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Diffusion Model and SDE

ERIRE: MNETENRMSD T p(x) BOIIZGEIEFZ I BIRNEERS

T po(x) (FIRERERTNAY), FHAXMOMEERS IIGEIRBMNAFEE
N, WFEBEMESMS, HMFEREFIZBFAERPESIEEG
RIZETIFIE, FlUns. 838, B, ARFAXEFEEREERN
ORI

= MEERIEELS GANY, VAE2Z, T Diffusion Model(DM) EI#EH
—MAERURE,, HELWIEZ RS FH 8RR, B mil4EEE&
ANINNER S SEAEIRNREIE (Forward Process), fAGI8IE (Training) F#3J
RENERIFZRIRELIE (Reverse Process) SRIGEIRIEE, MTBEDS
MIRE R SRAFAE B B MBS (Sampling Process)

l|. Goodfellow, J. Pouget-Abadie, M. Mirza, B. Xu, D. Warde-Farley, S. Ozair, A.
Courville, and Y. Bengio. Generative adversarial nets. In Advances in neural information
processing systems,pages 2672—2680, 2014.

2D. P. Kingma and M. Welling. Auto-encoding variational bayes. In-ICLR; 2014
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Diffusion Model and SDE

Diffusion Model HZEIERENIEZFM D T BUEE, mIEZRHIY
BUIRER— DR TITEELNRENIERE, HENFREEERTUBE—D
FE4 2 7552 (Stochastic Differential Equation, SDE) #4THEAR, BElA

dXt = f(X, t)dt+ g(t)th

SFEGIBRTMS, x AREHZ t EIR, A(x t) R Drift
Coefficient, AFRHEABMTZMNAE, w, Rn—THIE Gauss IS, g(t)
FRA Diffuse Coefficient, 4K Gauss RENHE (RE).,

TSk [1] #—HIERE T, TEMIRTIFEA, Drift Coefficient BEIEAY!,
BN EXATURE R :

dx = f(t)xdt + g(t)dwy (1)

!D. P. Kingma, T. Salimans, B. Poole, and J. Ho, “Variational diffusion models,”in
Advances in Neural Information Processing Systems, 2021.
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Diffusion Model and SDE

BARENZRA—TRIBER x, FEMREOEIER x., X—IEA
AEMKAEE LA SDE, BISRIEMBMAZIMEA—KBEHD, TRELE
i SDE ZRi, FAIESIANMTHHE.

{SIREE (SNR, Signal-to-Noise Ratio) ik 7 @2 BB ELEEMNES 3R
E (BBE) o MIEFESBE (BBE) o MEEBIXR, HEXN:

o;

i

HA o AINEHZEBABEBRESH Amplitude, of NZRZHSE
2R, BEENE ¢ (9ER, HNFEILNREHOERGIRENEBFRLL,
[RIaEGRRIN E RS, FIEREERN 1ZE— BRI R EL

SNR(t) =
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SDE ZEBIRE

BXF, BNNENZILLTRImIRRMNEEHEIR q(x/x) TGS
Gauss D70 N(awxo, o21), B q(xt|x0) = N(awxo,o2I) (2) Bk, FAN1H
ERERRIIEFNSE A1), g(t), MERZSEIN Gauss 9%, [EEH
HIE AT E X RIS IR EE IR E /Y

BAME, R TSHNKRERRD: !

dlog o do? dlog «
ft) = g ()=t "o}

dt g 7 ar ¢

BATTFELSHIER: FXtE, B2 (1) TS EN TR, Bl:

NTJ

Xt = Xp + /Otf(s)xtds—i— /Otg(s)dwt (3)

1Cheng Lu, Yuhao Zhou, Fan Bao, Jianfei Chen, Chongxuan Li, and Jun Zhu.

Dpm-solver: A fast ode solver for diffusion probabilistic model sampling in around 10
steps, 2022.
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SDE ZEBIRE

BN ARE (3) AMIERSKEREE,
E[x] = E[xo] + /0 E[f(s)x;]ds + 0 (4)

He, BF [, g(s)dw: HIRMIZAME Gauss IREIR, FULEHAERN 0
75*5 (4) AIBAME R

t
Elx] = Bhol + | Elxlfis)ds (5)
0
FIEE, REBIR Varlx] = ] - (E[x)’, EIIE)
Var{x;] = o2
Bt, BANEAT o) — 1o g(1) = %f — 29%0 02 WA mBATE

89, EHABRIERAEGEINR—EXAT (8 t):HEM Gauss \?ﬁ
N(otiO,UtI)
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SKf# SDE NEVER A

