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What exactly is a type?

How can we update all variables of a type efficiently?
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θT:V,N: from state V, probability of transitioning to state N

p(θ) is product of Dirichlets [prior]

Choices z: specifies values of latent and observed variables

z ∈ z j(z) [parameter used]
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p(z | θ) =
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z∈z θj(z) [likelihood]

p(z) =
∫
p(z | θ)p(θ)dθ [marginal likelihood]

Observations x: observed part of z (e.g., the words)

Goal: sample from p(z | x) [not p(z | x,θ)]
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Can we get the gains of Type via simpler means?

• Annealing (Tokenanneal)

– Use p(z | x)1/T , temperature T from 5 to 1

– More (random) mobility through space, but insufficient

• Sentence-based (Sentence)

– Sentence handles structural dependencies

– Type handles parameter dependencies

– Intuition: parameter dependencies more important in
unsupervised learning
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General strategy: update many dependent variables tractably

Variables sharing parameters very dependent

Type-based sampler updates exactly these variables

Techniques for tractability:

Old: exploit dynamic programming structure
New: think about exchangeability

Tokens versus types:

• Older work operate on types (e.g., model merging)
Larger updates, but greedy and brittle

• Recent methods operate on sentences or tokens
Smaller updates, but softer and more robust

Type-based sampling combines advantages of both

24



Thank you!
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