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Handwriting Recognition

Character recognltlon kernel SVMs
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Handwriting Recognition 2
“ I

SVMs for sequences?

Handwriting Recognition 2
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Graphical models: HMMs, MNs
Linear in length
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Chain Markov Net (aka CRF*)
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CRF - short notation
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Pairwise Markov Nets
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Max (Condltlonal) Likelihood
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Estimation Classification
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OCR Example
= D
m \We want:
argmax,,oq W' f(m@word) = “brace”
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Max Margin Estimation
" JEE
m Goal: find w such that
wi(x,t(x)) > wTf(x,y)  ¥xeD Wy=t(x)
(X, t(x)) = f(x,y)] > 0
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Not all margins are equal
“ JE

m Goal: find w such that

WTAF(y) 2y vxeD wvy=t(x)

m Gain over y grows with # of mistakes in y: At,(y)
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Maximum Margin Markov Nets

[Taskar, Guestrin, Koller ‘03]

o Estimation Classification
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Handwriting Recognition
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Length: ~8 chars ‘g 30 pixels
Letter: 16x8 pixels 5 ]
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Named Entity Recognition
"
m Locate and classify named entities in sentences:
4 categories: organization, person, location, misc.
e.g. “U.N. official Richard Butler heads for Baghdad”.

m CoNLL 03 data set (200K words train, 50K words test)
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Hypertext Classification

m WebKB dataset
71 Four CS department websites: 1300 pages/3500 links
1 Classify each page: faculty, course, student, project, other
1 Train on three universities/test on fourth
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Solving M3Ns

Estimation
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Exponential W Af(y) > vAtx(y) Polynomial

size / Size
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Program Dual
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