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Background
Generative Model

B ETEHIEEARX , taRAERD ?
B PRFPAERREES 3K
B EFUSAMELT ( Likelihood-based models ) : EiE@Ei IR
KPAETT , EIREIRD HEIEERZE |, WAutogressive
models. flow modelsUAKVAEZZ
B [ENAERERY (Implicit generative models ) : WNEE14
R, WEUERFIEEE | AR EIBirnm , W
GANZ

rc{z!,z% ...,2"} ~ p(x)

1. Generative Modeling by Estimating Gradients of the Data Distribution | Yang Song (yang-song.net
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Figure copyright and adapted from lan Goodfellow, Tutorial on Generative Adversarial Networks, 2017.
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Background
Generative Model

B ToBERwIEsE (VAE ) SHTEMER (GAN )

EXHA REZE AR

@ a @ 8 Training set V [ Discriminator

%] S P RNEE ﬂ/ N Real
it e / — — 4[

EAR Z | R oo AR Fake
2 : .

Xo, A % Generator __ /Fake image

-

p(z) = Z p(zlzi)p(zi) = Z N(0,1)p(z;) = N(0,1) Z p(zi) =N (0

z,eX XieX z.eX Objective Fuiiction for D
V(G,D) = Eyp o [logD ()] + Eyp, [log(1 = D())]

Training: D* = arg max V(D,G)

1. Generative Modeling by Estimating Gradients of the Data Distribution | Yang Song (yang-song.net
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Score-based Generative Model

o R e
® ETF{SAHIT ( Likelihood-based models ) : fEA&ERIEEH) FANAGE directly model p.d.f: pp(z) = —Zo
NIRRT — L E 2 FRASARITE
o [aARERY (Implicit generative models ) : FREEERIXIIIZ The Zyis to make sure: fpe(il:)da: 1

Training goal: max xy Zfil log po(x;)
® NCSN ( Noise Conditional Score Network )

o FEEXERMFZERLE, MIEER the gradient of the log
probability density function :

* X FIIEFCHI B R 5 L BB L PR — P e 7o

V. logp(z)
o tHFRAESAEScore function,

1. Generative Modeling by Estimating Gradients of the Data Distribution | Yang Song (yang-song.net)
2. Song Y, Ermon S. Generative modeling by estimating gradients of the data distribution[J]. Advances in neural information processing systems, 2019, 32.
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Score-based Generative Model

o MsNRERA LERHRTZ, S04 E , AAETE _ e—fo(@)

o (ERISCore functionfiiFit - directly model p.d.f: pyg(z) = Z
o EEESEMIERS,(x) , #8 S¢(r) = V,logp(z)
o MtFHAILEZEZRIET—(LEE

The Zyis to make sure: [ pp(z)dz =1

so(z) = Vg logp(fo)( | Training goal: max zy 3., log pe(;)
iz
= ¥, 16¢ € 7
o * 1 LA B R BT H Ry 2 S AR — e vt 7
= —V.fo(x) — V,log Zy
=0
— —mee(ib‘)
o iIZET : Score function V, log p(x)

Ep(2)[l| V2 log p(z) — so(z)]|3]

1. Song Y, Ermon S. Generative modeling by estimating gradients of the data distribution[J]. Advances in neural information processing systems, 2019, 32.
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Score-based Generative Model
How to understand Score Function?

m J{IRE
B SgSEG , — MO HEIB— DRI,
B EHERETE , BITTIABTRSSMNEINGS |, ZEEBEH
IS TSERIBIRD T
B EEAE
B MDHHENHE  BORBMYE— "KEF"
m REMESE , AEN  WTRASEE (B8R ) |, Esimss
ERK SR

[

[ P e e T S
[
|
“_——V—r—r—r—vrv
\

VL 60 v L R W T OO

— ~TT /A /SN /) WA Al
—_— e Y S A A A

- - @ - @ @ @-— - -

- - - W | —

/
¢ 4 A VoY o W W W e

//;\;,O_? V?%—”:H?ﬁ?z/ﬂ' EIE , TEDTE , MNTZER 5 IR 7 v, logp(z)

1. LiuQ, Lee J, Jordan M. A kernelized Stein discrepancy for goodness-of-fit tests[ C]//International conference on machine learning. PMLR, 2016: 276-284.
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Score-based Generative Model——
Key to use Score Function

m I4E4% : Fisher divergence  Epo)[[| V2 logp(z) — so(z) ]3]
B LTHEERR R  Score Matching
m YYa){E R R I|4ReF A0S D 1R EY
B BirENIRID MR BEinn T
m 530 BBZAEINEREF (Langevin dynamics )
B YAERIS o PaRE - Nk
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Score-based Generative Model
Score Matching for training s(x)

B HNFE—WEso OXEEB DR, ERFisherdElE
ISR By ]|, logp(z) — s(a)|l3]

B EEHIERREAX , ZENNDp(TiEERERD , FIAScore
Matching#k ISR LUE R Ep () MEERIMLER :

£ = Eyo)[]| 7. log p(a) — so(a) 3
— [ @17:108p@)|* + [s0(@)]* - 2(7 g p(a)) (el de

= Eyo)l[l50() > + 2tr(V.s9(x))]

B denoising score matching

B sliced score matching

Score-based Generative Model - OCSSHJ % - %1°F- https:/zhuanlan.zhihu.com/p/471570934

Estimation of non-normalized statistical models by score matching A. Hyvarinen. Journal of Machine Learning Research, Vol 6(Apr), pp. 695--709. 2005.

A connection between score matching and denoising autoencoders P. Vincent. Neural computation, Vol 23(7), pp. 1661--1674. MIT Press. 2011.

