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Abstract
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Propose a novel framework for score-based generative modeling using stochastic differential equations (SDEs).
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The introduction of a new generative
modeling framework based on Stochastic

Differential Equations (SDEs) and reverse-
time SDEs.
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Propose efficient sampling methods that
enhance accuracy.
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Provide new solutions for inverse

problems, extending the capabilities of
generative models.
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Achieve record-breaking performance in
image generation tasks, realizing high-
fidelity image generation.
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The framework is based on well-

established mathematical principles of
SDEs and reverse-time SDEs.
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Extensive experiments were conducted

using quantitative metrics (Inception
score, FID, and likelihood).

SCORE-BASED GENERATIVE MODELING THROUGH STOCHASTIC DIFFERENTIAL EQUATIONS




1. Introduction



1.Introduction

Score-Based Generative Models Forward SDE (data — noise)
dx = f(x,t)dt + g(t)dw

SMLD DDPM

14

dx = [£(x, 1) — ¢ (U log pi (x)] di + g(t)dw
BG4k (Song & Ermon, 2019, 2020; Ho et al., 2020)

ZEAM (Chen et al., 2020; Kong et al., 2020) Reverse SDE (noise — data)
72 74 5% (Niu et al., 2020)
FARA R (Cai et al., 2020) THHER

score function

%ﬂ7mﬂz@ ﬁLmtﬁm¢6L7%§4fiﬁx%
TRHTAIET RATR—RERETILORENZ R £ &
tf k9 52 & X2 BIET,

This framework aims to enhance and expand the capabilities of score-
based generative models by leveraging the continuous evolution of data
under a diffusion process and its corresponding reverse-time dynamics.
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1.Introduction

W Some theoretical and practical contributions in this framework

Flexible sampling and

Controllable generation Unified framework

likelihood computation

1. general-purpose SDE solver 1. Controllable generation 1. Integration of SMLD and DDPM
To integrate the reverse-time SDE Itis possible to modulate the Provid.ing - unifigd rr-lethod.for
(stochastic differential equation) generation process by conditioning on explorlng an.d adJus.tmg e
seneral-purpose SDE solvers can be information that was not available stochastic differential equations (SDEs)
used. during training.

2. Improvement in Sample Quality

2. Efficient estimation of

2. Special sampling methods - .
conditional reverse-time SDE

3. High-Fidelity Image Generation

Using a new architecture and

Cgmblnlng a numerical SDE solver The conc?lltlc?nal rev.erse-tlm.e sampling algorithm
with a score-based MCMC approach. stochastic differential equation (SDE)
can be efficiently estimated from 4. Proposal of New SDE and
unconditional scores. Record-Setting Performance
\ O\l O\ J
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2. Background



2.1 Denoising Score Matching with Langevin Dynamics (SMLD)

1. /4 XX —ILDERTE 2. Training of the Noise Conditional Score Network (NCSN)
TEDIED/ A RRT L JAREMFEZRAT Ry b7 —2 (NCSN) so(z,0) % FliEE
Omin =01 < 09 < *++ < ON = Omax
g _ = ] 9* — arg IIloinZ:O'i2 data(x)E (a:l:c) [
1=1
TTDT —RIZTVRLI/ AXEMRA DT LT, ETALRFHTZXaF7 EEOXOT
LWTF — R Z T B 7= DERNTE
. . 2 0 I ETILDIRT X —XK
pa(x|w) T N(wa L, 0 I) 0* : E%z@ﬂﬁéﬂ;:%?wa)/\"ax—g
l' BRD/ARXXT—=NL0; (T LT ETIADFTAHTERATHERDT —
%ﬁu\%“—&/\zﬁ . ROMDAATICTEDLRTELSBDEELDICETILDIRTA—R0%

81l

Po(Z) := [ Pdata(®)po (Z|)dx
pamin(m) ~ pdata(m) JAXIFEAEMAAE W ‘

] » JAZDL NS L CEREIC T — 2D MAIRZ 32 LN TE 3
RIS A XD Y )
P (#) ® N (230,000, 1) T 25027 5 2P0 EFILAEBSND,
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2.1 Denoising Score Matching with Langevin Dynamics (SMLD)

3. Sampling with Langevin MCMC L™ A RRT—LOGTDEMRAT Y TTOY Y T

7

-+ , M= 1; 255 M H>7UYZRFy 7T

I Zi'  EEERSHIHES 7 XL/ AX

KU 7 MR /A4 XH

BEb S N X 27 BEKs; (2], 04) BEERIWIWES /AZX A% o =y o

ICEDWTT -2 0hDOARARICHEE 2B, ThICEY, Y TipHEER

MICERERE NS,
Initialization Langevin MCMC Steps Obtaining the final sample
7V T DREBDEREIC, Omax 1C B/ ARRT—IL Ol LT M — o € — 0 DR,
ﬁﬁt?o@“ HIRAEER 0 1HE > 79 EA i=N,N—1,...,1. DJEICAT%FET R 7IexM ik
8 = % 4R ‘ _ Hﬁq
v Xz(') — Xff'\_/{_l %*ﬂxﬁﬂﬂ_ﬁ(\: L TEXE pomin(m) ~ pdata.(x)
0 2

xy ~ N(x |0, 0, 1) 1 l Mo DIERERY > 7ILICiE B,

m=12,..., M T
Langevin MCMC % 31T

ETIUNZEZ LT — 0/ T=FHLWT —XRA Y N ZERT DI ENTE S,
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2.2 Denoising Diffusion Probabilistic Models (DDPM)

