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Ancestral Gumbel-Top-k Sampling

Generalizes Stochastic Beam Search
Expands 1 < m < k nodes per iteration

Applies to discrete valued Bayes networks
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Stochastic Beam Search
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Ancestral Gumbel-Top-k Sampling
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Cost vs. iterations (c=0.5,k=100)
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Ancestral Gumbel-Top-k Sampling

Applies to discrete valued Bayes networks
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(a) Independent (b) Markov chain (c) General network (d) Sequence model

p(y) = [1p(vo) p(y) = p(y1) tl;ll p(ytlyt—1) p(y) =I1p (yvlypa(v)) p(y) = l;Ip (ytly1:e—1)

Figure 1: Examples of Bayesian networks.
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Iterations

Iterations vs. connectivity c (m=1, k=100)
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