial 21 BRMI% T —MEZFE A x t LA KRR,
F B K3 E k5| SdiffusionREEI BRI BirD K, XM ablated diffusion mode/ (ADM)

#0 the one with additional classifier guidance (ADM-G) o] BB tbsota B SF A9, fNBigGAN

Algorithm 1 Classifier guided diffusion sampling, given a diffusion model (ug(x¢), Xo(x¢)), classi-
fier f,(y|z:), and gradient scale s.

Input: class label y, gradient scale s
x7 < sample from N (0, I)
for all £ from 7" to 1 do
t, X < po(zt), Xo(z4)
z¢—1 + sample from N (u + sX V, log f4 (y|z¢), )
end for
return z

Algorithm 2 Classifier guided DDIM sampling, given a diffusion model €4 (), classifier f4(y|z:),
and gradient scale s.

Input: class label y, gradient scale s
z7 < sample from N (0, I)
for all ¢ from 7" to 1 do

€ eg(m) — VI — @y Vi, log f, (ylme)

Ti—1 < /01 (m_—\/;?—ate) + /1 — 1€
end for
return z

Fig. 8. The algorithms use guidance from a classifier to run conditioned
generation with DDPM and DDIM. (Image source: Dhariwal & Nichol, 2021])

Prafula Dhariwal & Alex Nichol. “Diffusion Models Beat GANs on Image Synthesis." arxiv Preprint arxiv:2105.05233 (2021).
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MNEEZES: : DDPM 5 SDE f9% &

EFNCSN, ARINEZFMREEZ XS Tscore basedE EBEXREE, MRFINEBREREY BE infinity, X
o UBEESRENFM, o5 EF] exact log-likelihood computation, X controllable generation for
iInverse problem solving

LUEFERETALRE, BATER T ELE EHANGESER, XHEESEEELAN T ELEN(EMEYILRE, o
IAFISDESRIEIR, A

dx = f(x,t)dt + g(t)dw, (8)

where f(-,t) : R? — R% s a vector-valued function called the drift coefficient, g(t) € Ris a
real-valued function called the diffusion coefficient, w denotes a standard Brownian motion,
and dw can be viewed as infinitesimal white noise. The solution of a stochastic differential

—— Stochastic process

Score-Based Generative Modeling through Stochastic Differential Equations. Yang Song 21 ICLR



MEEZ|%%: : DDPM 5 SDE f§% &
EZRIERERERERER, T EIiT annealed Langevin dynamics 34 B It i3 B FHE, T LR
RERE, FATTIARMAIEXEE, £ reverse SDE

Importantly, any SDE has a corresponding reverse SDE [34], whose closed form is given by

dx = [f(x,t) — g°(t) Vy log ps(x)]dt + g(t)dw. (10)

Here dt represents a negative infinitesimal time step, since the SDE (10) needs to be solved
backwards in time (fromt = 1" tot = 0). In order to compute the reverse SDE, we need to
estimate V log p;(x), which is exactly the score function of p;(x).

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

score function
dx = [£(x,1) — ¢ (t)&x o (x)]] dt + g(t)dw

Reverse SDE (noise — data)

Solving a reverse SDE yields a score-based generative model. Transforming data to a simple noise distribution can be
accomplished with an SDE. It can be reversed to generate samples from noise if we know the score of the distribution at
each intermediate time step.



MEEZF)%ES: : DDPM 5 SDE f9% %

A7 K#R reverse SDE, FEMEM R | &2 fp_TAH score fiinction : BIZETI NS prior 2%, FEEBIT]
% —™ time-dependent score-based model k{&1T, sp(x,t) = Vi log ps(x).

&5 M} NCSC H#4 condition-score function so(x,%) = Vylogp,, (x).

Our training objective for sg(x, t) is a continuous weighted combination of Fisher divergences,
given by

Escu(o,r) Epx) A(2)[| Vx log pe(x) — so(x, 1|3, (11)

where U(0, T") denotes a uniform distribution over the time interval [0, T'],and A : R — R
is a positive weighting function. Typically we use A(t) o< 1/E[||V ) log p(x(t) | x(0))||3]
to balance the magnitude of different score matching losses across time.