W Constructing noise scales and Markov chain
1. /4 XRT—IVDTFEZ The definition of noise scale

Ongl’lgz""’IBNS]'

2. @)L 7EFHDEE Constructing Markov chain
BERL—Zv T —2BEA Y FXo ~ Pdata(X) ICDWTEEE < /L O 78 {X0. X1, - . XN} Z LT 3
ATy TITOBBEXRDEE

p(@ilzi1) = N(zi;2i 1, VT = BiI) = po,(zilze) = N (2520, y/ai (1 — o) I) (i = [T, (1= ;)

3. /ARXRT—ILDEKTE Setting the noise scale

J AR =L Bild. XN AUFZIFN(0,1) 126D £ 5 ICERTE,
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2.2 Denoising Diffusion Probabilistic Models (DDPM)

 Parameterization of Markov chain in the reverse direction
1. AMD~IL 78EFH Markov chain in the reverse direction

WEDAT Y 7 XiDoRIDRATY 7 Xi—1Z T A ERAWTERT D7-ODFHF T ETHERDH & ER
po(Xi1 | %) =N (xi—l; ﬁ(xz + ,BiSO(xi,i)),,Bz’I)

JARXRBGLT— XD T—XE=BEKRT 270X 2RICETILE

2. ETILVDIL—Z=VT
the evidence lower bound (ELBO)Z AW TIllfEgEd 5

ERFER Ty 7JiICH T RRELEAZNT-RIN ETANEROT — X050 ZE ENSSWEEICTFAL TWLWE D

ETADNT —ROERBEZIEEICERRICERTES L5124 %,
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2.2 Denoising Diffusion Probabilistic Models (DDPM)

3. Y7 ILVOEE

X1 = \/11—5z' (Xz‘ + Bise- (Xi,i)) —+ \/EZZ', 1=N,N—1,...,1.

MY 7L XNERAWTHERRICEAR, ZERXT v 7T/ AX%RA
Generate samples by moving backward using the initial sample X, gradually reducing noise at each step.

BAHEIEEH— R ILOBER

ZDAEHRESLY T Tancestral sampling & R
1
1l —o; x
E[||V; log po, (Z|z)||5]

1
" E[|[V, log po, (Z7) |3

R S e AN ANy AP - 8 )\

.
557 4 HLEFIL [y peXiet | X)) DY YT ¥ 5 %1TS -
\[/ 0'

(2 FE 24

This corresponds to sampling from a graphical model [, pe(xi_1 | x;)
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3. Score-Based generative
modeling with SDEs



3.1 Perturbing data with SDEs

. DifoSion Process IVIOdeI Forward SDE i 2ReverseSDE ) Data
dz = f(z,t)dt + g(t)dw q ,t) — ¢°(t)V, log py (2)] dt + g(t)dw —)‘

1. From Data Distribution to Prior Distribution
o WERREEX(0) (T — X DFE Po (ZHE S
s ERREEx(T)IZZ=RIHDH PTICHE S

2. Process of Adding Noise

Overview of score-based generative modeling through SDEs.

The standard Wiener process ZDSDEIE, REAREE L CHEOMSICHENTY
"~ (Brownian motion)|Z %3‘5 w2 AL O—/NNJ)L) 7oy EGETHBIRY . M—OEE>
2 (@ksendal, 2003)

.
KUY 7 MaE gi&@f&w P EDS VR LBT This SDE has a unique strong solution as long as the
F— 2 DT A T, BOEASWNEERT, coefficients are globally Lipschitz in both state and time.

F— R 3% % 5 BHEOBHATIERT 572 DSDEDHE
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3.2 Generating samples by reversing the SDE

1. b 7L oifs

WER
x(T) ~ pr —) x(0) ~ po

DY T

2. %HFRISDE

N AR RSO U

Qi of

Data Forward SDE
z(0) dz = f(z,t)dt + g(t)dw

OY > TIL

po()

EHEEWICEDRDILE T Bt X (Anderson(1982))

g(t EERIASE IS E LY « —F —iBfe

BORXALRTY S

F—=RZDP /A XHOLTOSHICALD &L HF
B, InAbHaNIE, FEILE 7 Ot XEHA]
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Reverse SDE Data

do = [f(28) - ()7 log(2)] dt + g(t)da




3.3 Estimating scores for the SDE

W Estimating the score of a distribution
Vilogp(X)AHTET B0, RAT7_R—RAETFILse(X, )E&IEST S,