BEKMENMD HTZAEE, BI1EETAMER Euler-Maruyama JE#1T

%ﬂﬁ*ﬁ,ﬁ—ﬁﬁém%ﬁ H&¢EW¥%%$E A3
o Euler I74E%: X F¥){E0)ER
dy

o =fix,y),a<x<b

y(a)=mn
REUERRERE: E—TEK h E—RIIR
{xo=a,x1 =a+h,xo=a+2h,..} EK y;=y(x) M Euler ;53589

=5 BRI [xn, Xnt1] 3 Y (x) = fix, y(x)) KIR5, FRERF
#ITIEM, B

Vo) =yxn) + [ i)

~ yY(xn) + hf(xn, y(xn))
= Yn + hf(Xn, ¥n)

LE—TE, DU RTNERKEEENR,
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SKf# SDE NEVER A

o Euler-Maruyama j%:Euler-Maruyama J&# Euler I74EE ML, #2
M—THERE, EE—TEENREE At~ 0 #H1TREERED
B], EY¥ SDE ¥R ANBREBED AERELHNER, T
B4 L, Euler-Maruyama JA{ER SRR EAVIASHIBENI (140
EAER)) KT T — TN EZ K EARES. Bit, EEBEE
IR —" Markov Chain,

X F—P A
dxt = a(x¢, t)dt + b(x, t)dw
9 SDE, Euler-Maruyama jAF—"> Markov ChainY @i K Z2HIfE X

o B, BXE [0, 7] nEIA N3, KA At>0
O=np<n<..<tmw=T, H At= T/N

o WHAME Yo =x0

o WF0<n<N-1, ERITE
Yor1 = Yo+ a(Ya, mh) At + b(Y,, 7h) Aw,

EEF' AVVn == W’T - WTn

n+1

A Survey on Diffusion Model Through SDE 2023.9.15



VP-SDE 5 DDPM BSgI[EZFE

ERiEEIFSER SDE BN Diffusion Model BYBIENIRITFE (Forward
Process), X—ERZNBNEIERBEGERBAEZETE, —EITHN
Forward Process SDE #RJ9 Variance Preserving SDE(VP-SDE)

1 vP SDE W1F:
dx =1/1— o?xdt + \/oZdw

HABENRBAXATH, HREET ar= 1 —of FEIRY, ZERERM
Gauss 2% N(\/1 — o7xp, 021) 3X— SDE ZFfAFR ﬂf
Variance-Preserving B9, RERNAR (5) AIH, FHIR 1T Rescale %]
AE1% xo, RIE Elx] =0 B E3] =1, BIRIAN E[xt] = o, E[x%] =1,
A Vi — 1

Eit, 2 X—aiadiE, BIPEREBER x ¥BER xr~ N0, 1)

ly. Song, J. Sohl-Dickstein, D. P. Kingma, A. Kumar, S. Ermon, and B. Poole,
“Score-based generative modeling through stochastic differential equations,”in
International Conference on Learning Representations, 2021.
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VP-SDE 5 DDPM BSgI[EZFE

%49 SDE BERSEINAFRHEHE AR Diffusion BUIEFE, BN T EEBXI AHTE
HITKREE, HNFEN LR VP-SDE #ITEHMN.
22 Euler-Maruyama B85, L& VP SDE BZ2I—1EB%A Markov 489

FEALIS A2 :
xi=1/1—0ixi-1+ \/:?Zi—1
HA, 21~ N0,1) BT 3 @R/, ELLA Taylor's Formula, BILA
B LER1ek: )
Xi = _50'?)(#1 + \/07?2,;1

X—B#LEHY Markov Chain BN DDPMBSRIEMNIEITFE

1J. Ho, A. Jain, and P. Abbeel, “Denoising diffusion probabilistic models,”in
Advances in Neural Information Processing Systems, vol. 33, 2020, pp.-6840—6851.
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VE-SDE 5 NCSN RygiaEdie

E#FHh, NCSNAYE]EINERITFEh A] DAARE— M5 kRO BB D H 12,
Bl Variance Exploding SDE (VE), £ Euler-Maruyama B#{t1S2I89
VE SDE #1F:
dlo*(t)]

g dw
BXF, HOGRE TERIEPEBESEE of = 1 FIfFRINER. 1%
BREAIBIXHRIT A1), g(t) XXHNES, LA

dx =

dlog « do? dlog do?
flt) = dtt:o’gz(t):Ttt_ dtt?:Ttt

EQE, ﬁﬂ\]ﬁﬁx U(t) = Umin(%)a te (0; 1], /E\:EP Omax) Omin y‘jﬁﬁ
RINEERENRA. &/IME. BT o(t) 82X T t WEHN, ALE
FRA Variance Exploding SDE