KX E Fisher divergences o] {F S XK #EF75%, Eb4A denoising score matching # sliced score matching,

dx = [f(x,t) — g°(t)se(x,t)]dt + g(t)dw
%EtEU(O,T)EPt(X) A(£)[|Vx log pi(x) — so(x,t)|]

+ KL(pr || 7). (13)
RASI SR, BB R TR sota

MR =g(1), , BAMKLEEE —PEEMEER KL(po(x)|ps(x)) <

N2

A L FRIX 515 A4 likelihood weighting function,

Sliced score matching: A scalable approach to density and score estimation. Yang Song 20 UAI
Maximum Likelihood Training of Score-Based Diffusion Models. Yang Song 21 NIPS




Summary of Yang Song’s Work

MK & reverse SDE T] M {# A Euler-Maruyama 777%, BE 7 SDE {#HIR/\EJ time steps F1 Gaussian
noise, 5 Langevin s1% +52481U.
FES, SDETIN#{ HODEXRE, FtHE HEEWNEE

2019 FH4E, make score matching scalable for training deep energy-based models on 52 £3E,

ZE—/T {2 sliced score matching, Sliced score matching: A scalable approach to density and score

estimation 2020 UAI, S2IL 7 scalable E2% IR Langevin RETLEE AR, EWT=ATUEE

RANTTZE

. IEhEEE, ZREBERS, i)llZ score based model for each noise scale ;

Il {2 U-Net 3~ =& RefineNet £5453

. A Langevin MCMC 2|& Mg R REF BIEMA] chain i23k, HItb%EZ] T Generative Modeling by
Estimating Gradients of the Data Distribution 2019 nips #120# ik Z< Improved Techniques for
Training Score-Based Generative Models NIPS 20

AR ZFHIELTE score based &A%, 7£ 2015 H B RREIhEH, {EZ score AEZMNA—UAH K,
BIZ@1T evidence lower bound ELBO 141332 f decoder X#E, T/EEF) A score matching %3 M
Langevin E#E,

DOPMERBERFA 7AW MEE, FHBEE T EREXMNELR Sscore based model, ELBO EXZHMNTINE
HENFITE Bir, F A5 decoder h— U-Net WM& TAYF%S! score-based model, E#ET] 4 Y
HFGANHILER .



— 7t Score-Based Generative Modeling through Stochastic Differential Equations ICLR 21
2T diffusion model 1 score-based generative model Z [B]fJ% %, diffusion probabilistic model
B R M 775 T] A EE S 5 annealed Langevin dynamics in score-based models, R4 p{—PN%—F
LAY Predictor-Corrector sampler
BT A R RERSE, #—DIERAMEER T AEM score function JRER] SDE TR BELE L,
BN TGRSR M%&m RMENGE—,

XA score matching M A R IFFEHITE log-likelihoods, EiE5 energy-based models,
schrodinger bridges # & {f &4 o) SAH 5

Diffusion Schrodinger Bridge with Applications to Score-Based Generative Modeling NIPS 21,



Analytic-DPM: SDE B &4k

4.1. DDPM5 EfB# 2= Analytic-DPM: 3t diffusion SDERYE EX L

DOPMIBHER—TMHRSBANSIM O HREEETRE po(2i1lz:) , XTSHDMAIER
TRIERAR T q(zi-1|zs,20) BUSME, HIE o REAT —TSRAKRE (B LSURBIN=MFNS
BHURBEFRN AR RE) -

ol ) = i (1, =0~ VI= Gaea(o) ) = = (3= Smeatxinn)

B #RAT [l diffusion modelfy ¥ T F2a9191E

BfH#ESETR/IVURIRERNEQERENIKE DKL, A, DDPMEXHNHESIEER
g, A—RERTINRR, FEtRBERLELMESHOTNAE, hRBITET —T7
. EXZERIEEXMT NMEEIElImproved DDPM, ERT —TSBHMEEZISHD
WS ERER, ERAERDIEER,

fEIXZ 5, Yang SongfEScore-Based Generative Modeling through Stochastic Differential
Equationsff EHIERE T, DDPMEIRAEIFRE (BT po(xi|z:) KIRAFKRFE (ancestral
sampling) ) SEFR_EZEMTFdiffusion SDE—M B R, XF4E— 7T diffusion SDEMIE#S &
%, A, ERLHNSDEN—MBERABELEMENTER (REERIEEBEIRZNM S1HED
) . E—TEEEENRBTREHEER: DDPMXMELE [RIGWEI “HEE” HRMNESIE
MR T EHASDEEBMA? BiREEFNAZRESN?