A score-based model is trained to estimate Vx log p;(x)

237 < F > (Hyvarinen, 2005; Song et al., 2019a) #FEHAL T > I ETCR AT HHTE,

6* = arg in &£ {" s (0) Exc(t)|x(0)| ||86(X(£): 1) — V(s log por (x(t) | X(O))Hz]}

ERHIBEZICHWT2ETILEFAEST 57 ETILOFRNENL S5 WIEFED
5 D IE D EHEFE

A= : ;
E [Hvx(t) log pot (x(t)|x0) Hz]

TRBT—RETTLORELNHNIE, RAT7IyFr7ICLY ., BERESex (X, 1) NMFIFTNTOD
X EEITX LT Vylogp(x) ICF L <5,

With sufficient data and model capacity, score matching ensures that the optimal solution
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3.4 Examples : VE, VP SDEs and beyond

= SMLD &£ SDE

1. BER G / 1 XBE

g

7/&A/4Z
AR PTICHKE S C

AT THN%

JARXARTr—Iu

<A 7EEAERT

1

2. Eim 7 SDE~N DT

_[d[e*(®)]
dx—\/ m dw

FrREIAED IS DN EAIEMT 5,

ERAIC (N - o)

ATy 7T/ AXEEBMLTT—4XKRA4 > b

Add noise at each step to make data points

1

70X Rx(O)D/ A RRT—Iba(®)ICE Y, ED&X
DICEHERITHHZRT,

Denotes how the process x(t) is affected by the noise
scale o(t).

ERICZWR Ty 7HOGE. BENER Ty 7HEERNBSDEICINET 3,
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3.4 Examples : VE, VP SDEs and beyond

= DDPM & SDE
1. BERRY G/ 4 XIEH)

= 4/1 i_1_|_ : i=1,---N. ATy T ZTEIC/AXZBMLTT =XK1 My
Add noise at each step to make data points

JARXRT—IV SV EL/AR
BT IR D ITHE S

l 25y TENEERKIC (N> )

2. BEHERNTGSDEANDE : \ : \
’.L!f’"m"‘ - £ TRERXO)D/ A RRT=IABMICKY ., DK
Variance Preserving (VP) SDE INCEEZ TAN HEKT,

1 B RS AU (= o AL Denotes how the process x(t) is affected by the noise
x= _55(t)x dt + +/B(t) dw. MO —EICRI=N D, scale [5(t).

ERICZWR Ty 7HOGE. BENER Ty 7HEERNZSDEICINET 3,

2024/6/20 SCORE-BASED GENERATIVE MODELING THROUGH STOCHASTIC DIFFERENTIAL EQUATIONS



3.4 Examples : VE, VP SDEs and beyond

= VE SDE & VP SDE W sub-VP SDE
VE SDE VP SDE
dx = \/ : [(ﬁ(t)] dw dx = —%6(t)x dt ++/B(t) dw. t)x dt )1 - 6_25" (S)ds)d
t
It EL IS DN TH BRGSO T FY 7 MR LR
MR CIEINT B, BRE N—TEIR =N B, ERRE FUZ7 hR
P T —2ETREICEL N57T—2H—EDmE ——ﬁ(t)x y
T. /A XHELH->TWL ROZEZEKRT B, 2
{2 EHIRT, « XDEHPLEILZERT B,
L5508
\/ﬁ(t)(l _ 255 B(S)dS)
fHAEHE TH L WLWSDE (sub-vP SDE) 213, © XDTVELBERETLS D,
A new SDE (sub-VP SDE) is proposed in o TUXLBREFNBO)EBEDRBEINTBG)ICEL-T

> — B2 48K A=
combination. EDEICFHEINEIDZIRT,
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3.4 Examples : VE, VP SDEs and beyond

W sub-VP SDE m VE SDE, VP SDE, sub-VP SDELt#

dx = — At dt + /A1) (1 — e | e | s | aees

H B dlo*(t)] JB® Bt)(1 — e2Js Bs) o)
5 & FEICHLBIEAZL T D, dt v
1. IEREXF&E(t = 0) 438 D HEAN RS & |2 3 = HI% & B HRER
- RiFE ftﬂ(s) ds |Z/NE Uy, T— FERED N "
- ZFD7- &50\ o2y Bls)ds c;tciczc“lf»(l — e 2JyB(s) dS) 1Z1Z130, ) z%a = LY {EN JEH 2B LN
. WEAOREIZNE D, e
wEREn &~ REEURT 2 s

LY
BBV TV

2. REEZBRZ({ - »)
. BIEME [} B(s)ds HFEBICKRE BB,

l BRI AED ICoh, REEEAE . o2 POy
sub-VP SDEX & &

e BE LHOEDENNAEE DD, BENL T VL LEAEZRD,

e ZD1. e 2l B6)ds |FIEE IZINX A Y (1 — e 2JyB(s) ds) FOEIESR Prevent excessive increases in variance while maintaining an
o WBUBOREUTIFIZELW) ICFEL LD, appropriate level of randomness.
o DEDENMZEEICHZA D70, 5FEIX b2 TN
TREEAB () ICHIHI S N B 7=, SDED UL IBE (I B 2,
9. BEICHEIND, By adequately controlling the increase in variance, it allows for

efficient management of computational costs.
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4. Solving the reverse SDE