Yang Song and Stefano Ermon. Generative modeling by estimating gradients of the
data distribution. In Advances in Neural Information Processing Systems, pp. 11895—
11907, 2019
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VE-SDE 5 NCSN RygiaEdie

+FIXZ Euler-Maruyama BEULE, 55

2
Xi = Xji—1 + d(adi ))At, 1 =Xi—1+1/0? — 0%,z

B9 NCSN B9gimEidiz
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Reverse-time SDE

£ Sampling IR, BENNBERREREE, LIEMBENIRS

x(T) ~ p(T) REAEMRFEIBER. X—IFZ5BIHEHAY Forward Process
MR, ELHFRA Reverse Process, M SDE WEBEXRE, FHI1WE
N EE#E] Forward SDE XTI EHEITFE,

HXER 38— SDE

dxy = f{x, t)dt + g(t)dw;
#HE— X TFRE /R EAY Reverse SDE, HEX A
dx = [f(x, ) — ()7 log pex)|dt + g(£)d(6)

FAEHE, w thE— MRETEHERET, V. logp(x) #iH Score
Function, E2— A8, ERETEEDHINMEETSE.

!Brian D O Anderson. Reverse-time diffusion equation models. Stochastic Process.
Appl., 12(3): 313—326, May 1982.
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Reverse-time SDE

AT UMY IBER A EE IR FR (6) =0, MFMSHRNS
FYEERE, ENZ2INEREREREETHN., WREBRIAT IR
I rE, BNYEEREME S E#HIT. M SDE B Drift Coefficient 1E
=HADMIEAE A, FEULERZTE Drift Coefficient BYER ERINRE
MENERAME,

HF1E Reverse Process 1, FMTRMAIRZER xr H&, FELEEA]
N ESLEURIID T paata(x) BIMBE Vi log pyata(x) HAERE, MMEH
ERE KRB ESLE %2 %R0 Score Function, FRIA, FHRATEEFIE
4NFHY Score-Matching B!, FRD TR EWNERDHIE, X Score
Function #1T{h1t, 15Z! Score-Based Modelsy(x, t), XA THIX
FT1%AY Training 1332

1Yang Song, Sahaj Garg, Jiaxin Shi, and Stefano Ermon. Sliced score matching: A
scalable approach to density and score estimation. In Proceedings of the Thirty-Fifth
Conference on Uncertainty in Artificial Intelligence, UAI 2019, Tel Aviv, Israel, July
22-25, 2019, pp. 204, 2019a.
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Training of Score-based Model

TEIZK Score-based Model B, Ff10VE 2B INEGEE—T
so(x, t) IEESED R Score-FunctionV1og pyara(x). ElL, FATATIA
F&/JMt Fisher Divergence fERI)IIZkB¥r., BIEMRN:

0 = arg mgin E pgaca ||V x 108 Paata(x) — sp(x; t)”%]

B, WMABUENESZDT poata(x) BARABY, FEETXAFR Loss
Functlon, BAVTIEXT sp(x, t) l_ﬂ'ﬁllﬂﬁ EXE, BN
Score-Matching! ¥ EXX#H1TILE, KT DR EFIRE, LARMEKRE
AILATLE A

L= EPdataH ’vx 10g pdata(X) — 59 (X7 t) | ’%]

1
= My, [V, 1) + 135, B3] + const

LA, Hyvirinen. Estimation of Non-Normalized Statistical Models by Score Matching.
Journal
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Training of Score-based Model

BT A%, BNEIRRFENEABEFTERLNEIIED T pdata(x)
FEERRRAERT, FATRIUMBABIERRFE T A

X1s X2 ooy XT ™ Pdata(X)

TRET XEHRARE, HIMIMKRE LA (FEEH const) :

~ 1 1

L= 27_2L1[VX59(Xi, t) + §|’59(Xi7 t)H%]
R—IRKERE [ 20T AR E AT ORIE L R/ 0
BIRI) . MEAHER, [ HERKET L, TUARZELFoR
(almost sure) 185, EUEEATRIAMKLELIIZRSE] Score-based Model
So (Xa t)
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Equivalence of Different Training Objects

BEXE, ERINGHETRE Ep,,,[||Vx1og paata(x) — so(x, t)||3] BERTA
EERPI T — Score-based Model, R ABE—IEEGITHER
(Noise Prediction Model)eg(x, t), BRI EEE—THTF it Ha1E %
FRXS R RIS EURAIIREY xo(x, t), Ff1TFEIER LA =FMEEAIIGEE
M.

