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= —E,;logq(x™|x®) + E; log q(x®|x®) +\E, log p(x7)
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Algorithm 1 Training

1: repeat

2: X0 ~ q(xo)

3: t ~ Uniform({1,...,7T})

4. € ~N(0,1)

5: Take gradient descent step on

VQ HE - 69(\/@}(0 + \/1 — (X+E, T)HQ

6: until converged




Algorithm 2 Sampling
l: X7 Y N(O I) M Aip (e |2p) HRAE
2: fort="1,...,1do
3z~ N(0,I)ift > 1,el =0
4 Xi-1 = \/L_t (Xt — \}%ee(xht)) + 047
5: end for
6: return X
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s+ (x) = Vx log ¢» (x) ~ Vx log paata(x)




'Score-based generative modeling

= EBZEEMJ%"— (Langevin dynamics)

0 [FEAEDRETESLEIR D fop () HITMCMCHAE
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 EXIEZETEEEL € [0,T]

Data Forward SDE Prior Reverse SDE Data

z(0) dz = f(z,t)dt + g(t)dw —)@— dz = [f(z,t) — ¢* () V. log pe(z)] dt + g(t)dw
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—— Stochastic process

- . Ll
Ferturbing data to noise with a continuous-time stochastic process
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—— Stochastic process
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—— Stochastic process

Perturbing data to noise with a continuous-time stochastic process
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\ Score-based SDE

= IE[@SDE

dx = f(x.t)dt + g(t)dw
0 willZRRARENTRERETE

0 dwHRLAIA TS /NN BEERE

0 g(t): R RETx()BIFT BURE

0 f(x,t):RY 5 RGERTRx(OHIERBRE

0 ZHEEN#EE —HEERNBEIIEE (O} e
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\ Score-based SDE

= R[@SDE

dx = [f(x,1) — g(t)AVx log py(x)[|dt + g(t)dw]

0 wRAATRENHEREED, BJEIMTEIO
o dwH LAMA TS /N\NEIER
0 dtFRRBRTC5S N B
0 &1tV log pe(x)?
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= 131 EHRER 2K

_Et{)\(t

XS NP S Ut 20 ) 4570 15 2
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/

N

E(0)Ex(t)x(0) ] ||56(x(£), 1) — V() log pos(x(t) | x

0)]5]

0 E.: XESEIGESEZAL
a0 A()2— 1 1IENNR R £

A o 1/E[|| Vo log po (x(2) | (0))], ]

a 575%51‘? uﬁp()t(x(t) |X(0))/U\ ?
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» MRFBRYS (x, ) @R TxHHFIE
0 MR EERESIZ

Simo Sdrkkd and Arno Solin. Applied stochastic differential equations, volume 10. 2019.

» MRE—RBNEBRIYS (1, 1)

0 F/REEH&XMEI 2 (Kolmogorov's forward equations)
Bernt @ksendal. Stochastic differential equations. 2003.

a Sliced score matching

1
e A0 Exio Bxto Bve | 5 50 x(0). 01+ ¥Tso(x(0). 0]}
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= X BY 8] B B = R4S
a SMLD

Y Song, et al. Generative modeling by estimating gradients of the data
distribution. NIPS 2019
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\ Score-based SDE
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\ Score-based SDE

s ROY EEESE (reverse diffusion samplers)
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\ Score-based SDE
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\ Score-based SDE

= UM BS-KIEES (Predictor-Corrector, PC) K#£z2

Algorithm 1 Predictor-Corrector (PC) sampling

Require:
N: Number of discretization steps for the reverse-time SDE
M : Number of corrector steps
I: Initialize xy ~ pr(x)
2: fori: = N —1to0Odo
3: x; < Predictor(x;1)
4. for j = 1to M do
5: x; < Corrector(x;)
6: return xg




\ Score-based SDE
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\ Score-based SDE
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Algorithm 3 PC sampling (VP SDE)
l: Xy ~ N(U, I)

X; < X; + €iSgx (Xi,1) + 1/2€;Z

2: fori = N —1to0Odo

3 X« (2— /1= Bit1)Xit1 + Bir1Sex (Xiy1,2+ 1)
4.z~ N(0,I) |

50 x; — Xg + THIZ Predictor

6: forj=1to M do Corrector

7: z ~ N(0,1)
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© return xg




\ Score-based SDE
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\ Score-based SDE
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\ Score-based SDE
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\ Score-based SDE
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\ Score-based SDE
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Thanks!

Questions?
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