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Structured Prediction: y* = arg max, F(x.y).

Structured Learning: Fit F to optimize some empirical risk.
— Usually, energy is assumed linear: F(x.y) =w'®(x.y).

Difficulty: Often hard to maximize F. Recent work (Meshi et al., 2010, Hazan
and Urtasun 2012) phrases learning as a joint optimization:

min min [—F(x*, y*) + A(N%, 69)] .

Algorithm. Alternate:
® For each k, update \* using message-passing.
@® Perform gradient updates to F.

A\¥ - Messages for datum k
f% - parameters for datum k (determined by F and A)



Main Result: For fixed messages {Ak} can optimize F by solving a set of
logistic regression problems.

— Each datum is biased by the current messages.
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Algorithm:

e For each datum k do message passing to update \*

o Set bA(va) L (A(A va) + Caca Malrs) = T 00 M) -

e For each region a, maximize logistic loss over f, € F,, biased by b,.

Advantage: Use any function class you can fit a logistic loss to.

Each iteration similar to piecewise. Messages bias for joint prediction.
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