BEEICLR 2022 MEMIZMARMN IELM, —REERINERBNEZHN @Baof 1 HAY
Analytic-DPM (Oral, outstanding paper award) , %—/&&Diffusion-Based Voice Conversion
with Fast Maximum Likelihood Sampling Scheme (Oral) , XMiE4ESEMRIER T X4E:
DDPME{E SERR L 2 ¥ diffusion SDERmaximum likelihood SDE solver, 3B RtHE=H B
X, BaIAtscore functionlE—HfiE .

B{ATS, Analytic-DPMM™ERENF F EEIERR T DDPMEE R/MEKLIS R pp(zi1|z:) BIIME
MAEPRE@RTEAN! XEEHE 7T UBIEDDPMPBLANMN S (KBERLos: AEHE
AHZNEBETHERNAEEIRATES? ) , BAMS, SRANENAZEXE:

Theorem 1. (Score representation of the optimal solution to Eq. (@), proof in Appendix[A.2)
The optimal solution p,(x,) and o};? to Eq. (EI) are

N A
Ky (Zn) = fin (mm \/a—n(mn + B, Ve, log qn(mn))) ) (6)

2
*2 _ 12 [B_n _/a 22 7 I Ve, log gn ()|
Opn = )‘n * ( an ﬂn—l )‘n) <1 /BnIEq"(m") d ’ 7

where q,(x,,) is the marginal distribution of the forward process at t!;2|:iaes1er: 7 «niz @ i (e
dimension of the data.

Analytic-DPMARSRMEIIMES H ZEZNEFTZR

Analytic-DPM7EMI ZRHIERR T, XEMNHZRMAIIEZ N TODPMARENS ML (iBscore

functionZ sl score model sg , Hiscore modelEFMIEMRBIRETNER ¢ ) , HEHRTFAH
ZE RBFscore function@RAKY, eI AR EZEREIEKAIFNIZRAIscore model (EFM AR
EIUER) . XR2—TEEESNEILS: MEMNERZEREM™ERIF T DDPMIFERIEZFRIIERN
BPESR, BIEPETRMAEheTIAEscore modelSEEM! EFXMNEIM, Analytic-DPMARA
MRS 7 [RIEDDPMMlikelihoodflsamplei® B, TE/L+H eI AIARIFE100045 AT EEAIRAR .
EHNRLE R FREICML 202269 T #EEstimating the Optimal Covariance with Imperfect Mean in
Diffusion Probabilistic Models/1, #EAnalytic-DPMY BEI T X fth A ZEMNR, HEEZET
BENEIGRERF—DSRAEDHEER, ERBAANalytic-DPMIER LIERRXEST

—it
—_—

LAy, SRR B AT IR LAY T EIERE T DDPME S £ Xt diffusion SDEAImaximum likelihood
SDE solver (ELSZHEZAnalytic-DPMARHEY “SR/VEB—/IVHHIKL”) , BXBIEHSELRLR
MAEZE, MAZHNET.

LR EFTAR, EEESEAIDDPMETE AR IAKIERE T DDPMITRL T diffusion SDEAImaximum
likelihood SDE solver, # B &{fi/5Z HAnalytic-DPMEREHTiELAE .