Sliced score matching: A scalable approach to density and score estimation Y. Song, S. Garg, J. Shi, S. Ermon. Uncertainty in Artificial Intelligence, pp. 574--584. 2020.

sl s
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Score-based Generative Model
Generate sample with score function

n BivEEses so(z:) ~ Vg, logp(z)

N RS TEAEEIS Ty = 2 ~n(x) , kb, RIS IR
2 BT TR A xo~p (1)

R, RAIOERSRNA RS

B EEET R, B S SOREE RS RAEE , R
R R IR RO R

Tii1 < T; + €V, logp(z) + V2ez;
2z € N(0,1);i="T,...,1,0



WS P EE PGP

HARBIN INSTITUTE OF TECHNOLOGY, SHENZHEN

Score-based Generative Model

Score Trap
W [A]g

m Ri1EESMER . sy(z;) = V,, logp(z;)
m RESEII FisherslEEAMMLETR :

Epo |2 0gp(a) ~ 50(2)|3] = [ p(e)]7 log(a) - so(e) 3da

mEURE , [BEIRRZ AR EiREE

Tir1 < x; + €V logp(x) + Vv 2ez;
2 € N(0,1);i=T,...,1,0

B FERR  SOREARSHEER , XENSEREEX,
B FRRTTE GRS ESCEUEINAZ REERE 5]

Data density

Perturbed density

Data scores
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Score-based Generative Model
How to avoid Score Trap

B [Bf - SEIRY)IEGRIRERE S ST IR, KEIER a2
RS TIEARKEE
B EEAMERE D mXE ? I EETE]  BAXERS RS EE
B NZDIRRE ? IS KIERE SECRERE .
B BIFEENSEXRE | EREAREN IR S REMNE.
B XENSHTD AR JUEX N REREXRES

T, =Ti 1+ 0;2,Z ~ N(O, ].)

O- 1 . < 0-2 i Gaan °o <

- £ B EEZIMAREERS
-
, PRIFEI AR EIE IS D RREN
. 14
89(33,2) ~ V. logpaz 2/\ pa (2) ||V log po, (z) — So(x,i)\lg]
1=1
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Background
( 1) diffusion probabilistic models ( 2015 ) 2 T o [

B T EERANFEAFNEEZEEXET SEREEXE, ; 5t g () i I
TEESE D iR BB S MANTE | B 4= Bl
X0 ™~ Pcomplex — T(XO) ~ Pprior ? & ‘
TR | B AR Bk, R e I
EMarkovis iais T , IKHATLNEI—FF] (T ) S | AR
S TR, R
XNFEED T, &EEEXNHMESHDH N iz, N o
ETFEE  FENEES | ILABSERSAGVIMIED |, & fu (x©,1) =
BEIS—57

u *@ET _ﬁ\ﬁ)ﬁ%"v&a\ﬁ*ﬁﬂgﬁ?ﬁﬁg *E;J'g : Figure 1. The proposed modeling framework trained on 2-d swiss roll data. The top row shows time slices from the forward trajectory
q (x(o"'T)). The data distribution (left) undergoes Gaussian diffusion, which grad into an identity-covariance Gaus-

A3 A A St Ay = = M2 / \
u @ﬂ]ﬁfbﬁu I-E.I j:}-‘- gﬁﬂ* Eggﬁims %’Eﬂﬁ%ﬁﬁ& JJ ﬁ I:FI sian (right). The middle row shows the corresponding time slic trained reverse trajectory p (x(o' ' ‘T)) . An identity-covariance
Gaussian (right) undergoes a Gaussian diffusion process with 1 an and covariance functions, and is gradually transformed back

A3 '};gl - /\ Y = N, N = \ -
E,\J%*@ ° %E ! %g I &F:T—HT- %&]‘;—I-*EE ! l‘;'_ﬂ*EEE-“’ J"V\X into the data distribution (left). The bottom row shows the drift term, £, (x(t) ; t) —x® , for the same reverse diffusion process.

SEIRTRIEH

1. Sohl-Dickstein J, Weiss E, Maheswaranathan N, et al. Deep unsupervised learning using nonequilibrium thermodynamics[C]//International Conference on Machine Learning. PMLR,
2015: 2256-2265.
2. Jarzynski C. Equilibrium free-energy differences from nonequilibrium measurements: A master-equation approach[J]. Physical Review E, 1997, 56(5): 5018.=
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Background (—mpl ) m
( 2 ) Hierarchical VAE ( 2015, 202055 ) . <r> &S g g
g - g g
B VAEMEBGRIEET : FRERA (210, o0l SIS AR 2 Que Ei ’5
BERBHISEES RYEE § <,> 0 g E
B HVAEMZEMIREMILVAE, BEBEZEzD NAERNZHSHT S é 5 &
, AEHZ BEERIFRERIR R
m B$: z={z1,22,...,2L} r

L L
9@ = [] a@lz<t),  plx) = [ | pailz<t, %)

q@lz<) = N (Zl; u(z<p), 0‘2(Z< l)) (a) Bidirectional Encoder (b) Generative Model

Pz, x) = N (213 pz<r) + Dulz<i, %), 6% (2<1) @ Ac?(z<1, X)) Figure 2: The neural networks implement-
ing an encoder ¢(z|z) and generative model

p(z, 2) for a 3-group hierarchical VAE. <>
B S EREENR , LB ERENARTEMZNBER , UE denotes residual neural networks, (+) de-

ap o e |14 AR T e nptes feature-combi'nation (e.g., concatena-
Hbjjj{j{iagﬁ I {mee@ull—%‘:\o HVAEE'%T%'{*’U‘B’%‘—EE%EG%IH\ thI‘l), and IS a tralnable pal'ametel'.

