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1. Consider asimple linear model
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where ¢; ~ N(0,1). Suppose 3, 2, 4, 2, 1 are ob-
servations. We know somehow that the prior to be
m(Bo) ~ N(3,1). Estimate 5, using MCMC.

Solution. Thisisadumb example but serves the purpose
of illustrating the use of MCMC for parameter estima-
tion. Note that Y;|5p ~ N(Bo, 1). The posterior is
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where ¢ isanormalizing constant, i.e.
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Then the posterior is
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The Bayes estimate 3, = E((|y) can be computed ana-
Iytically in this particular example but requires some a-
gebraic manipulation and if the prior is something like
m(Bo) Tl%f it may not even possible to compute the
Bayes estimate analytically.

This gives a mativation for computing By via MCMC.
We use the random-walk Metropolis algorithm with sym-
metric propositional density ¢(y|xz) ~ N(z,1). For this
particular distribution
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So function « in the MCMC agorithm is trivialy
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a(a,b) = min [1, =0l

Then we generate Markov chain Xy — X; — X5 --
with invariant distribution 7(5y|y). For large i, X; ~

7(Boly)-
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n=200;
y=[3 2 4 2 1];
X(1) =10;
for i=2:n
candi dat e=nornrnd( X(i-1),1);
pi _n=nor npdf (candi date, 3, 1) *
pr od( nor npdf (candi date, y, 1));
pi _d=nor nmpdf (X(i-1),3,1)*
prod(nornpdf (X(i-1),y,1));
al pha=mi n([1, pi _n/pi_d]);
u=r and;
if u <= al pha
X(1) =candi dat e;
el se
X(i)=X(i-1);
end,
end
>> mean( X(50: 200))
ans =
2.4498
>> nean(y)
ans =
2.4000

. Hierarchical model. AssumeY; ~ N ([, 1) inthe previ-

ous model. Give prior 8y ~ 7(Bo|y), v ~ m(7). Inthis
case, we construct the Gibbs sampler

Bo ~ m(Boly, ),
v~ w(v]y, Bo)-



