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Training set
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pltle.x.6) = [ dwp(tle,wpp(wlx.o
pltke,w) = Ny, 0), 57) o exp | -5 1 — w7 ()
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N (z|p,0%) = WGXP{ 202 (&= p) } o : variance (738Y)
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1 | p: mean (F13)
N(x|p,X) = CEERIE exp {_5()( —p)t'E T (x - ,u)} X : covariance matrix (73 E1T%)
d |Z| : determinant ({75Z()
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covlx] = E[(x — p)(x — )] = =
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Precision matrix A = 2~ 1 A EFH
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Marginal Gaussian distribution U
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Conditional Gaussian distribution
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P(Xa,Xp) = p(Xa|Xp)p(Xp)
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2.3. The Gaussian Distribution 2.3.3 Bayes’ theorem for Gaussian variables
2.3.1 Conditional Gaussian distributions Marginal and Conditional Gaussians
Given a marginal Gaussian distribution for x and a conditional Gaussian distri-
2.3.2 Marginal Gaussian distributions bution for y given x in the form
B _ p(x) = N(x|p, A7 (2.113)
Partitioned Gaussians piylx) = AN(y|Ax+b L) (2.114)
Given a joint Gaussian distribution A"(x|z, $) with A = £~ and
the marginal distribution of y and the conditional distribution of x given y are
[ Xa [y ~ o given by
X = (Xb) ., = (pb) (2.94)
SN A Au ply) = N(y|[Ap+b L7+ AATTAT) (2.115)
= (Em z) A (Aba A) (299 p(xly) = N(Z{ATL(y - b) + Au}.%) (2.116)
Conditional distribution: where
— T —1 o)
pxalx) = N (x|, Ava) (2.96) z=A+ATLAT @117)
Map = Hg— A;alAab(Xb — 1) (2.97)
Marginal distribution:
'P(Xa) = J'\""(Xa |[La. Eaa)> (2.98)
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p(t]z, %, t) = / dwpl(it|z, w)p(w|x, t)
_ / dw (t|é(2) Tw, 5~ 1IN (w]war, S)

X /dw exp [—g(t — ¢(z) w)? — %(’w —wni) ST (w — wwr)
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p(tlz,x,t) = N(t|m(z), s*(x)) NREFESHEIE. PRML T(2.115)

m(z) = Bo(x) SPt
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Figure 3.8 Examples of the predictive distribution (3.58) for a model consisting of 9 Gaussian basis functions

of the form (3.4) using the synthetic sinusoidal data set of Section 1.1. See the text for a detailed discussion. 15
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Figure 3.9 Plots of the function y(x, w) using samples from the posterior distributions over w corresponding to
PRML the plots in Figure 3.8.
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