4.1 General-purpose numerical SDE solvers

® Numerical Solvers for Stochastic Differential Equations (SDEs)

« 5 EARNLSDEORIERED—DT, 47 —F%2WkL=HD
One of the most basic numerical solvers for SDEs, extending the Euler method.
« FEICERTZE SN, BEMEWSZENLH 5,
Easy to implement but may have lower accuracy.

s LT -y ZEDHERRT, LY SBELRRERTIEH

The stochastic version of the Runge-Kutta method, providing higher accuracy.
c STE AR MDELBRBGEEDLH S

The stochastic version of the Runge-Kutta method, providing higher accuracy.
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4.1 General-purpose numerical SDE solvers

W Samplers

« DDPM (Denoising Diffusion Probabilistic Models) oY% > 77U v 7 AED—D27T, iFEISDEDYTE
DBESL IZXT T
One of the sampling methods of DDPM (Denoising Diffusion Probabilistic Models), corresponding to a specific
discretization of the reverse-time SDE.

e HTLWSDEICXW L TRHREY T v T IL—ILHZEHT 5OHEH L L

This method can be challenging to derive sampling rules for new SDEs.

« BFEISDEZBIMEDSDEL R L AETHELT A2 2T, Y7V IIL—IILZ2RBR5ITEH
By discretizing the reverse-time SDE in the same way as the forward one, sampling rules can be readily derived.
« FTLWSDEIZHR L TH bl D (c 7 A AR & 0 B

This method allows for quick and easy sampling even for new SDEs.
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4.2 Predictor corrector samplers

SMLD & DDPM® Fix % —fix{t L TFAF L B1IEF 2 RERICHEHA
BahESFE

I I

® Predictor-Corrector (PC) samplers

1. &BEfE X T v 7 Tthe numerical SDE solver CDO Y > 7 )L O HETE(E
I L. FllF Predictoro &&= £7-49,

annealed Langevin

SMLD (EEAE

X dynamics
2. ZD, AT X— X TDscore-based MCMC approachHh HEE | .
T-H > 7011/0)%17]_6]\7‘5 7é—f'ﬂ§J_T: L. 1|§IE'¥' Correctord)Tﬁ%U % DDPM Ancestral sampling [EEIEIR
%71—: '3—0
Variance Exploding SDE (SMLD) Variance Preserving SDE (DDPM)
FID | ~~_Sampler 42000
: P1000 P2000 C2000 PC1000 P1000 P2000 C2000 PC1000
Predictor _ o
ancestral sampling | 4.98 + 06 | 4.88 + .06 3.62+.03 | 324+ .02 | 324+ .2 3.21 + .02 LorrectorAzy 7 2000l
reverse diffusion 479 +.07 | 474 + 08 2043 +.07 | 3.60+.02 | 321 +.02 | 3.19+.02 19.06 +.06 | 3.18 +.01 =179 %
probability flow | 15.41 +.15 | 10.54 + 08 3.51+.04 | 359 +.04 | 3.23+ .03 3.06 + .03
— O EE
. N — o, __ g — o N AR —1 [ —
C2000 P1000 P2000 PC2000 %\\/,HJJ?FX T vy 7IBEFRTy 72BIMT 5 ETEEIXEBICHS
W, B ILoEmE
. — BT EBEFERAADE AL RENR,
. =

2024/6/20
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4.3 Probability flow and connection to neural ODEs

W Probability flow
W RERTERMS H 2 (reverse-time SDE) #f2 < 7= DR D

RIEmHEYIBIE deterministic process

IS E B ICHE S 2 —EDOHREIZEWLN, £ D

Sk (i35 T3 e S G \
HUBRYTT % | | | REDRENELSISRE & h 5072,
An aIterlf\atlye numgrlcal mgthod for soIV|-ng the reverse-time The process by which its future state is completely
stochastic differential equation (reverse-time SDE) determined according to a set of rules that depend on
TRTOILEBIRIH LT, % OBEFASDE & 7 U/ERER  initial conditions and time.
BEHHEBFTINI6T 2 RERBIENFE WERSME L R A TEIMIC & > T x(¢) ZRTE,
For all diffusion processes, there exists a corresponding X (t)is determined by initial conditions and a score
deterministic process whose trajectories share the same marginal function.
probability densities as the SDE.
7 [ — il - REBOVBETH S/, SDELERY /A X%E
9. BoN BB Z E K
1
dx = — g(t)vx log ps(x ]dt ‘ « XY HSDELRICEAERBE #HE T 570,
2 TLETHIMEE 7 (RIT
KU ME i 808 2AT7REH « XATEBAZ 2 -T2y T =7ICHEEIND

A =2 —FI)LODED—(C
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4.3 Probability flow and connection to neural ODEs

W Exact likelihood computation
P Table 2: NLLs and FIDs (ODE) on CIFAR-10.