B ERRKRRER L HR:

L= Pd ta [HV log pdata(x t) (Xt7 t)H%]

= Epdara[?no'tvx log pdata(X, t) — otsp(Xt, t)”%]
t
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Equivalence of Different Training Objects

MEAIEE, 233 Forward Process BIBISHE p(x:) = N(auwxg, o21),
Lt x; = exp[— M] HATHLITE Vi log paara(x, t)

Xt — OXo
Vx log pdata(xa t) = _%
Ot
MEBAT x: = axg + o, EXRIAER:
Xt — QipXQ €(Xg, t
vxlogpdata(xa t) =-= 2 == ( - )
Ut Ot

B, e(x,, t) NHBIBGRFAENEER Ground Truth {&
Eitb, 15

1
L = Epuul51l0Vxlog pdata(xt, t) = oesy (e, )[[3]
t

1
- ;?Epdatam - G(Xtv t) - Uts@(xh t)||g]

A Survey on Diffusion Model Through SDE 2023.9.15



Equivalence of Different Training Objects

Eitk, ERXABImATY —oeso(xe, t) TIABIERWEERIRFE e(x, t) BIETT
B IANEERA eo(xe, t) := —0rsp(xe, t), X—IERIFZE DDPMAYI)|
ZrET.

BRUCLASY, FATRRTAXS EIRRKRER L T FEHR, DALFEIGIT
S BIBEMRATXS N R I8 EURAIIREY xg(x, 1)

1
L= ;?Epdm[!\ee(xt, ) — e(xe, t)][3]

1
= 5 Epyulll(x — a0) = (xt = a0, 1)1

3
0‘% 2
= 5 Epga X0 — Xa(xt, 1)] 12
HUERT Y, @S IXFERIR xo(x, t) BNANRIBEIE x BGIT, &
AR 7 bR = FAERVAY) | K2 F MY,

1J. Ho, A. Jain, and P. Abbeel, “Denoising diffusion probabilistic models,”in
Advances in Neural Information Processing Systems, vol. 33, 2020, pp.-6840—6851.
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KfEE Reverse SDE

IEKEF Score-Based Modelsy(x, t) f&, FATIENEREFEERIE, 1
MEMBENIZE x(T) ~ p(T), BIIKER Reverse SDE 157 x(0), EX
—KEERNEREP, BAEFFRIBAER L& Euler-Maruyama BEUEXT (6)
VHITANE,

Z ERGEERNE, HA1SEE:

Xi = Xip1 — fixijp1) + g%rlse(xiﬂ7 i+1)+ gir1zit1

EEP Zy ~ N(O, I)
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DDPM Sampling

BATERIXH DDPM EEIFYZEL N Reverse Process SDE, 5%
1
dx = _503 (xt — Vx, log ge(x¢))dt + \/ o dw
22 Euler-Maruyama BE(LE, B3:

1
Xt—1 = X¢ + 50?(Xt — sp(xe, 1)) + oFsp(xe, t) + \ otz

1 1
= (1 + 50'1_2.)Xt + 50'1_2-59(Xt, t) + O'%Zt

LILEEN DDPM B9RA¥1IFE, BN Ancestral Sampling!

1J. Ho, A. Jain, and P. Abbeel, “Denoising diffusion probabilistic models”in Advances
in Neural Information Processing Systems, vol. 33, 2020, pp. 6840—6851.
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NCSN Sampling

B, FF NCSN M, HEMNNANBFIXRENREE, H Reverse
Process B SDE a1 F:

d(o? d(c?
dx = —(;t)s@(x, t)dt + (jtt)dw

22 Euler-Maruyama BE(tiE, =3:
d(o? d(o?
Xt—1 :Xt+ (dtt)SQ(X, t)+ (dtt)zt

BNJ9 NCSN HEYIE K Langevin SR4£1d

Yang Song and Stefano Ermon. Generative modeling by estimating gradients of the

data distribution. In Advances in Neural Information Processing Systems, pp. 11895—
11907, 2019

