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Probabilistic inference based on Slice Sampling and SAT technologies
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We propose a CS sampling(Constraint-based Slice sampling) with Slice Sampling which is one of MCMC(Markov
chain Monte Carlo) methods. A CS sampling can get samples efficiently from conditional distribution under logical

constraints.
described by Boolian formulas.
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A CS sampling makes it possible to compute expectations approximately in probabilistic models
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CS sampling(F, T)
F : CNF, T : a number of samples

begin
) ~ SampleSAT (1))
fort=1to7T —1do

Vi7u£t> Np(u | va)
Fu = FAN, claip—a)<ui<pleny Xi = T3

2" ~ p(z | u, F)
return m(l), ey =™
end
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