% _ ope
W Model negative log-likelihoods NLL Test | FID |
1 .

dx = [f(x, t) — = g(t)2Vyx log py (x)]dt RealNVP (Dinh et al., 2016) 3.49 -

2 iResNet (Behrmann et al., 2019) 3.45 -

Glow (Kingma & Dhariwal, 2018) 3.35 -

MintNet (Song et al., 2019b) 332 -
C . . _ s o Residual Flow (Chen et al., 2019) 3.28 46.37

o :'_llz N /7'_]? —_— 71N

watﬁ:%/) S FRECHICERMICENT 27 —XDE grioRD (Grathwohl etal. 2018) 340 i

EZirE T 5 Flow++ (Ho et al., 2019) 3.29 -

, , DDPM (L) (Ho et al., 2020) <3.70° 13.51
WW , DDPM (Lgimpie) (Ho et al., 2020) <375 3.17
dx = {£(,6) = 5V - [G(x, )G (x, 1] ~ 5 G(x, )G (x, 1T s0(x,#) | dt.DDPM 328 337

DDPM cont. (VP) 3.21 3.69

l DDPM cont. (sub-VP) 3.05 3.56

DDPM-++ cont. (VP) 3.16 3.93

_ R S DDPM++ cont. (sub-VP) 3.02 3.16
G AEZRIECTE S DDPM++ cont. (deep, VP) 3.13 3.08
calculate the exact likelihood DDPM++ cont. (deep, sub-VP) 2.99 2.92
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4.3 Probability flow and connection to neural ODEs

W Exact likelihood computation
P Table 2: NLLs and FIDs (ODE) on CIFAR-10.

(DDEMcont., Model NLL Test | FID |
DDPMETIVERIL 7 —F T 7 F v 2ERAL DD, RealNVP (Dinh et al., 2016) 3.49 -
7o ITIRE S /@R 4R B VEIZK iResNet (Behrmann et al., 2019) 3.45 .
: 2 Glow (Kingma & Dhariwal, 2018) 3559 .
07 = arg;n H Et{)‘(t)Ex(o)E"(t)"‘(o)[ ”SO (x(2),£) = Vix(r) log por (x(?) | X(O))”2]} MintNet (Song et al., 2019b) 3.32 -

ZHWTETILAI|E Residual Flow (Chen et al., 2019) 3.28 46.37
\ \ FFJORD (Grathwohl et al., 2018) 3.40 -
—LEHE Likelihood improved Flow++ (Ho et al., 2019) 3.29 i

DDPM (L) (Ho et al., 2020) <3.70° 1351

-sub-\/P.SDE, DDPM (Lsimpie) (Ho et al., 2020) <375  3.17

VP SDEL Y £, sub-VP SDEO AR RBICEWLE ZZH DDPM 3:57

DDPM cont. (VP) 3.69

DDPM++.cont. DDPM cont. (sub-VP) 3.56

- o DDPM++ cont. (VP) 3.93

DDPM cont. 7 —F 7 7 F v =R DDPM-++ cont. (sub-VP) 3.16

DDPM cont. (deep,|sub-VP)Hh'&dH & WL E #1214 DDPM-++ cont. (deep, VP) 3.08

| DDPM++ cont. (deep, sub-VP) 2.92

v b7 =7 DREN2EG
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4.3 Probability flow and connection to neural ODEs

® Manipulating latent representations
Encoding Process and Decoding Process ‘Decoding Process

FEFEDSDEIC G 5 EMn 2z (ODE) 2807 %,

A TE Z2 B Latent Space

Encoding Integrate the ordinary differential equation (ODE)
——— corresponding to the SDE in the reverse direction.
x(0) x(T)
P
Decoding W
. AYETILTIH, T—ZDITrya—F&TFa— FDBERE
ol A e i B AWAEICARETH Y . BEZETORIENES

1, In invertible models, the encoding and decoding processes are
dx = [f(X> t) — 59(75) Vx 10gpt(x)]dt bidirectional, making it easy to manipulate latent
representations.

MIFHEXRT7O0—-0DEZRL THY., INZRHHEtICHhZ-T
MBI HIET, Trad—Fk, {2 (Z [Zneural ODEs, normalizing flows (Dinh et al., 2016;

The equation represents a probability flow ODE, which is Kingma & Dhariwal, 2018)7 &
encoded by integrating over time t.
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4.3 Probability flow and connection to neural ODEs

® Manipulating latent representations
Applications in Image Editing

il (Interpolation). BEZECORENTDREZEET 5 Z & TERBIRD
2ODBEBROMZMEIT 5 Z & T FTLWLERZ £, PRI TR 2.

