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Maximizing Conditional Log leellhood
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Good news: I(w) is concave function of w, no local optima
problems

Bad news: no closed-form solution to maximize /(w)

ood news: concave functions easy to optimize

©Carlos Guestrin 2005-2013 6




Optimizing concave function — :
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m Conditional likelihood for Logistic Regression is concave. Find
optimum with gradient ascent
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m Gradient ascent is simplest of optimization approaches
[ e.g., Conjugate gradient ascent can be much better
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Gradient Ascent for LR .,
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w§ T w40 Yl - PO =15, W)

J
\ [hp siz¢
Fori=1,... k, / f

wi(t—l-l) - wi(t) + 0> 2y — P(YT =1 x), W)]
J

repeat

©Carlos Guestrin 2005-2013 9

Regularization in linear regression
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Large parameters — Overfitting
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m Penalizing high weights can prevent overfitting...™ .
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Regularized Conditional Log Likelihood
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Digression: Logistic regression for
more than 2 classes

m Logistic regression in more general case (C classes), where
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Digression: Logistic regre S|on more

generally -
=

m Logistic regression in more general case, where
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