A Survey on Diffusion Model Through SDE 2023.9.15



Probability Flow ODE

1£ Sampling A, HNTEBEMNAIZFE xr SEIREBEG x, IEER
BRI EERR 7 /B KRR LR Reverse Process SDE, {EHF SDE A&
FEALME, ELAFFAERRANSKAITERNY, SHEE—REEE
£ 1000~2000 &, WERE, ELk, FKTETARF TEHR Probability
Flow ODEXISRAEFTIZHITMAL, DALLIR/D IR RAEFRBAIS L,
XF—1—H%HY SDE, HiAMEN FIMENIZEE, RMNNTFEER
Y, mMESNHNSHNIEIREN, "TUEBE—" PDE, Al
Fokker-Planck /T2 {THHR2

Y. Song, J. Sohl-Dickstein, D. P. Kingma, A. Kumar, S. Ermon, and B. Poole,
“Score-based generative modeling through stochastic differential equations,”in
International Conference on Learning Representations, 2021.

2Dimitra Maoutsa, Sebastian Reich, and Manfred Opper. Interacting particle
solutions of fokker-planck equations through gradient-log-density estimation. arXiv
preprint arXiv:2006.00702, 2020.
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Probability Flow ODE
FF—1—Af%HY SDE

dx = f(x, t)dt + g(t)dw
HIFNHY Fokker-Planck FF22:
op(x, t) 0 1. 02

r ) = i 16 Ol 0] + 35555 [8(0p(x 0] (7)
MER (7) #ITFENTR, [E:
X 2
e i 0t ) + SR (0 — (0)pl o)
25 L i
9 '8x,2 o p(x, )]
= =i B )] + 5 0i[(€(8) — () 5—plx. 8]
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Probability Flow ODE

MENER 5
aiip(x’ t) = p(x, t)ﬁix, log p(x, t)
Fst
= i 060 ] + 5 i (@) — o> (0)plx, 8 log plx. ]
15,2 1200t
> Vigal” p(x, t)]
= i [(fx ) — 5(€(0) — () 5 log s £)p(x; O]
1, 6%
+ 38l (0plx 0] (8)

;
ax,?
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Probability Flow ODE

1% 8 Ito Process #] Fokker-Planck STEHISTRI X ZR, (8) XIRELN

T lto Process

1(5;2(t) — 0%(t))Vxlog p(x, t))dt 4 o(t)dw

dx = (f(x, t) — 5

BF Fokker-Planck ATFEHTHIEEHMNTH, ELb_EIA Ito Process fE{E
B2 TF5
dx = f(x, t)dt + g(t)dw

'S Hjﬂﬂ’]ﬂé% 2% p(x) =—E
FEitb, BY 02 = 0 BIRI{SEI40 A9 ODE:

L (¥, 1og p(x, 1)) dt (9)

dx = (f(x, t) — 5
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Probability Flow ODE

H{BPAS (8) NEEHERNAGE D, (9) iR, E—THEERIHT,
HEMRIBEB D po(x) IEBAAIRE DT pr(x), BETH¥EN, XHXS
Flow-based Model RYBEE—H (Bl@E — AP EHRIG IR TRAE
AK), B—H Continuous Normalizing Flow!, EItttFRY Probability Flow
BT (9) MEREFEN, EEEERTUR TR OEEIRE, ekl
BT R Reverse Process?, Eth 21X PFE(TIREITA Reverse-time
SDE
dx = [f(x, t) — & (t)Vxlog pe(x)]dt + g(t)dw

S$RZEY Probability Flow ODE

'Ricky TQ Chen, Jens Behrmann, David K Duvenaud, and J orn-Henrik Jacobsen.
Residual flows for invertible generative modeling. In Advances in Neural Information
Processing Systems, pp. 9916—9926, 2019.

2Cheng Lu, Yuhao Zhou, Fan Bao, Jianfei Chen, Chongxuan Li, and Jun Zhu.
Dpm-solver: A fast ode solver for diffusion probabilistic model sampling in around 10
steps, 2022.
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Semi-Linear Structure

SF EmEA (9) X, HATTUBE LRI FIREIA Noise Prediction
Model £ Score-based Model

1
Vixlog p(x, t))dt ~ sp(x, t) = —geg(xt, t)
t

BT (9) TR

% = hp(x, t) := f(t)x¢ + g;g:) €g(xe, t) (10)
BIMNERE], 3 (10) FEFE—NEUEBD A)x, AETF x LS
12 MEEN 5% (x, ) BTFHEMANTE, 24NN, Hit,
FA1#R=L (10) 3 Semi-Linear ODE.
BERRER (9), BIEAEREDEEERARRAIMOTR, X—
SR B R REERA

t t t
xe = els Ty 4 / (elr f<f>d’@eg(x7,f))dr(11)

