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2.3.6 Bayesian inference for the Gaussian
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We shall suppose that the variance g.is known

When X = {x,, . .., x»}, The likelihood function that is the probability of the observed data given u, viewed as a
function of u, is given by
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2.3.6 Bayesian inference for the Gaussian
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Conjugate Distribution:
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2.3.6 Bayesian inference for the Gaussian
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2.3.6 Bayesian inference for the Gaussian
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2.3.6 Bayesian inference for the Gaussian

Figure 2.12 lllustration of Bayesian inference for 5
the mean pu of a Gaussian distri-
bution, in which the variance is as-
sumed to be known. The curves
show the prior distribution over p
(the curve labelled N = 0), which
in this case is itself Gaussian, along
with the posterior distribution given
by (2.140) for increasing numbers N
of data points. The data points are
generated from a Gaussian of mean
0.8 and variance 0.1, and the prior Is
chosen to have mean 0. In both the
prior and the likelihood function, the ['_
variance is set to the true value.
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2.3.6 Bayesian inference for the Gaussian

We have already seen how the maximum likelihood expression for the mean of
Section 2.3.5 a Gaussian can be re-cast as a sequential update formula in which the mean after
observing N data points was expressed in terms of the mean after observing N — 1
data points together with the contribution from data point x5 . In fact, the Bayesian
paradigm leads very naturally to a sequential view of the inference problem. To see
this in the context of the inference of the mean of a Gaussian, we write the posterior
distribution with the contribution from the final data point x, separated out so that

N—-1

p(p|D) [p(.u) ] penle)

n=1

p(xn|p). (2.144)
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We shall suppose that the variance p is known

A=1/02
When X = {x,, . .., xs}, The likelihood function that is the probability of the observed data given A, viewed as a
function of A, is given by
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2.3.6 Bayesian inference for the Gaussian
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2.3.6 Bayesian inference for the Gaussian
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2.3.6 Bayesian inference for the Gaussian
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where ¢, d, and 3 are constants. Since we can always write p(u, A) = p(u|A)p(A),
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2.3.6 Bayesian inference for the Gaussian
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Figure 2.14 Contour plot of the normal-gamma

distribution (2.154) for parameter 2
values po = 0, 3 = 2, a = 5 and
b= 6.
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2.3.8 Periodic variables
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An example of a periodic variable would be the wind direction :
measure values of wind direction on a number of days and wish to summarize this using a parametric distribution

Another example 1s calendar time, where we may be interested in modelling quantities
that are believed to be periodic over 24 hours or over an annual cycle

We might be tempted to treat periodic variables by choosing some direction as the origin and then applying a
conventional distribution such as the Gaussian.
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2.3.8 Periodic variables
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2.3.8 Periodic variables
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2.3.8 Periodic variables
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2.3.8 Periodic variables
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2.3.9 Mixtures of Gaussians
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2.3.9 Mixtures of Gaussians

K

p(x) = ZmN(X\M}m k)

k=1

O|£: Mistures of Gaussians
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2.3.9 Mixtures of Gaussians
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2.3.9 Mixtures of Gaussians

= e = e o Model 3k Distribution  Volume  Shape Orientation
E o Univariate equal
@ @ @ @ @ @ @ @ @ A% o Univariate  variable
< : > EII A Spherical equal equal
@ ©) D & VII AT Spherical  variable  equal
EEI AA Diagonal equal equal  coordinate axes
e = = = = VEI ALA Diagonal  variable equal coordinate axes
EVI AAj Diagonal equal  variable coordinate axes
@ @ @ 0 @ @ @ ® @ @ VVI A Ag Diagonal  variable variable coordinate axes
D (o) 6} ? (S) EEE  ADAD'  Ellipsoidal  equal  equal equal
EEV AD;GADI Ellipsoidal equal equal variable
VEV EVV VVE v
&2 [P |F D

https://www.youtube.com/watch?v=nktiUUdeX U
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2.3.9 Mixtures of Gaussians
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