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

Algorithm 1 Training Algorithm 2 Sampling
I: repeat I: x7 ~ N(0,1)
2: onq(,XO) 2: fort = ..z 5 1do
i‘ tN[J{;l(lf)Olir)n({l""’T}) 3: z~N(0,I)ift > 1,elsez=0
s B ’ >
5: Take gradient descent step on 4 xt1 = \/;a_t Xt — jl—tGG (xt,1 )) + 02
Vo He—eg(\/&txo—f—\/l —dte,t)H2 5: end for
6: until converged 6: return xo




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

Define the noising (forward) process g(x_t | x _t-1) using a normal
q(x_t|x_0) can be written as a normal

g(x_t-1|x_t,x_0) can be written as a normal

Write lower bound of the log likelihood of a datapoint using the
reverse process p_theta(x_t-1| x_t)

Simplify this lower bound by considering the different terms, L_T,

L t-1,L 0



Define the noising (forward) process q(x_t | x_t-1)
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g% |Xp—q) = N(Xt; V11— Bixi_1,8:1)



g(x_t|x_0) can be written as a normal
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g(x_t-1|x_t,x_0) can be written as a normal
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Write lower bound of the log likelihood
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E, [pKL(Q(XTIXO) I p(xT)Z—I— ZPKL(Q(Xt—llxta Xo) || Pe(xt—1|xt)Z: logpg(x0|x12]
het 1 Li—y Lo




Main steps to get lower bound of log likelihood

log p(z) = log Ez, p(z| Zo.T)
> Ez.p log p(z| Zo.1)

p Zo.T
— EZNQ\:E log[p(x‘ZOT) ( L )

q4(Zo.r|x)

— EZ@qu\x log p( ’ZO)

reconstruction loss

Eq | Dxi(g(xr[xo) | p(XT)Z+Z\DKL(Q(Xt—1|XtaXO) I o (x:—1(%¢)) —log pg(xo|x1)
Ly =1 L Lo
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Define the noising (forward) process g(x_t | x _t-1) using a normal
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po(xt—1|%xt) = N(xt—1; po(X¢, 1), Bo(x4,t)) for 1 <t < T
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Algorithm 1 Training Algorithm 2 Sampling
1 repeat 1: x7 ~ N(0,1)
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until converged 6: return xg
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