~
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4.3 Probability flow and connection to neural ODEs

® Uniquely identifiable encoding

Uniquely identifiable encoding

s HEDANT —RICHT HBEZBADI Y I— KA ME—,

e MULAANT—EZABICRLTya—FKicwybEry, ETILOFANRTE L. —BEEIRI-ND,

"Uniquely identifiable" means that for a given input data point, the encoding into the latent space is unique. In
other words, the same input data is always mapped to the same encoding.

Characteristics of the proposed model

Forward SDE

dx = f(x,t)dt + g(t)dw ARSI NN T X —REFFT=H L,

Probability flow ODE Uniquely identifiable encoding

dx = [£(x,1) = Sg(t)*Vxlogpy(x)|at AT =T HL>a—F
A —RITRTE
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Latent value

4.3 Probability flow and connection to neural ODEs

® Uniquely identifiable encoding

Uniquely identifiable encoding in the model

[
o
o

o
P

—+— Model A
—#— Model B

A | /i s
Y\. K7\ 4
A ¥

-100
0 40

20

60 80 100

Dimension

FE#H (Dimension)
BEI— FDXIT, &P D1002KTT
R

#ieEh (Latent Value)
BEEEORRITDE

ModelA:
NCSN++E T /IL T, REHEE X

LTHBDL A ¥ — %350

ModelB:
NCSN++E T IV T, JZEREREICITL

T8EDL AV —%%FD

ETNAEETABIERICAAICH L CIEBICHEWI Yy OA—T 4 V7 %1

®9 2,

1

VESDEZRWAXRATR—XDERET LY, EBRDZ2ETILT—FT7
FyYy TCHoTCH—BHOHATyA—FT 4 I HERTBEEHEFD
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4.3 Probability flow and connection to neural ODEs

W Efficient sampling  neural opEso AR AR L TF — & > 7 v FENEIIZIT S
Sample Generation Using Probability Flow ODEs

1. Prerequisites 3. Discretization and sample generation
Forward SDE 1 .
dx = f(x,t)dt + G(t)dw Xi = Xig1 — fira (i) + §Gi+1G-{+lse* (Xit1,8+1),
i=0,1,---,N—1
The discretization of this SDE o
, 4. Application to SMLD and DDPM
X1 =%X; + §i(x;) + Giz;, i=0,1,--- N —1
\pplication to SMLE
1 2 2
2. Probability flow ODE Xi = Xir1 + 5 (0is1 — 07)Sox (X1, 0i)
i=0,1,---,N—1
‘Application to DDPM

1
dx={f x,t) — =G(t)G(t)" Vy log p; (x }dt 1
%) 2 G o) X; = (2_\/1_6i+1)xz’+1+§6i+159*(xi+13i+1)7

i=01,--- ,N—1
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4.3 Probability flow and connection to neural ODEs

m Efficient sampling
Utilizing Black-Box ODE Solvers

a7 Y > 7 ILDE R Generation of high quality samples 75y &Ry 4 RODEY L/8— :

: . . . — . . NERD B EEFFMlICIKEY I, 15
Dormand-Princeix (1980%F) mEDT7 T v 7Ry 7 RODEYV L AN—ZERT 5 E XNz ASICH L TEYICODE (3
T BmEBEARY Y TIVAERTE B, WA HER) 2B ENTEB YL

/N —
Black box ODE solvers such as the Dormand-Prince method (1980) can be used to generate
high-quality samples.

NFE=14 NFE=86 NFE=548

BEENERD b L — FF 7 Trade-off between accuracy and efficiency

BELETENERD ML — X T7ZBATRNICHAEZETCES, T7—FB8EZKEL
HET D e, BEEHEORIE Z90%U LB TE 2B H 5, BENL Y~
TIWDRBICEE RS 52 L, sTEERONERNLFHA A EE,

The tradeoff between accuracy and computational efficiency can be explicitly adjusted.
A large error tolerance may reduce the number of function evaluations by 90% or more.
Efficient use of computational resources without affecting visual sample quality.
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4.4 Architecture improvement

three different metrics

ERE T IVOMRED R, ELIFE
ETILEKRIR

Evaluate the performance of the generative model.
The smaller the value, the more representative the

model

FID(Erechet.] ion Di |
ERY 2BEREFTMT 270D
Z, EWT EEBRICET L,

An index for evaluating the image to be generated.
The smaller the value, the closer to the real image.

A4 RRIBIER D B & SRR D R,
mWIEEmE TSk
Evaluation of the quality and diversity of the

generated images. The higher the value, the higher
the quality and diversity.

2024/6/20

Table2

« BRMNL—ZVITFzyvIRA Y NDFER,

e YUTINIET Ty IRy AODEYVIL/N—%FH
W TH R

Table 2: NLLs and FIDs (ODE) on CIFAR-10.

Table3

« EHEWVWFIDZE>F v IRA Y FDIER,
e YT ILIFPCH YT T —HBWTER,

Table 3: CIFAR-10 sample quality.