1. Vahdat A, Kautz J. NVAE: A deep hierarchical variational autoencoder[J]. Advances in neural information processing systems, 2020, 33: 19667-19679.
2. 9RKHINVAE: PUE FAANBEULVAEAE il EHE B T - B2 [A]|Scientific Spaces (kexue.fm)

3. Kingma D P, Salimans T, Jozefowicz R, et al. Improved variational inference with inverse autoregressive flow[J]. Advances in neural information processing systems, 2016, 29.
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Diffusion Models

m Denoising Diffusion Probabilistic Models ( DDPM ) B9t &=
EESNCSNXJOriginal-DiffusionfyiiH

(which we will call a “diffusion model” for brevity) is a parameterized Markov chain trained using
variational inference to produce samples matching the data after finite time. Transitions of this chain
are learned to reverse a diffusion process, which is a Markov chain that gradually adds noise to the
data in the opposite direction of sampling until signal is destroyed.

n R polGee-afx:)
B FidRE—INER @ — S sse —8 @ @ — 8 s s —
» EEmE—EE 0 @m0 <
n ER xt|xt_1
n ISR

Figure 2: The directed graphical model considered in this work.

1. HoJ, Jain A, Abbeel P. Denoising diffusion probabilistic models[J]. Advances in Neural Information Processing Systems, 2020, 33: 6840-6851.
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Diffusion Models
——Forward Progress

N B

pext1|xt
@ @H H

B SEBRREIED T x~q(x), ERER MRS EIERSI IS o

2~()=N(O,1). AEMEIHHETEz , BRBRIEITHT ddze)
m XIFDDPMCHIATRHIMST , ELEdHnE—%5 , FREEASERST
(VAEYHERIERRRAS: | (SENBBIASINEIRISTE | B ENARio7 . a@ifzia) = N(@i V1= bz, BiT) B € (0,1)
Ty = \/1—_Btwt_1 + \/Eet e ~ N(0,1)
m Skt
n DDPMW@Markeva’Jnuuﬁiﬁ va=1-fna = Haz
m SRR {z;}] | fEAMarkovilIB MRS, THYBSK X; = \/ouXe_1 + mzt_l
] %—5&’9B%kaﬁllg?ﬁu—%u&%ﬁe , SRR DT (xex—1)K = Voo 1xi 2 +vor(l — a1)z-2 + 1 — uz 1
s = ooy 1X¢ 9 + \/Ttatlzt 2
B ESERTTI IR x0>xt B -
R IRTEEEEN , FUEIN ; Bie. HRETHIHARERS = f QX0 + V1 — a2

q(T¢|To) = N (Zt; V oo, (L — g )l)

1. HoJ, Jain A, Abbeel P. Denoising diffusion probabilistic models[J]. Advances in Neural Information Processing Systems, 2020, 33: 6840-6851.

2. What are Diffusion Models? | Lil'Log (lilianweng.github.io)



https://lilianweng.github.io/posts/2021-07-11-diffusion-models/
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Diffusion Models
——Reverse Progress

m DDPMElY , BHRIE HAFE TR
FIIITTE | R IR
q ( Lt—1 | Lt )

B NSRS ST LRI
q(@i-1|me) ZHEEER , FRISEIREAXO

1. 4 &Diffusionfi7!? - wrong. wang

Q(xt|xt—1)

(I(wt—1|€8t)

~



https://wrong.wang/blog/20220605-%E4%BB%80%E4%B9%88%E6%98%AFdiffusion%E6%A8%A1%E5%9E%8B/
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Use variational lower bound

DifoSion MOdels ..................................

. i

B Key: fil‘:ﬂi’é%%:\i‘ﬁ q(@i-1]z:) BHAREF?

B OEH A8y AN ES AR S End ARG HH KX [1] g \ _____ o
u %UﬁHBayes: (Cct|a3t_1)Q(fL't_1) q(x¢—1]%¢) is unknown :
q(@i-1|me) = a(z:) S UTTTRRSURPRPPONS :
t
xTt|T = N (x4 /a1, Bel
n EE , RES/REHER | SO T Bayes . ) T ( t L Bl)
Q(wt 1|330 SL't 15V 120,/ 1 — at—lI)

Q($t|$t—1)CI(ﬂ3t—1|$0)

q(z¢-1|ze, T0) = (CUtICUO) q(zi|zo) = N(z4-1; \/a_tfco, V1—al)

B ST, S—TEERN , SRR -
u E.]-%D (.’L’t 1|$l3t,33()) 1EIW§EI_JHF|' ﬁ Q(c’Bt—1|33t, ZE()) = N(mt_l; /jt(m(), xt) 6?1)
B SENAEERANEL N Vo (l— at_l) NG Vai 1B
ﬂt(xo, mt) B 1— at 1 — at =0
— 1—ai
gy = ), — 51&

1. Feller W. On the theory of stochastic processes, with particular reference to applications|[M]//Selected Papers 1. Springer, Cham, 2015: 769-798.
2. AR HEMIETR (=) : DDPM = DIntiy + 0 - Bl =27 []|Scientific Spaces (kexue.fim)
3. {4 eDiffusiont¥ 4 ? - wrong.wang



https://kexue.fm/archives/9164
https://wrong.wang/blog/20220605-%E4%BB%80%E4%B9%88%E6%98%AFdiffusion%E6%A8%A1%E5%9E%8B/

R I P ELAC S

HARBIN INSTITUTE OF TECHNOLOGY, SHENZHEN

Use variational lower bound

Diffusion Models BT .

Optimization Target @ @ﬂi@ >
; Rl - '

B BARE TN BRTSEX0NFE | TEEERRRE,

n EiEST Po(Ti1]T:) = q(zi1]2t, T0) B S
Alxthss , BRFASHNE, & ~ dbxiax) is unknown
Pe(xt—1|$t) — N(mt—l;ﬂe(fcmt)aUﬂ(mtat)) _ 9
B RUERUSIMEE NP, qEIKLEES q(zs-1|Ts, 20) = N (2615 e (20, 24), 57 1)
B NSRS TR LA o BRI TR B 5E - ) Jar(l—a1) . N
1 _ Kt (Lo, Tt) = = Tt + ——— %o
L=E, = || e(zo, z0) — pa(@e, t)]|?] + C l—a 1=
2||gg(zt, t)][5 5 1 _at—IIB
n XEMTHER &, S, TSN S T

el BHirl: YJ1Eloss
17 (20, 1) — po(ze, t)||?