20,
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Black-Box ODE Solvers

KR LR (10) B, BAIHARIBIEEEMAIK ODE BUERRINFIE,
gl Euler JABY Runge-Kutta J&, BRI (10) ERAR DA

g (1)

20,

Xt = xs—{—/ ho(xr, T)dT = xs—|—/ (fT)xr + eg(xr,7))dr (12)

£ Song et al.2021'7, EEFREER Runge-Kutta j&EHiT (12) iR
DEDRIE, FEITREVERE,
XM FEZFRAFRA Black-Box /374, REANEEKBNHAREERASTE
FEMMANEWTR, BBIR ho(xe, t) ERBRAIL, BEM (11) AU
&I, TESEPRAUERR, MR ft)x, NAREEIELURM, ELREERAR
MF KR, RENTEHITZREREM, SUX—IHERNRERS
TK, FEUIX Black-Box EEIHHEH RS,

ly. Song, J. Sohl-Dickstein, D. P. Kingma, A. Kumar, S. Ermon, and B. Poole,
“Score-based generative modeling through stochastic differential equations,”in
International Conference on Learning Representations, 2021.

2Peter E Kloeden and Eckhard Platen. Numerical solution of stochastic differential
equations, volume 23. Springer Science & Business Media, 2013.
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Observations of Probability Flow ODE

o B, MTRAVER (11) FOBBT SHHEME «(x 1) K2,
2 (11) BMAIRIEES o o, BRABEITTG, T A1) 1%
ARBANC RN, Hf el LEHiti+EIX—E845 (Observation 1)

o HUR, BflTH—HAER (11) IELMES (MIESHIMELE
2), 2 A= log(ar/or), EFREXHETERLAES, B1
DURTL A, 2 (EIR S 3 —%

o HBTATA, (EIRILE— TN ¢ SRR, Eit
Ao 1= log(a/or) thEIREEETE ¢ BIBATIRL, bR RREE
A, W) ¢ DT o) BREE ¢ — 6 (\0)

Eit, BATATLNE &2(1) BB R

o d\e

tdt

do? dlog « dlogo dlog «
g)y=—5-2 ‘o7 = 207 ( ‘- :

= -9
dt dr Ot dt dt ) 7

(13)
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Observations of Probability Flow ODE

ZEE "
og Ot
1) =
ft) o

BB LERXSZL (13) FAX (11) BIAI1SE:

o d\; o,
Xt:th_at/(dT )769()(77 )dT (14)

&8, EEI:_FE'_HEU tIMEXT At OREE t = 6,(\(1), FEUEFEATAT
BIRITIE, R %= xu,0(0)> 030, A1) = €a(xe, (\()> tA(A(D))),
BEIZ A(t) = log =, i%ﬂ?ﬁ&)‘l:):—_fu %l (Observation 2):

LERt, = (15) MIF ¢ fl‘”“EﬂUJTiT AR, XEIRIER N T EENRE
3 f)\ A (Xa(e)s A1) dA( t) X—RPH, FHNMERLXT ¢ RIFEEN
*X*,\ﬁ (Exponentially Weighted Integral)
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Observations of Probability Flow ODE

R T KRB LR (15) BIEERR, FOENE TRADBORESE X7,

HA M+ 1 BEE {637, M to = T ty = 0 BTER, BE—RE
B %, 1R t = 0 RSZIBOFRNME, thiSTNMREEGK., ME i—1
SRIE i HERT, BHITNEER: (FE, JEMNLERIIRRN
MEEE, BRIELEERIMRESEEMEX—EE)

Xt;_1—t; fti’%ﬁﬂn"ﬁ, K=}

Qi ti 1

ay . A Y
Xti1—=tp — —  Xti_y — O € (X)U )\)dA ( )
1 A

AT BETSEUKEE (16) VSR X, ﬁﬂ‘]—ﬁELﬂ,{ﬁ%E’\J% (16) LAY/
FE8, BN ég M A, B A, ROIEEUINAGR S fA T oeNep(, A)dA
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Observations of Probability Flow ODE

A
h,‘ = )\ti - >\ti—1
& n & s )
() __dleg(xn,
) (o ) = U

B Taylor 23, A:

AT ) )+ OO =2 )Y (17)
¥ (17) RN (16) X, H:
Qg

Xti1—=t; = — Xtj4
ti—1

i A—A
7)\( ntl 1) d}\+0(hk+1) (18)
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Observations of Probability Flow ODE

