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So far in FoML

e What is ML and the learning paradigms

e Probability refresher

e MLE, MAP, and fully Bayesian treatment

e Linear Regression with basis functions - and regularization
e Model selection

e Bias-Variance Decomposition/Trade-off
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Bayesian Regression
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We have seen that

InA=26

e Model averaging may be a

good thing to do . BRE

I~
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o Across different datasets
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Bayesian Regression

e Instead of averaging over different datasets, we do it over

different parameter sets
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Bayesian Linear Regression

Data t = (tl, ‘
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Bayesian Linear Regression

Data t = (t1,...tn)7 X = (x1,...,3)7
Likelihood: p(t'|x',w,B) = A

y(xo, w)
p(t|X7W75) — H'fil N(tz|y($z,W),ﬂ_l) — /
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Bayesian Linear Regression

Conjugate Prior: p(w) = N(w|mg, So)

_ ptX,w,B)p(w) _
p(wit,X) = == 8 =
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Bayesian Linear Regression

Conjugate Prior: p(w) = N (w|myg, So)

X, w, wW
p(wlt,X) = BEFPEN) — N (w|my, Si)

Sy =S5 + BeTP
my — SN(SalmO -+ ﬂ(I)Tt)
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Bayesian Linear Regression

: . mo =
e Simple prior: p(W|Oz) — Sy = a-'I
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Bayesian Linear Regression

e Simple prior: p(w]a) =N(W|0,OA_1I)

e Posterior

p(W|t, X7 &, IB) = N(W|mN7 SN)
Sy =Syt + B821P =
my = SN(Salmo = ﬁCI)Tt) ==
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Bayesian Linear Regression

e Special prior: Infinitely broad prior (no restriction) on w
p(wla) =N(w|0,a”'I) a—0

e Posterior

Sy =Sp' + 89T =
my = Sy (S; 'mg + BPLt) =
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Bayesian Linear Regression

e Special prior: Infinitely narrow prior on w

p(wla) = N(w|0,a'I) o — inf
e Posterior
S]_\rl o S61 .3 ﬁq)T(I) -
mpy = Sy (Sg'mg + f&1t) =
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Next
Decision Theory
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