1. Ay BUEAER (=) . DDPM = Dli#r + 20 - Rl2225[8]|Scientific Spaces (kexue.fm)
2. 4 &Diffusionfsi?! ? - wrong. wang
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Diffusion Models

Recall Optimization etk BArl: $51Hloss

m EREEERLTE 175 (2o, z¢) — po(zs, t)||?
m HAERREME oz, 1), 8809 (xt, t) , FRUMSE fi(zo, 20)
FEIERET | SRABREAXORIL , 1RIBG(xt|xO)Ek/Ext, RIFARS Fie(zo, 0) -
Q:l:é ) ~/B ’ \3:7 ) 3y g s/B A|~ . E T —
=0 Xt&{agliound truth 56, DEAMERITL , Sground q(zt-1]zt, 20) = N(T4-1; Mt(wo,wt),aff)
truthfL23R5LL _ —
_ Vol —aia) vV a1
/Jt(l’o,il?t) — 1—a Tt + ﬁxo
B SHEUERIERIEE , SRR ERTIAS MY EESCEIEIET | 1 : b !
RTINS FREO SO EISR | BDEMETTNG (o) e Gy ) HISESLI - = — %ﬂt
— o
L = Exyng(xy) | — log po(xo0)] ..
m ERESIRETSE(2] 1 _ ,
L=E, | (0, 1) — po(ze,t)||°] + C

2[|o0(e, t)13

1. AT BuERER (=) . DDPM = DI + 20 - Bl2£2516]|Scientific Spaces (kexue.fm)

2. 4 &Diffusionfsi?! ? - wrong. wang
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Diffusion Models
Optimization Target

[EFEVAEXSERE | HRIXEENZEBIRA. DDPMIH T H—EE1K
B EETI , xOREARFELHIEY , APsER EREIEIXtFuNx0 ?

Vai(l —atq) 2, 4 vV a1 N

Use variational lower bound

~

e (xg, Tr) = — —
,ut(() t) ].—O{t l—at 0 @

A FEREENE (s, t) FUX0, HAELEXATE :
Vai(l—a; 1) - vor1Be
o Y L

po(zo, @) = ——— = = Zo(z+, 1)
B XFEMERT , BRSNS FIX0EL2 iIZE IR AIREL.

|lzo — Zo(z¢, t)|1°

B MXPMEERH , x0NFRREG , xtIINEEE: , XMBRENEBNARRES
IRIRE |, tBRiEDDPM%E— "D (Denosing)BY& X

1. Ay BUEAER (=) . DDPM = Dli#r + 20 - Rl2225[8]|Scientific Spaces (kexue.fm)
2. 4 &Diffusionfsi?! ? - wrong. wang

______

i BAr2: Ei%loss

lzo — Zo(z¢, t)|°
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Use variational lower bound

Diffusion MOdeIS ..................................

Optimization Target @ @ o @ SN
B AMAEMERAINEEEEAERN , FEEATHZ , xtHaASEom , A . _____
ETEIN OB R ; Q(x' _
N EREX0, HIEQXX0) | ATLUSENOSXAETERS - ) sunkoown
e e S .
2, — /I —ae, q(@i1|zs, o) = N (2115 Tt (o, 21), 57T
~ ~:> :1:0/— a, Ty (o, 1) — Vour(l __at—l) Voar1By z0
B EXOTANGT Lt(zo, 2:) 15 1 — at 1 — oy

Lt — € —
\/a_t \/1—at\/— ¢ 1_at 'Bt
B XEBRORAIEANRIERS. Lﬁ&ﬂ]?ft‘ﬂlﬁﬁﬁ IREE g (4, t) BELRRE

L™ = By e € — €0(xi,)]?] HEALHBR3: Wtloss

= Epfi x|l — €0(v/Gixo + V1 — drer, )]?] le — éq(a, t) |2

ﬁt(CBO, iBt) =

1. What are Diffusion Models? | Lil'Log (lilianweng.github.i0)
2. H4EDiffusiontsi%! ? - wrong.wang



https://lilianweng.github.io/posts/2021-07-11-diffusion-models/
https://wrong.wang/blog/20220605-%E4%BB%80%E4%B9%88%E6%98%AFdiffusion%E6%A8%A1%E5%9E%8B/
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Diffusion Models
Predictor-Corrector

B R KT N — xthd
Pe(wt—1|$t) ~ CI(iBt—1|«’IJt,=’I30)

n BiISREFEERERE To(T, t)FElX0
Vor(l —az1) \/ o-10¢ .

——ZplTy, T
].—at l—Oét 0 t,)

po(xo, xt) =

m NEREEEETUERXO , BE—SENMAL S EIENREE ?
B EEIAREVEMBRILTERESERER
B ZRRLAFGIXO0 , EEZRIRENTUEIER | BRIXBRIAAGE ;
m AEFIRE po(xi—1|x:) RIMEE—/NS
B ED7EXS M EAERETR S | EREERSHIT S S RS — N,

1. What are Diffusion Models? | Lil'Log (lilianweng.github.i0)
2. H4EDiffusiontsi%! ? - wrong.wang



https://lilianweng.github.io/posts/2021-07-11-diffusion-models/
https://wrong.wang/blog/20220605-%E4%BB%80%E4%B9%88%E6%98%AFdiffusion%E6%A8%A1%E5%9E%8B/
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Diffusion Models
——Training and Sampling

Algorithm 1 Training Algorithm 2 Sampling
;: repeat - 1: x7 ~ N(0,I)
* Roeegr 2: fort=T,...,1do
¢ [/{;1(130}1;1({1’ .-»T}) 3. 2~ N(0,I)ift > 1, elsez =0
D€~ ) .
5: Take gradient descent step on 4 Xp1 = \/%—t (xt - ﬁeg(xt, t)) + otz
Vo He — €o(v/arxo + V1 — aue, t)H2 5: end for
6: until converged 6: return xg

