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• Extra topics .

Today : Efficient algorithms to approximately solve inference problems .

Inference Problem:S :
given an undirected graphical model
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* Elimination Algorithm .
(exact but can take 04AM) operations)

qfor marginalization alphabet of Xi 's
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Def. Treewidtk is min {Max size of a clique in
q

au orderings re¥ graph}
sigeof largest vertex set
in a tree decomposition .
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* Elimination Algorithm .
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* Elimination algorithm on aTree → Sum-product algorithm
(loopy ) belief propagation

Exact on Tree Approximate on Q
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Obvious@atrial elimination ordering: recursively eliminate tears.
I node width degree1.

( 4,5, 3 , 1,2 ) .
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