DPM-Solver: &M fiRtTfiR

4.2. DDIME HEMA:XDPM-Solver: 3tdiffusion ODERY B #I1t

Jiaming Song7EICLR 202132 i 7 DDIM, 33z AYE 55— 2 &R AT 8] A9 diffusion model, 7EBRAY,
diffusion modelf9ELERR BB HIZE, EILDDIMMRIAHE StIEDDPMARKE “FEE" T — i
RAERENSESHE, HESAHEIRENONER T —implicit generative model, I5HE, X
M7 ZRNOMEBER B TFRBRFENTIA, TE/LTSR1005 AR ] BUAZI R DDPMIEIE 1000
HHRERE, X253 DDPMEYINER RN TFFIL Z 7.

A, Hdiffusion modelfELERR AR Z S, DDIMBIRIIN T —M/EHNELSRE, —HR2—
TARERZIK, HEIICLR 20224, DDPMMR{EE (IR H 7 £ F DDIMAYZZE R diffusion model

fhNi&E: Progressive Distillation for Fast Sampling of Diffusion Models, 7E£iX R X E /M F Ik
BA 7 DDIM&Zdiffusion ODE7E#T%llog-SNR/GHI—B ODE solver, AT, —EMRARIMRIE
FABRLEgeneraltJODE solver (fI4IRK45) 7 BMIHMRRIFREIRIZALUDDIM, MiXEXE
IR EH B — T ENMBRE: Nt ADDIMEELLE@AIODE solverfF?

XNe B E R & AL = E IR HADPM-SolverfRfigiR : FRATIEE T, DDIMEXZE
Fdiffusion ODERYH-Z 14454 (semi-linear ODE) HJ—PFODE solver, HH4AH T X MAS M
solverfiz= ., BEi&ith, {4 T diffusion ODERIARRIRRITHZN

Proposition 3.1 (Exact solution of diffusion ODEs). Given an initial value x5 at time s > 0, the
solution x; at time t € [0, s] of diffusion ODEs in Eq. (2.7) is:

(e 73 A X
Ty = —xg — a,/ e "€p(&x,A)dA. (3.4)
As

Qg

Diffusion ODERSARHT i

HATATINES, diffusion ODEMIBS B ELSERE M MBITRNIRS BTN, — M BES
MAEMBEIEL 602, =@y, N,) (BRNEHEF) , BATUEE:

At
o, - ~ ! . 2
Lt;_ 1t — o T atiee(mti—liti_l)/ e "dA + O(h’z)
atl—l Ati—l
Qt, -

_ i h; =~ \ (]2
— T, — ati(e o l)ee(mti—l’i"—_'ll' + V'\I‘i)'
DDIMZDPM-Solverfg 1=,

MRZEEANIRED, XEXMEDDIM! EFXTNE, H1H—F T ESMAIODE solver
(RUBEDHTHRunge-KuttaiZRIHS, XEMARTT) , HAHEAIIFH—FRIIDPM-

Solver,

LR EFmR, EEETEADDIME I th BEAREARIER T : DDIMIIRL T diffusion ODEA 1B ODE
solver, EMNINERRIFZEANEZE TODENE LN, MDPM-SolvertSit 7 M KIE SM
#solver, ATLAIL10H AR AIRFIAZ S DDPMAI10005 FIREFHES .,
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https://yang-song.github.io/blog/2021/score/#concluding-remarks

Blog: Ayan Das | Surrey UK | An introduction to Diffusion Probabilistic Models
https://ayandas.me/blog-tut/2021/12/04/diffusion-prob-models.html
Blog: Lilian Weng | OpenAl USA | What are Diffusion Models?

https://lilianweng.github.io/posts/2021-07-11-diffusion-models/

Slides: Fan Bao | Tsinghua CN | Diffusion Probabilistic Models: Theory and Applications
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Review of latest Score Based Generative Modeling papers.
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Convergence for score-based generative modeling with polynomial complexity Paper
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stat.ML, cs.LG
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Related Source

Disco Diffusion Tutorial
https://blog.csdn.net/xigiao_ce/article/details/125175930
https://zhuanlan.zhihu.com/p/526242977

Disco Diffusion v5.4 Google Colab
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Open Problem