YIS, 43IMg(x0). Uniform(l,---,T). N(0,I)hptEslay, thle, FAARIHEMESL,, KoM
ERENIL, TS| — AN, B MEFII A AT ST SRR e IS, S X — it R e S IKsK,

Diffusiontf& B ¥ 5 RAEF NN Z T ERE AT =4
1 ¥z MIEEANLG, FlEEEsEe
2 PRI LI ey, By — \/%(xt _ ﬂ'i_ae)

3. 015t > 1, BEMN (g, o21) FREESG Sz, 1, FIFESEET, FIDUEREESRREECNE ok 2 €
N(0,I), REHET; 1 = pg + 012, MRt =1, BHHEDT) = Wy

1. What are Diffusion Models? | Lil'Log (lilianweng.github.i0)
2. 4 &Diffusionfsi?! ? - wrong. wang



https://lilianweng.github.io/posts/2021-07-11-diffusion-models/
https://wrong.wang/blog/20220605-%E4%BB%80%E4%B9%88%E6%98%AFdiffusion%E6%A8%A1%E5%9E%8B/
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. . 1 betas = torch.linspace(start=0.0001, end=0.02, steps=1000)
Diffusion Models N P
_COde Example 3 # cumprod HEHATHAEMTHESL t TE—TEE alphas WBEIERER

4 # https://pytorch.org/docs/stable/generated/torch.cumprod.html
5 alphas cum = torch.cumprod(alphas, 0)
6 alphas _cum s = torch.sqrt(alphas_cum)
7 alphas cum sm = torch.sqrt(l - alphas cum)
8
9 def diffusion loss(unet model, x0, t, noise):
10 # RIEARNITE xt
11 xt = alphas_cum s[t] * x0 + alphas_cum sm[t] * noise
12 # KRBIFINIEFS
13 predicted noise = unet model(xt, t)
14 # 1T8Loss
15 return mse_ loss(predicted noise, noise)
16
17 for i in len(data_loader):
18 # MEUESIEZEN—T batch HIESZEAH
19 x0 = next(data loader)
20 # SRIERY(E)E
21 t = torch.randint(0, 1000, (batch size,))
22 # LS ERS
23 noise = torch.randn like(x 0)
24 loss = diffusion loss(model, x0, t, noise)

1. — 3Gt Diffusion Model 25 optimizer.zero_grad()

26 loss.backward()
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Unified Perspective
Score stochastic differential equations (Score SDE)  #

—— Stochastic process

B Score-based GM #[] Diffusion ModelEGZJELZE , M
AR EEE T INng-ZngEayid
B Score SDEMFEN MR HEBENREHITHZ—[1] :
dz = f(z,t)dt + g(t)dw
B MBS HAISESMmISE | HINEBBESHITE(T=1000) F(,t) : R? = RY, g(t) eR
{ESY BUIFE

B T BT oo, BRSNS R AT LA /9L BIRYBET ISR
B IR — I BEUSRE (T 80IRE ) ? REHLM ToRE(SDE)

Tiiar — Tt = f(ze,t) At + g(t)V Ate
,e € N(0,1)

P(xerat|T) = N(@eras; e + f(ze,t) AL, g(t)° A L)

1. SongY, Sohl-Dickstein J, Kingma D P, et al. Score-Based Generative Modeling through Stochastic Differential Equations[C]//International Conference on Learning Representations.

2. AR BUERNER (1) . —fRHESE 2 SDERS - Bl %% [A]|Scientific Spaces (kexue.fm)
3. Understanding Diffusion Models&#58: A Unified Perspective (calvinyluo.com)



https://kexue.fm/archives/9209
https://calvinyluo.com/2022/08/26/diffusion-tutorial.html
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Unified Perspective dz = f(z,t)dt + g(t)dw

stochastic differential equations (SDE) f(, t) N ]Rd, g(t) cR
B BB TS DERIAIESA AL _EROBEHEY e NCSN
n CORIEIBRY , TExURAIRE RS zi = zi1 + /0 — 02120
B g()FRAYT BIEEL, BHIBEVIMEAI AN d[az(t)]
B WRE—AMRERRIEE) , TAMIIE. dwETBATRR/NG = dz = \/ wa
B IR
B S SRR E— R IASES (2()}eon AR LSH DDPM
AR B
B RIS pxt)ERXO)RSHIMRBERE , BBAPX0). p(XT)Z>5l = dz = -5 B(t)zdt + 1/ B(t)dw
KRET BRSO E%ERDT
m NCSN #1 DDPM#ESBERIMAISDERTR ,2i-1 ~N(0,1),i=1,2,---,N

1. SongY, Sohl-Dickstein J, Kingma D P, et al. Score-Based Generative Modeling through Stochastic Differential Equations[C]//International Conference on Learning Representations.

2. ANy BUREIEIR (F) - —RAEZEY SDER - B} 2#%%[8]|Scientific Spaces (kexue.fm)
3. Understanding Diffusion Models&#58: A Unified Perspective (calvinyluo.com)



https://kexue.fm/archives/9209
https://calvinyluo.com/2022/08/26/diffusion-tutorial.html
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—— Reverse stochastic process

Unified Perspective——
Reverse SDE

B[O : X FEEETERYScore-based Model , FATRJLAfE
FHERZ 5 RAE NI JK,L,\EPJII)LF‘ XA
, B IEEKERASDE (R

=R QY RCAEI[E ] 5 Forward SDE (data — noise)
dx = f(x, t)dt t)dw
dz = [f(z,t) — g2(t)Vx log ps(x)]dt + g(t)dw IR )@
X EBR EAIE AERTEIAT>0 ] :
B ERAESDEF , EFHITESEE Ve log pi(T) BAi) S—— e i
EEETHMES LS ERERESDE dx = [£(x,1) — ¢ (1)Vx log pi (x)] dt + g(t)d @