SFEER (18) X, AMEY 5<t,.,1 AIDEHITE, MARDS TR

)\ti _)\ (>‘ )‘fl 1) dA j'LXHH n/ /D\ﬁj\ 'fj‘ ﬁﬁ%l+ﬁ
(Observatlon3), gp:

Eitt, B (18) X, BMNBEEMNRE &7 (%0, ) Ae 1) MZENE
T EREHMR, BT ARA—EERNRERE (b P EEE
%F%E), HIFEEEMHITRSIZE (Observationd), b, £ n=1
i, BMOPEEE, &
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Observations of Probability Flow ODE

2% iR, DPM-Solver EFLAE 4 > Observation, #Z] 7T ReJgEithHE
WRitEFRAE S, RIFHZMERRD ML, .ﬁtEﬁ*zFiﬁ!ﬁ'J‘T

BRCHERNIRE, AN MUAERNS KERTIEN, DALINRRE
OpE ¥

k-1

. - 7/\ . p
J—ae 3 é},”’ (@x,, A, )/ - )dA}-o-O(h‘“)

ap,
R N P
@ty

Linear term Derivatives Coefficients High-order errors
Exactly Computed Approximated Exactly computed Omitted
(Observation 1) (Observation 4) (Observation 2 &3)
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DDIM & DPM-Solver-1

3 k=11, BMNEELRANF, AIKIMEN:

Oét'- ~

At
Xtilati€9(5<>\i—1’>‘ti1)/ e_Ad)\+O(()\ti7)\ti71)2) (19)

A i—1

Xti1—t; =
ti—1

G2 A IS, e o= log(ar/or), BE 2=t = e 1, BERBMIR
5, (19) AT LAROSHETIAS

S at,- ~ Ut,‘ Ut,‘
Xt; = Xt — ati(
Q4 Qg Qy;

)69 ()A(fi—l ) ti—l)
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DDIM & DPM-Solver-1

il DDIM B Sampling ZRZMZE TR (20) EHZE o = 0 BAV4EH):

Xe — /1 — apeg(Xe, t
Xe—1 = /o1 (= \/; (xe ))-1- /1 — a1 — o2ep(xe, t) + oe:(20)
t

Bp:

xt — /1 — aeeg(xt, t)
vt

AIMEL, REL or=1-a;, ZEHBIRNFMOAL, XBIERT
DDIM Z DPM-Solver BI—Ft %, EmEHFFILAINIE Sampling 7z

Xt—1 = \/at—l(

)+ /1 —arieg(xe, t)(21)
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Consistency Model

BHERIR, DPM-Solver RTEfEHMY Black-Box #EEIEAE £, R TR
BERMD NG, AEREMAENTEBRHIRE. AR EIRS
BEENZGRN RS, MaIURERNTKFITERITE.

M Consistency Model N2 E &% >] Probability Flow ODE HIAZRREL, H
T Probability Flow ODE @—MfE /T, HE—FKHNT LEE—
TREZEERENREE S, ELFRESA Consistency Model!

Data Noise

Y. Song, P. Dhariwal, M. Chen, and I. Sutskever, “Con-sistency models,” ArXiv, vol.
abs/2303.01469, 2023.3.1.1
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Consistency Model

Consistency Model BIZFA—TEMLE fH(x,t),t € (¢, T| EFI LR
Probability Flow ODE BUEREREN fx, t), ER AR EIHIHEMLE,
AT X—REHE—FHFIBER x ERRESEGR xr BT, ELHE
Rz R A 5 A

f(Xe, €) = Xe, (€ = 0)

EillZRX— Consistency Model BB E, ATRE“—HM"#THE, Bl
fRIEREI— ODE fE3E ERIR M ERIT (%, xt)) BIREBER—F8,
Hrh, X 2 Euler j5%5 Solver Xt Probability Flow ODE #1T B 8.4
THSEIE, x, M EHBIRNEIIER SDE HMiTESEIN, Eitt, K
IIBIRRERER L

L= XtE[|fy(xt, t) — fo(Xe, t)|[]

Hep \(t) A—TIEZE

XGRS RN f(x, t) BIRIT Probability Flow ODE R ERIHIT, 2
LW, BIOIRFRABENL ENEE—TEE, ErNaERINE—5
HENZEG AR EEREFRIGE &,
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Progressive Distillation

B (Progressive Distillation)! @ 5 —Fi01R Sampling Process H{
hi%, HEMER—1TT5 “?Eyﬂﬁiﬂwfﬁifﬁﬁlﬁﬁ':;i N—DSERDH
FARR, MMRARFRE, X—IE—RE T&’E ERAA
7

t e €

=
Distillaion )
2172 = f(2374 77

X = f(2156)
210 = f(z1yn m‘l@
~ o ,,{

><<: <:

