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1 Discrete-Time Markov Processes
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2 Continuous-Time Markov Processes
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3 The Kolmogorov Equation

3.1 The Forward Kolmogorov Equation
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3 THE KOLMOGOROV EQUATION 2
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4 REVERSING TIME 3
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3.2 The Backward Kolmogorov Equation
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4 Reversing Time
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5 DIFFUSION MODEL 4
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5 Diffusion Model
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5 DIFFUSION MODEL
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Table 1: Specific design choices employed by different model families. NV is the number of ODE
solver iterations that we wish to execute during sampling. The corresponding sequence of time
steps is {to,t1,...,tn}, where txy = 0. If the model was originally trained for specific choices
of N and {¢;}, the originals are denoted by M and {u; }, respectively. The denoiser is defined as
Dy(x;0) = cqip(0)x + cou(0) Fy (cm(a)m; cnoise(a)); Fy represents the raw neural network layers.

VP [44] VE [4¢] iDDPM [3Y] + DDIM [4%]  Owurs (“EDM”)
Sampling (Section 3)
ODE solver Euler Euler Euler 2" order Heun
. i . 5 eyt 1
Time steps tien 1+ 55 (s — 1) Uﬁm (Jgﬂn/(ffm) Nt o Moiio g1 s where (Jm;‘x b+ s .
uy =0 N_l((fminpfo—mux”))
t51= | e o L
Schedule a(t) e3Pt fniat ] NG t t
Scaling s(t) 1)V ezfat? fuint 1 1 1
Network and preconditioning (Section 5)
Architecture of Fy DDPM++ NCSN++ DDPM (any)
Skip scaling  cyip(o) 1 1 1 03l (0% +03.)
Output scaling coue(0) —0 o —a T Odata/ \/ Ugula +o?
Input scaling  ¢i,(0)  1/v/o2+1 1 1/vVe2 +1 1/\/o? + 03,
Noise cond. cppiee(0) (M — 1) 07 Y(o) In(30) M —1—argmin; [u; — o Ln(o)
Training (Section 5)
Noise distribution o o) ~U(e, 1) In(o) ~U(In(omin), o=wuj, j~U{0,M—1} In(cg) ~ N (P PL)
. In(omm) ,
Loss weighting A(o) 1/0? 1/0? 1/a%  (note: *) (02+03,.) /(0 - Oaaa)?
Parameters Ba =19.9, Brin = 0.1 Omin = 0.02 a; = sinz(gM(ng)) Omin = 0.002, Oax = 80
e =107%,6=10"°  opw = 100 C; = 0.001, C> = 0.008 Cgaa =0.5,p=T7
M = 1000 M = 1000, jo = 8T Pacan=—1.2, Pia = 1.2

*iDDPM also employs a second loss term Ly, | In our tests, jo = 8 yielded better FID than j, = 0 used by iDDPM
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