Reverse SDE (noise — data)

1. SongY, Sohl-Dickstein J, Kingma D P, et al. Score-Based Generative Modeling through Stochastic Differential Equations[C]//International Conference on Learning Representations.
2. Anderson B D O. Reverse-time diffusion equation models[J]. Stochastic Processes and their Applications, 1982, 12(3): 313-326.
3. AR ERAIER (H) . —MHERE 2 SDEJ - £l5# %% [1]|Scientific Spaces (kexue.fm
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Forward SDE (data — noise)
Unified Perspective @ dx = £(x, ¢)dt + g(t)dw —>@
Estimating the Reverse SDE 'i .
dx

B OKE&RESDERFENHMEATHETRE. SNCSNERIIEES

sy ; ; == ;;fu c;; [ SRt
, FRREMILIL SIS EREFHFAScore Matching{fift — [£0x,8) — ¢ 8]V logpu(x)] d + (1) @
so(z,t) = V. log p(z)

) Reverse SDE (noise — data)
Eten0,0)Ep (@) [A([#) ||V 2 log pi(z) — so(z, t)]]3]

&

A(t) o 1/E[[| Vo) log pe(we|@o) ]
mXE RS RIERR PR Ez*ﬁs\i‘ﬁ dz = [f(z,t) — g*(t)se(z,t)]dt + g(t)dw
= l(tM’E?ﬂ—/\}JD&SIZi’EJIﬁ HRIHARIN , W T5LosstE

B S%EiER , &R AfEBfScore Matching$zI5f&i{t,Loss

Rz,

\

A5 EREL , BifSEIRFAISDERIZRIATL

1. SongY, Sohl-Dickstein J, Kingma D P, et al. Score-Based Generative Modeling through Stochastic Differential Equations[C]//International Conference on Learning Representations.
2. Anderson B D O Reverse time diffusion equation models[]] Stochastic Processes and their Applications, 1982, 12(3): 313-326.
% ‘ 7% [A]|Scientific Spaces (kexue.fm
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Data Forward SDE Prior Reverse SDE Data

dz = f(z,t)dt + g(t)dw 4)@— dz = [f(=z,t) — ¢*(t) V. logpy ()] dt + g(t)dw

Unified Perspective
Solving Reverse SDE to sampling

Reverse SDEEE T M7l SHi o 2 Bins foRUELRT B,
[T HIREEXT |, IRE—MTEIERRAL , A eI LARYE
Reverse SDE Kffas SKIBIRSxrae. ENRBIELEL , BIRTLASXEL=0
WS BT BinnmavEEAx, B EE7ODE Bk

B [1]RERR{HAISDEER A LATEASIZRA % 5 10 p (X RIS

TR N E R 75 FEODE |, i##mFIFODEMHRE
Euler-Maruyama method SDE Solver : MESEAE

dz = [f(x,t) — g*(t)se(z, t)]dt + g(t)dw

do = [f(2,t) — = g(t) V. log py()|dt
Tt — Ttyat = —[ft+At(iL't+At) — 9§+Atth+m 1ngt(ﬂ3t+At)] At+ gt+At\/E€ 2

,e ~N(0,1) B KERD ESINEEER T{EEFETFODE SolverNiEiTHE

B & - EEEEENSKODEK RS 1]

SN BEIERASSDEK (2]
B , FHEO0DE[3]
(SEFREZoA0S M ODEKARES(4]
1520ODERR928[5,6]
EEFEHeun 75 £A9E M ODEKARES(7]

Song et al., “Score-Based Generative Modeling through Stochastic Differential Equations”, ICLR, 2021

Martineau et al., “Gotta Go Fast When Generating Data with Score-Based Models”, arXiv, 2021

Song et al., “Denoising Diffusion Implicit Models”, ICLR, 2021

Liu et al., “Pseudo Numerical Methods for Diffusion Models on Manifolds”, ICLR, 2022

Zhang and Chen, “Fast Sampling of Diffusion Models with Exponential Integrator”, arXiv, 2022

Lu et al., “DPM-Solver: A Fast ODE Solver for Diffusion Probabilistic Model Sampling in Around 10 Steps”, arXiv, 2022

. Karras et al.l “Elucidatini the Desiin Siace of Diffusion-Based Generative Models”| arXiVI 2022

AN
H B EH E ©H

~


https://en.wikipedia.org/wiki/Euler%E2%80%93Maruyama_method
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Unified Perspective
How to design our own Diffusion Process
dz = f(z,t)dt + g(t)dw

B AR : HRIESDE(EE BT E N BIEILE Torar — T = f(x4,t) At + g(t)VAte
g o S T S B R AR = e [l By
B B4 IUAED ; ETHRe TR p(xi|zo) = N (z4; s o, B, 1)
[l
B RETE E’«%‘ESZM&I‘USDE&I‘]“’H so(z,t) ~ V, log py(z)
y

dz = [f(z,t) — ¢*(t)se(z, t)]dt + g(t)dw
Ty — Topor = —[Frrat(@erar) — Giyar50(Terae, t + OE)] At + geyarV Ote

W~ p(xtIXO)FIRENTTZIR L BRUFE 5 BT ATAINIEFET (7))

pi(xs) = / pix:|x0)po(x0)dxo = Exg~pyxp) [Pr(xt1X0)]

1. SongY, Sohl-Dickstein J, Kingma D P, et al. Score-Based Generative Modeling through Stochastic Differential Equations[C]//International Conference on Learning Representations.
2. Anderson B D O Reverse time diffusion equation models[]] Stochastic Processes and their Applications, 1982, 12(3): 313-326.
% 7% [A]|Scientific Spaces (kexue.fm
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Conditional Guidance

T

RS  RERHTEPK) | TSRS , AREMRAY ( peor) = pler) [T pleesled
KB, CASER ) , RS ISHBRSEPK)Y)

