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Background

Sampling from unnormalized density
pi(z) = exp(—E(z))/Z

- Bayesian posterior
- Boltzmann distributions
- Easy to evaluate, hard to sample

Simiulation with a generative model

po(z) = pa(r)

Our Method
Diffusive KL Divergence (DiKL)
T
DiKLi (pllg) = )  w(t)KL(p * ke|lq * k),
t=1

DiKL Encourages Mode Coverage
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Reverse KL Minimization
KL(psllpa) = [ (logpo(z) ~ log pa(a))po (x)dz
- / (log po(z) + E(z))pe(x)dz + log Z,
- Not defined for implicit model

po(x) = /5(513 — go(2))p(2)dz.

- Mode collapse problem

DiKL Gradient Estimator

VoDiKLyg, (pg||pa) = VeKL(pe * kt||pa * kt)

8.’17,3

— [ pol@) (V. 0gpal22) = Vo, loB pal1) St da,

- Estimating the noisy model score with denoising score matching (DSM)

qun / |s4(7)—V 4, log k(zs|z)||5k(z¢|z)pe (z)dxdz

- Estimating the noisy target score with mixed score 1dentity (MSI)

V. logpy(z,) = / (0 (z + V', log pa()) — 0)palalz:)d.
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