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Bayesian Linear Regression

» Data: t = (tl,...,tN)T X = (X17X27--- XN)T

» Likelihood: p(¢'[x,w.B)= V[t w(v) [ )
p(t|X,w, ) = HN |y (%, W ):/\/(§} wa @"735

(¢0(X1) ¢M—1(X1)\
» Conjugate prior: p(w) = M(w|mg,Sg) ®=| ¢ =~ ;

\¢0(XN) oo Dy (Xy) )

» Posterior distribution: (.3
p(t|X, w, 5)p (B.sho Eq. 2.116]
X) = p Eq.
p(wlt, X) = 2 5 =-Mwlm, S, )
» Maximum A Posteriori estimate: S1-8'+p30"®
WMAP = l/ﬂ v mpy — SN(Salmo + 6<I>Tt)
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Bayesian Linear Regression

» Special simple prior: P(W|a) = /\/(w | 0 oL ) > mgy = 0
SO = I
» Posterior P(W|X,t,a, 8) = N(w|mn, Sn)
my = Sy (St + 87 t) =5, G b
Sy =Sy +B82T®= [ 2 d'g

| -
. AE(W'Tnf)SN(W‘Y’U

p(w|X,t, o, 8) = m 0
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Bayesian Linear Regression

Limiting cases: »(w|X,t,a,3) = N(w|my, Sy)

» Infinitely broad prior: No restriction on w!

p(wla) =|(w|0,a” 1) a—0

a—0 a—0

lim my = lim 3 (a]l + 5<I>T(I’>_1 ®'t = E/[@réj ‘??7’

—

- . = Wk
» Infinitely narrow prior:

p(wl|a) w0, 1) a—

—1 T
lim my = lim @ (al+p07®) &7t = !0 £ o't-o

o—r OO o—r OO A->2K

e —1
lim Sy = lim (a]1+@<1> <I>> ={m LT .p

o—> OO —> OO o —>on A (

WWR
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myy — 6SN(I)T1:
Sy =al + 39" ®
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