X

FEX#D, BNSREX—, A z XTRHE « SNEENER, B x XK
RIS R RS

!Progressive distillation for fast sampling of diffusion models, Tim Salimans &
Jonathan Ho
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Progressive Distillation

PUMRBLRINGR: BUMY BURBL RIS /R IRANEY BURBLIN SR 5 A%

I, ERNIZEREIRFRFTUIEE ¢(z). BRIXH, YIRS

FONREY &9(z:) SIS EIRIBEBIGTNEE X, (z:) BFMAI,

A %, (z:) B9llZR AR, EiRfERN:
Require: Model %9(z) to be trained

Require: Data set D
Require: Loss weight function w()

RR=EE|

while not converged do

x~D > Sample data
t~U[0,1] > Sample time
e~ N(0,1) > Sample noise

z; = a;x + oe > Add noise to data

X =x b Clean data is target for x

A = log[a?/a?] b log-SNR

Ly = w(\)|% — %o(z,)||3 > Loss

04+ 0—~VgLy > Optimization
end while
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Progressive Distillation

WHSRBINRE X, (2,) 7, BATH—SHBFENFZEEE, HHEZE
%/i'5FI‘T/’E?F“NEFUUII%E/%E’JEEE%UT?&DHE&E%D&’E&&E’JEﬁ
B, EtnET BllgGS, RENERET#NEE, MEMENZEETR,
FEXRIR ﬁim%i‘ﬁdﬂw’]E’I‘Tm?ﬂﬂi*”ﬁl‘?ﬂzﬂ’ﬁﬁutﬂ

ER ¢ =t-22¢ =¢— 5 RAEIEMDITED, H DDIM BIREDS BRI,

N

NTESR t*ﬁﬂ’]?&ﬂsﬁaﬂimﬁ’llﬁ z, BATRIDARSEL ¢, ¢ HHIEIG:

N oy N
zp = apXy(ze) + U—(zt — Xy (2t))
t

O-t// ~
(ze — apXy(zv))
ov

Zy = atuﬁq,(zt) +
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Progressive Distillation

MEERE X AFENEINEIT—F DDIM RIFSFE 20
ERBNINER, Bz RRE—

5:

, B xRRZF
WRHENEAR, BN DDIM 7]

- - O‘t//
Zyr = QX +

o (Zt — O[t)~<)
EFRBFEREN, BM2OFERILINMEE—F DDIM FRINER
S5HMREMSEEER, HLBNEZERS 20 = z¢

~ '
Zyr = X+ — (2 — uX) = 24
ot
1 ~ o
=\l — —o | X+ —2Zt =24
t Tt
oy . Oy
ayr — —— | X =2y — —2Zy
Ot o
_ T
. Zyr e Z
X = T4
aur — oy
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Progressive Distillation

Fit, * Eﬂ: Xe(zt) Eﬁ]ﬂ R x, FAOATUERZRARERER

So(20) —% REHTERRSIIGER T, B, B(]

SERESEEAO)

Ly = w(N)[|x = X(22)]

Algorithm 1 Standard diffusion training Algorithm 2 Progressive distillation
Require: Model Xg4(z;) to be trained Require: Trained teacher model X,,(z;)
Require: Data set D Require: Data set D

Require: Loss weight function w() Require: Loss weight function w()

Require: Student sampling steps N
for K iterations do

0« n ©> Init student from teacher
while not converged do while not converged do
x~D > Sample data x~D
t~U0,1] > Sample time t=1i/N, i~ Cat[l,2,...,N]
e~ N(0,1) > Sample noise e~ N(0,1)
7z = X + o > Add noise to data Z; = X + 0€

# 2 steps of DDIM with teacher
t'=t—05/N, t”*tfl/N
zy = avXy(ze) + 2 (20 — Dttxq(Zt))

2y = iR (2e) + —ﬂ(zf/ — o Xy (210))
%X =x b Clean data is target for X X = 55%%%3—?% > Teacher X target
A = log[a? /o?] > log-SNR A = log[a? /o?]
Lg = w(A¢)||x —%o(z;)||3 > Loss Lo = w(h)||% — %o(20) |12
0«0 —~VoLy > Optimization 0«0 —~VeLy
end while end while
N6 > Student becomes next teacher
N < N/2 > Halve number of sampling steps
end for
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