Model FID| ISt
Conditional
BigGAN (Brock et al., 2018) 14.73 9.22

StyleGAN2-ADA (Karras et al., 2020a) 2.42 10.14

Unconditional

StyleGAN2-ADA (Karras et al., 2020a) 2.92 9.83
NCSN (Song & Ermon, 2019) 25.32. 8.87 +.12
NCSNv2 (Song & Ermon, 2020) 10.87 8.40 + .07

Model NLL Test | FID |
RealNVP (Dinh et al., 2016) 3.49 -
1ResNet (Behrmann et al., 2019) 3.45 -
Glow (Kingma & Dhariwal, 2018) 335 -
MintNet (Song et al., 2019b) 332 -
Residual Flow (Chen et al., 2019) 3.28 46.37
FFJORD (Grathwohl et al., 2018) 3.40 -
Flow++ (Ho et al., 2019) 3.29 -
DDPM (L) (Ho et al., 2020) < 3.70° 1331
DDPM (Lsimpie) (Ho et al., 2020) <375 G 4 1)
DDPM 3.28 337
DDPM cont. (VP) 3.21 3.69
DDPM cont. (sub-VP) 3.05 3.56
DDPM++ cont. (VP) 3.16 3.93
DDPM-++ cont. (sub-VP) 3.02 3.16
DDPM++ cont. (deep, VP) 3.13 3.08
DDPM++ cont. (deep, sub-VP) 2.99 2.92

DDPM (Ho et al., 2020) 3.17 946 + .11
DDPM++ 2.78 9.64
DDPM++ cont. (VP) 295 9.58
DDPM++ cont. (sub-VP) 2.61 9.56
DDPM-++ cont. (deep, VP) 2.41 9.68
DDPM++ cont. (deep, sub-VP) 2.41 9.57
NCSN++ 2.45 9.73
NCSN++ cont. (VE) 2.38 9.83
NCSN++ cont. (deep, VE) 2.20 9.89
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4.4 Architecture improvement

Main Architectures NLL(Negative Log-Likelihood)  FID(Frechet Inception Distance) IS(Inception Score)

_ . _ A BRE T /L DM BE D M, T HERZ T 270D iﬁ@@@ﬁ%t%ﬁﬁ@ﬁ
NCSN++ is the optimal architecture BEWNIEETILAEE 1ofE (KT EEEEICEL, i, mWIEEmME TEER
designed for VE SDE.

DDPM++ is the optimal architecture Table 2: NLLs and FIDs (ODE) on CIFAR-10. Table 3: CIFAR-10 sample quality.
designed for VP and sub-VP SDE. Model NLLTest| FID| Model FID| IS
i RealNVP (Dinh et al., 2016) 3.49 - Conditional
Com parison of Results iResNet gBehrmann et z.ll., 2019) 3.45 - BigGAN (Brock et al., 2018) 14.73 922
. Glow (Kingma & Dhariwal, 2018) 3:35 : StyleGAN2-ADA (Karras et al., 2020a) 2.42  10.14
VE SDEs generally provide better sample MintNet (Song et al., 2019b) 3.32 ] —
quality than VP/sub-VP SDEs, but it has Residual Flow (Chen et al., 2019) 3.28 4637 _Unconditional
" : FFJORD (Grathwohl et al., 2018) 3.40 - StyleGAN2-ADA (Karras et al., 2020a) 2.92 9.83
been empirically observed that their Flow++ (Ho et al., 2019) 3.29 _ NCSN (Song & Ermon, 2019) 2532 887 + .12
actual likelihoods are worse than their DDPM (L) (Ho et al., 2020) <370° 1351  NCSNv2 (Song & Ermon, 2020) 10.87 8.40 + .07
VP/sub-VP SDE counterparts. DOPM (Liingi) @loebal, 2000) <375 37 2R Goetds 20720 Sl 280l
DDPM++ 2.78 9.64
gggm Coup g%’f g-gg DDPM++ cont. (VP) 255  9.58
Sample quality Likelihood shatel cont..( b) s ps s  DDPMi+cont (sub-VP) 261 9.6
cont. (sub-VP) : : DDPM-++ cont. (deep, VP) 241  9.68
DDPM++ cont. (VP) 3.16 393  DDPM++ cont. (deep, sub-VP) 2.41 9.57
DDPM-++ cont. (sub-VP) 3.02 3.16 NCSN++ 2.45 9.73
VE SDEs VP, sub-VP SDEs DDPM++ cont. (deep, VP) 3.13 3.08 NCSN++ cont. (VE) 2.38 9.83
DDPM++ cont. (deep, sub-VP) 2.99 2.92 NCSN++ cont. (deep, VE) 2.20 9.89

Better SDE
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4.4 Architecture improvement

Best Model for Sample Quality NLL(Negative Log-Likelihood)  FID(Frechet Inception Distance) IS(Inception Score)
£ RE T LD ERED FE, ERY 2 EBRZ T 5 7cHD ERRERDmE & ZERMEDET

