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Motivation & Related Work GSPEN Inference and Learning Experiments (Continued)
Obijective: Inference objective: maximize F'(z, pr;w) w.r.t. pg such that pg € M (marginal polytope) OCR (Continued)
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e Reported metric: F1

Learning Objective: SSVM objective with loss-augmented inference o Top two rows taken from [3] gg];l;t igz igé 2(9); ggz

e r C{1,...,K}, R={r1,...,rR}: region graph
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. y: ISI III l J ICI IEI — 3 B | -
representation of y mm Z max {T (f(z;w), pr;w) + L (PR p%))} T (f (m(’) ) pgz), ) GSPEN 475 48.6 41.2 40.7
S : .
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— Function fj per output variable k; simple sum of Celtic 's Jackie McNamara , who did well with last

SCOTES @ @ @ @ @ EXpe”mentS e Problem: label each word in a sentence Avg. Val Avg. Test

o Struct (b): F'(z,y;w) = >, e fr(,yr; w) R =1{1,2,3,4,5) Optical Character Recognition o | | with tags indicating whether they are part
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