5. Diffusion modelf{i 5 H S 5 a3

Diffusion model SR AR ZINGE R, Bl “FuNREE", EXMER—1ZCERIIL.
Diffusion modelf&B) 7 BEl{& 7 EI$IZAIUNet, i)ll4klossiaE, REIMRIEE thiF, HHEETFGANS
ENFIB IS IINGEH B VAEREL H/FY, diffusion modelflossEMNERNEET . REAMR,
HIMEEE1PREIM, diffusion model R E“EH™— 1 ER B R AR @23 N A9 I F2E])
8], XFEE B S Zth{FESdiffusion modelfEEIF ZESFNRMFIEELF, EEBIT
GAN,

7Am, B#idiffusion modelWEIRARPRANDAME ENRFRERIE. BRIBITZHITX
NMaBA R, FLIUZERJiaming Songig EAIDDIM, BF&EELAYAnalytic-DPMIMIEZENBthE
JNIRDDPMAYEME ., BAISZMMARIEL T — 1 IYDPM-SolverfhiEKFE %, IEER T DDIMZ
diffusion ODERY—F'ODE solver, #HizH T k. =Frsolver, AILAMEIOP REFERERA
6, 2051, EBMNNOAEFATEEATMIMING, FEL— T pretrained model#BRI AR 1
F. EIEAAN, XRIi%zE BAitraining-free samplerE&RIRI T .




REERRBR T T AEREBIEASN, EF—EXRMESZEITTHIENEEREE (TURKERIT
BRBIEMA (likelihood) XZIE) . CAN#IERN—RMETAETEMNR, BANERRIER
A (implicit generative model) , XS GANTEH AR BIBEREF T, MVAERBEITEEL
BURK—1T TR, UARAKLARE. EDiffusion modelig 2RI, ABEEHZEH
autoregressive modelgf & normalizing flow3 it B E#IEAUSTRMIR, AMXBERNRINEAGE
¥, BE—NMR5ARES—IELEZERKEENVFIowRZN 7 i @normalizing flowiI{i#R, &
37 SESCIFAR-10RIFROMA L ITKTE . AT, XEREIEEMIIZ%, RENSHEHLEK, R
REM,

DDPM5 iR B ELEERR A reverse SDER] AR Ay diffusion SDE (t20UScore-based SDE) ,
Ef1#HEETSDE (BBRANFHSHoH) EXNEMER, A, XREHSVAE—HF, T
EITBEBRIBIELA (likelihood) , MR BEITHELBO, Diffusion modelfi5—PMAERE, RE
JIZRT score model (_L3XIREIM=FFMAZNE I AR 9 score model) , FBARPIASH—
““Neural ODE, Ef—3Zcontinuous normalizing flow, BJLAfEMAITEEFIENMA, XTSI
FYang Song7EScore-Based Generative Modeling through Stochastic Differential EquationsH &
i (FRARKEMEKRE, BiEALI— 1 GE...) . XEMABRAFHANES T, REFTMU
1225, diffusion model[@HIPIBATE X —“*Neural ODE, ER] A RMBEGHITHMUAITE.,
E T diffusion ODE, diffusion modelf£ 2 E {& it I E thiAZ] T SOTA, mIT 7T AERERN
normalizing flow,

B BIAEE 9 MBS X E# 2 E Tdiffusion SDE (SEEMNEEARE, DDPM) KKH, X2
E X BRI A4 B R F1E b diffusion ODESRF, #AT, diffusion SDE —NEan 6] B2 R IR
ERig, ERNSDENE B LLODEREMSZ ., Bai&E Fdiffusion SDEMIRIRAIRMES AN IZIE R
il N, @Baof BJAnalytic-DPMAIEMIY BARAS, B]AMEI25-505 MiARILEBIFHIRR. A, &
WEE, RERRMBBITET.

X B 2RI, diffusion ODERAE B R —E A M diffusion SDE, #AT, XMEIREXDB#
ABRRENStyleGANIEE LLHRIR T . &I HEarxiviElucidating the Design Space of
Diffusion-Based Generative Models#1, K#Z{1E & diffusion ODEAYAE A3 R 1AZ! EE diffusion
SDEXRELF, Xfadiffusion ODEMIEE MHN A HR TIFEANKE,