EWEEET LERS S RN E EEERICT L, i, SWEILSRETLE
NCSN++ cont. (deep, VE) doubled 1 TN ERE CLE REIRISE = =

the network depth and set new

records for both Inception Score Table 2: NLLs and FIDs (ODE) on CIFAR-10. Table 3: CIFAR-10 sample quality.
and FID in unconditional Model NLL Test | FID | Model FID| IS1
. : i Conditional
eneration on CIFAR-10. RealNVP (Dinh et al., 2016) 3.49
g 1ResNet gBehrmann et 2.11., 2019) 3.45 - BigGAN (Brock et al., 2018) 14.73 922
Glow (Kingma & Dhariwal, 2018) 3.35 : StyleGAN2-ADA (Karras et al., 2020a) 2.42  10.14
MintNet (Song et al., 2019b) 3.3 - Uiconditional
. - . Residual Flow (Chen et al., 2019) 3.28 46.37
Best Model for Likelihood: FFJORD (Grathwohl et al., 2018)  3.40 _ StyleGAN2-ADA (Karras et al,, 2020a) 2.92  9.83
Flow++ (Ho et al., 2019) 3.29 - NCSN (Song & Ermon, 2019) 25.32. 8.87+.12
) DDPM (L) (Ho et al., 2020 < 3.70" 13.51 NCSNv2 (Song & Ermon, 2020) 10.87 8.40 + .07
DDPM++ cont. (deep, sub-VP) i EL)-( ‘;?Ha o 2)020 =375 317  DDPM (Hoetal,2020) 3.17 946+ .11
doubled the network depth and el SR g e S '
ou P e SR 237 DDPMi+ 278  9.64
achieved a log-likelihood of 2.99 ' ' DDPM-++ cont. (VP) 255 9.8
o=t . DDPM cont. (VP) 321 369 pDPM++ cont. (sub-VP) 261 9.56
bits/dim on uniformly gggm cont. (tsu?\-,‘g) g-(l’g g-gg DDPM++ cont. (deep, VP) 241  9.68
. . ++ cont. : : DDPM++ cont. (deep, sub-VP) 2.41 9.57
dequant|zed CIFAR-10 using the DDPM-++ cont. (sub-VP) 302 3.16 NCSN++ @ 245 9.73
Continuous Objective in Eq (7) DDPM++ cont. (deep, VP) 3.08 NCSN++ cont. (VE) X 0.83
DDPM++ cont. (deep, sub-VP) m 2.92 NCSN++ cont. (deep, VE) 9.89
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5. Controllable generation



5 Controllable generation

Formulation of Conditional Reverse-time SDE
LConditional Reverse:time SDE, p;(x(t) | y)hHH > U v/ TE 5
dx = {f(x,t) — g(t)*[Vx log p:(x) + Vi log p:(y | x)]}dt + g(t)dw

{

RELIZET NI BT TR po(x(0) |[y) b T—X2 Y > TILHERRTE 5,
(pe(y | x(8)) B E%’ﬂ]@i%
5T
Inpainting
7 7 AEMET T ER
class-conditional generation’
17 —1t
colorization
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6. Conclusion



New Sampling Algorithms

6 Conclusion

Features and Benefits of the Framework

Improved Understanding
of Existing Approaches

New Sampling Algorithms Exact Likelihood Computation

Uniquely Identitiable Latent Code Manipulation New Conditional

Encoding Generation Abilities
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6 Conclusion

Current Limitations

Slower Sampling Speed Automatic Selection and Tuning of

Hyperparameters
RESNIY VT ) Y TFRIBFERENE L. PR 2 A7 BEHOFIAT AN A OF
N> 77 %aglld2h, 71U IR a3 A ;}fb@ 5( E< @1/%42%_5,‘@)( 275,\%@\
EIZGAN (Goodfellow et al., 2014) £V HEL XND. TNOHEEFHICEIRL. BAET 3
_ _ HDEINTZTTEN KD b N D,
Future Research Directions
Combining Stable Learning of Score-Based Investigation on the Merits and
Generative Models with Fast Sampling of GANs Limitations of Various Samplers
TN A DEREFILORE 2 SEIFAEY T T—DAXAY vk KBE%L:OL\
—ADE 7 \ CFHECN T. L YIRELAEINE, NI . FE
GAND & 5 BBk Y~ 7 U v 75 GAT 25% DR Ry b E_ﬂfwﬁ Yo
= RBDOlF 5, FEZERTEDLHICH B,
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CTHHEHLLTEAHLED, BHFEE~NOEENELE - TEN -7,

« REBEDOWHWMED T YT UV IREICODWTERINTW D, OO TREICEL THEYEK
SNTWah o776 > LEEMEICHY 7=h > 7=,

« HERYLETIL iﬁfﬁuﬂ\f% BT T T7IERDEH>T2D, TNIZTH L TOPHEN-T-DT, %
DAEHEEH > EFXRBZEEBZ D,

¢« RRABETIAAHETELD, HRAABLWETILEH /-7 TOLO5GBETILLL 5D L, L
THTzUN,
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