Learning annotated hierarchies from
relational data

Daniel M. Roy, Charles Kemp, Vikash K.
Mansinghka, and Joshua B. Tenenbaum
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* Weighted Binary Tree
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 Tree Consistent Partition

- Each Object Belongs to Exactly One Subtree
- Set of Subtrees, {n1, n2, n3}
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» feature & relationMT—aNEZENT-1ZD tree
@ posterior probabilityl&. feature & relation M
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Generative Model 1

e uniform distribution H\5 treeZ 2 51,

 exponential prior distributionh bweightxH> 7
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Generative Model 2

. partltlon_ &1Z. Beta distribution Hhvi5 feature A
R HIEFEZT(L,

o« ZMFEZE%ITIZ . Bernoulli distributionH 5.
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Inference 1
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» Posterior Probability of tree T given data D

« Dynamic Programming AlgorithmT. featureé&
relation @ marginal probabilityh &5,
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Inference 2

e M;(n) [&, beta-binomial distribution@®marginal

likelihood.
o« T/(T) = P(clf\T;;ff)

£(n) if n 1s an internal node
° otherwise.

Feature M marginal likelihood(ZZ5LTH LN,



MCMC 1

» Subtree Pruning & Regrafting
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MCMC 2

 Edge Weight Adjustment
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MCMC 3

* Subtree Swapping
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