X IVERSITY OF AMSTERDAM Az

Informatics Institute

Machine Learning Lab

Machine Learning 1

Lecture 2.5 - Maximum A Posteriori
Erik Bekkers

(Bishop 1.2.5 - 1.2.6)

Slide credits: Patrick Forré and

Rianne van den Berg Image credit: Kirillm | Getty Images




Maximum A Posteriori Estimates

» Dataset D = (x1, x2, ..., xn) of N independent observations.

» ML estimate: choose w such that data likelihood Is
maximized:
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» MAP estimate: choose most probable w given the data.
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Curve Fitting: Maximum A Posteriori Estimates
> Dataset D = {(5131,?51), vors (CCN,tN)} — {X,t}
» Model: p(tle, w,8) = N(tly(z, w), B7") = \@ exp {—é(t—y@:,w)f

» ML estimate: choose w such that data likelihood Is
maximized:

w,,; = argmax p(t|x, w, ) = argmax log p(t|x, w, /)

» MAP estimate: choose most probable w given the data.

Wyap = argmax p(w| X, t, §) .
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Curve Fitting: Maximum A Posteriori Estimates

> Dataset D = {(xl,tl), vouy (ZCN,tN)} — {X,t}
 Model: plr. w. 5) = Ntly(a w), 5) = 1/ 2 exp 5 (¢ (o)’

» Given a prior p(w|a) the posterior distribution is

~ pllx,w, g) - plwlor)
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» Maximum A Posteriori Estimate:
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Curve Fitting: Maximum A Posteriori Estimates

»  Gaussian prior w € RM _ S ool

p(w|a) = HNwzyoOz = Qﬁy& /T Z f%)in

Wyap = argmin — log p(w|x, t, f, @) = argmin — log p(t[x, w, ) — log p(w | a)
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» Curve fitting a function with Gaussian noise and Gaussian

prior:
p(tlx, w, ) = \@exp [—g (t —y(z, W))2]
WMAP = arg min Z [C g@( w)) —I—%WTW
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» Predictive dlstrlbutlon
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