N NEHTERMIME | BIERHHBIVENEY 7., log p(wiy) plesrly) = plar) [[ e sleoy

B BERERMERMMENLE , 15
so(s,t,Y) = Vg, logp(z:|y)
B WESBEEGRURHER | SEE IR HRENEHMEENE
m EENIUHHI AT, BATTLAEE -
B EHEDREE LAB R IEEMES TR TEIF]
B SR V, log p(y|z) FEFESERE , ENEXICRIEETIIE P(y|ze) - pz)
p(y)
= logp(zt|y) = log p(y|z:) + log p(z:) — log p(y)
= Vg, logp(zi|ly) = Vg, logp(y|z:) + Vg, logp(z:) — 0

p(zely) =

1. HoJ, Salimans T. Classifier-free diffusion guidance[J]. arXiv preprint arXiv:2207.12598, 2022.
2. Understanding Diffusion Models&#58: A Unified Perspective (calvinyluo.com)
3. Guidance: a cheat code for diffusion models — Sander Dieleman



https://calvinyluo.com/2022/08/26/diffusion-tutorial.html
https://sander.ai/2022/05/26/guidance.html
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Conditional Guidance

Classifier Guidance p(ylz:) - p(z:)
" IREESRERERER , BEFI-MRURESENS = logp(aily) = logp(ylz:) + log p(zs) — log p(y)
K28, SRISSEANED = Vg, logp(zily) = Vg, logp(y|ze) + Vg, logp(z:) — 0

B 5z lganfJadversarial gradient classifiertf&

B ERAERAE SR RET | BEITTERIBRVIERGE D
MR D ERIBEFRIES
B IIANEREHIFRGS I SHIEE

vxt lng(CUt|y) — vat logp(ykct) T v:ct logp(wt)

1. HoJ, Salimans T. Classifier-free diffusion guidance[J]. arXiv preprint arXiv:2207.12598, 2022.
2. Guidance: a cheat code for diffusion models — Sander Dieleman



https://sander.ai/2022/05/26/guidance.html
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Conditional Guidance
Classifier-free Guidance

m Classifier GuidancefZES KAV : Ve, logp(zily) = vV, logp(y|z:) + Vi, log p(z¢)
B DEERTEENRBEGS R  FREEFINTAEBOHIE
Bt

B RS GRET RIS SRR NI IR AR R R
B FEFRTIREER  EEATHSREGEIERR | R
T EAMIES
th logp(y|mt) — v.’Bt logp(mtky) - vmt logp(mt)
B XIRED TR BN AR -
B EEMMED SIREMETIIS R Ve, 10g p(z4|y) = YV, log p(yla:) + Va, log p(zs)
Tt t — T t T t

= Y(Va, logp(z¢|y) — Vo, logp(z:)) + Vo, logp(z)
= Ve, logp(z:|y) + (1 —7) Vs, logp(z:)

7 N 7
-

1. HoJ, Salimans T. Classifier-free diffusion guidance[J]. arXiv preprint arXiv:2207.12598, 2022.
2. Guidance: a cheat code for diffusion models — Sander Dieleman



https://sander.ai/2022/05/26/guidance.html
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Conditional Guidance
Classifier-free Guidance

B NSERIREIRY  IIERMREL | DRIEREME D TIAESR
155

W Vo, logp(x|y) = vV, logp(ylz:) + Vo, log p(xs)
B AT 45— —MNMER (( SHE= o =tidl) t ¢ !
ATEW , Z—ERA—MEE (S8HE ) |, &8 = 4(Vz, log p(z:|y) — V4, logp(z:)) + Vs, log p(z:)

ANAXY)e XFFTEMAERMITSY=0B0H], = YV, logp(z:|y) + (1 — ) Vo, log p(z¢)
u ﬁ?‘ﬁ’ﬁ?:l_::f ! i—"'l)/ > 1Ej- ' *E@Z:\L&EBE% };—g%1¢§3\§&1ﬁ ' Conditionza score uncon:;tional score

MESITE TR G REEII5E
B EI RS TTTFRAUAR | BT REARRTTFRAHAAME |
EIRSIEIN T S&HPAE

1. HoJ, Salimans T. Classifier-free diffusion guidance[J]. arXiv preprint arXiv:2207.12598, 2022.
2. Guidance: a cheat code for diffusion models — Sander Dieleman
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Temporospatial Application
{Video Diffusion models)) (2022)

B Main Contribution:
B Jointly models entire videos (blocks of frames) using a 3D video architecture
(Conv3d) with interleaved spatial and temporal attention
B Conditional Sampling method for video consistency: Adding conditional guidance

for target frames sampling : fwrat
Xe(zt) = Xg(2t) —

Varllx® — %G (23

Unconditional Soomro 64x64
Video Generation:
“Video BAIR Robot 64x64 1 15
Prediction” Pushing
Kinetics-600 64x64 5 11

1. Cao H, Tan C, Gao Z, et al. A survey on generative diffusion model[J]. arXiv preprint arXiv:2209.02646, 2022.
2. Ho J, Salimans T, Gritsenko A A, et al. Video Diffusion Models[C]//Advances in Neural Information Processing Systems.
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- - S R A/ DR /. o
Temporospatlal Appllcatlo.rl. . . . :isg:?:\:;z F:iufl’xe;:(a:le;f éécir;il:c;f::;xo.;;N::(S::Sa;:]e:::tgi N0|selevelt (_
{MCVD: Masked Conditional Video Diffusion for A fereme | Y, ) |
T . . m. (Oor mrOor LR PP L L LLALL L
Prediction, Generation, and Interpolation) (2022) »© Relpe el J Noisycurrlntframesx,}
B bx3kxhxw
B Main Contribution: :isat:m iy UNet

Concatenate L Residual block

B Design the mask manner with randomly mask past/future [icOnditio;alframes :
bx 3(p+f) xhxw '

A

During sampling (T steps)
t=1,(T-)/T,.., 1T

»{ Residual block

A

frames for multiple video tasks by a single model. Resal T Bl g
Residual block i blqck N ELf_f.L_’.({f_(IE)_/_T._-_.l_{H)._
m Separately concatenate the past/future conditional SPATIN ' Ko
frames and the noisy current frames in the channel . e | e
. Interpolate to
. . . . . . correct size
dimension for video diffusion with Conv2d = - p— y
...... Y
; B R

Figure 3: We give noisy current frames to a U-Net%hose residual blocks receive conditional
information from past/future frames and noise-level. The output is the predicted noise in the current
frames, which we use to denoise the current frames. At test time, we start from pure noise.

