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normal-normal model (Gaussian rv with unknown )

e data D ={X1,Xp,..., Xy} €R"
e model M: X; i.i.d. from N(u, ), with

_ : p(D|p) x exp (—T 27:1(Xi — ,u)2/2)
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Bayesian linear regression

e data D = {(tl,Xl), (t27X2), ceey (tN,XN)} e R"
e model M: t; = Z}‘ial W, (x;) + €i, where ¢; ~ N(0,371)

=
=G

- . p(D|W) o exp (—B vazl(x; - WT¢(X;))2/2> ) zANxV\
- prior W~ N(0,a711) ) W= o2 2, 2%~ N0o1) e
- : )

mp = Ty BOTt, Tp = fOTO + al = p(W|D) ~ N (mp, T5")
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Bayesian linear regression: posterior prediction




Bayesian linear regression: posterior sampling




another way to write y(x|D)
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the ‘equivalent’ kernel

data D = {(tl,Xl), (tz,Xg), ceey (tN,XN)} e R"

model M: t; = Zj-‘ial W,é(x;) + €, where € ~ N'(0,371)
prior: W ~ N(0,a711)

posterior: let mp = ﬁTD_ldDTt and Tp = PTP + al, then

Nu (W)= & 6Ty bR

V\{KD\-W\R\]Q\
alternately, y(x|D) = nyil k(x, xn)tn, where k(x,y) = f()(x)TTDl()(y)
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basis functions and equivalent kernels




what are kernel methods?

e generalized ‘nearest-neighbor’ methods
e given data D = {(x1, t1),...,(Xn, tn)}, the resulting model is
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function k(x, y) is a kernel of basis ¢(x) if
this is true if k is SGY A O
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some special classes of kernels ®, akn > 1 )

- kernel: k(x,y) = ¥(x — y)
- kernel: k(x,y) = (||x — y||) & "invvse distamcs §'



Gaussian process

distribution over functions G(x) such that: (g,,,ﬂ‘,\a e*sbk\,%,-,ln)\

- any finite collection (G(x1), G(x2), ..., G(xa)) is jointly Gaussian
- specified by and
(where k is a kernel)
example: y(x) = wT¢(x), with w ~ N(0,a~ /)
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Gaussian process examples

distribution over functions G(x) with jointly Gaussian samples, mean

, covariance

examples: K(x,y) = exp(—lx = ). k(x.y) = exp(—00x — y))
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