1. Voleti V, Jolicoeur-Martineau A, Pal C. MCVD-Masked Conditional Video Diffusion for Prediction, Generation, and Interpolation[C]//Advances in Neural Information Processing
Systems..
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oy oy e e [Retton S [ e
{MCVD) (2022)

Unconditional BAIR color, multiple 64x64 5/16
Video Generation: objects, simple
B Experiment: scene
UCF101 color, 101 64x64 0 4/16

categories of
natural scenes

“Video Moving black-and- 64x64 5 5/10
Prediction” MNIST white digits
KTH grayscale 64x64 10 5/30
single-humans
BAIR 64x64 1 5/15
Cityscapes Color, natural 128x128 2 5/28
complex
natural driving
sScene
Interpolation Moving MNIST, 64x64 5+5 5/10
KTH, and
BAIR
1. Voleti V, Jolicoeur-Martineau A, Pal C. MCVD-Masked Conditional Video Diffusion for Prediction, Generation, and Interpolation[C]//Advances in Neural Information Processing

Systems..
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Temporospatial Application

L EEy
{Video Probabilistic Diffusion Models in Projected Latent Space) (2023) :&==a P _!_,—»Il»
E===E Video I ! jecti ~ Vid
555" encoder | => o |i JB P;Zﬁc:ﬁn -»> > delcoeer ng
B Main Contribution: ;e = :|»
B Learning video representation (3D-> 2D) in 3 discrete latent codes

Figure 2. Detailed illustration of our autoencoder architecture in PVDM framework ((a) in Figure 1).

and applying diffusion model on such factorized latent space.

( N ( )
Latent space Generate the initial clipx'
X —»| Video |, 7} Diffusion process 1H
encoder 0 P i Ll Z% ® 0
SEE
Denoising autoencoder €g 11
Generate the future clip x*
- D . -
12 Video ¢ ¢ D .
- -— - - <
X decoder Zo Zi-1 D . Vi -1
DUl Ua = L %
Upsample Downsample .
] residual block l residual block [I Atfaen:-lron € : Concatenation
\_ (shared) (shared) V! J )

Figure 1. Overall illustration of our projected latent video diffusion model (PVDM) framework. PVDM is composed of two components: (a)
(left) an autoencoder that maps a video into 2D image-like latent space (b) (right) a diffusion model operates in this latent space.

1. YuS, Sohn K, Kim S, et al. Video Probabilistic Diffusion Models in Projected Latent Space[J]. arXiv preprint arXiv:2302.07685, 2023. (CVPR 2023)
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Temporospatial Application
{Video Probabilistic Diffusion Models in
Projected Latent Space)) (2023)

. ) IExl x2),€ )‘||€_€9(Z2?Z(1)7t)||§
B Video Generation Task: (x5.%3).€,t t

m Like Classifier-free Condition to train autoregressive generative model. + (1= Nlle — ea(z;, O,t)||§],
B Sample an initial video clip x1 ~ pB(x), and repeat generating next clip
X +1 ~ pB(x +1|x) conditioned on the previous clip.
B Experiment:

B Video Generation task

Unconditional Video UCF101 256x256 16&128 per clip
Generation:
Sky-Timelapse 256x256 16&128 per clip

1. YuS, Sohn K, Kim S, et al. Video Probabilistic Diffusion Models in Projected Latent Space[J]. arXiv preprint arXiv:2302.07685, 2023. (CVPR 2023)
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Temporospatial Application
{ A Denoising Diffusion Model for Fluid Field Prediction) (2023)

B Main Contribution:
m Model the fluid field with p(z|7, c); The ¢ can

Input !
(,

be represented as grid data and 7 represent the

future time and is extended to be a matrix

B Experiment

m 2D 64x64 random floating-smoke case

60
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40

20

[ 20 40
t=20.0s

60
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10

0
0
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20
10

0
0

20 40
t=30.0s

L

60

60
50
40
30
20
10

0

60
50
40
30
20
10

0

P

0 20 40 60
t=40.0s

v(f)
u(r) |

> m N (2 20— ) 1)

l Concatenation

Skip connection

&3] Element-wise addition

@ Position embedding of time step

- J

Figure 4. An overview of our proposed model, where the fluid field data samples x are corrupted via diffusion process (5) to be ¢, while
initial condition and desired predicting time are ascribed as y. Then x; and y are concatenated as the input of the network, together with
the diffusion time step embedding ¢ through (9). The network is trained to predict the noise ¢ added on x given ¢, y and further used in
sampling process, which is not shown here

1. Yang G, Sommer S. A Denoising Diffusion Model for Fluid Field Prediction[J]. arXiv e-prints, 2023: arXiv: 2301.11661.)
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Temporospatial Application
{ A Denoising Diffusion Model for Fluid Field Prediction) (2023)

B Experiment
P B Three drawbacks of diffusion models on Prediction

m 2D 64x64 random floating-smoke case ,
m |ow sampling speed

B absence of physics constraint

MODEL MAE RMSE

M _“spatial inaccuracy, since diffusion-based
CGAN 0.4030 0.5749 L : :
PINN 01324 0.1767 model is originally developed for image-like
U-NET 0.3894 0.5603 spatial invariant data, which is contradicted
FLUIDDIFE  0.1975  0.3137 with the accurate fluid predictions.”
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