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Exersice 7.6
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Exersice 7.6
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Not a known distribution #Calculating sum xi for all values of theta

. um = rep (NA,n-1)
But the partial sum of x;  Z0(. .25 mry,
xsum[i] = sum(coalSdisasters[1l:i])

Is a factor we will need xsum{i] = sum(coal>di
Xsum = sum(coalidisasters)
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#Sample theta
logp = xsum*log(lambdal)-lambdal*seg(l,n-1) + (Xsum-xsum)*log(lambda2)-lambdaZ2*seg(n-1,1)

P = exp(logp)/sum(exp(logp)) 0

theta = sample(l: (n-1),1l,prob=p) . . _

jSample lambda ‘Gamma( ;3 + E xj, o+ 0)

lambdal = rgamma (1, shape=3+xsum[theta],rate=alpha+theta) Jj=1

lambda2 = rgamma (l, shape=3+Xsum-xsum[theta], rate=alpha+n-theta) 112

$Sample alpha .

alpha = rgamma(l, shape=16,rate=10+lambdal+lambda2) Gamma()\% 3+ E Lj, + 112 — 9)
thetaM = c(thetaM, theta) j=0+1

lambdaMl = c(lambdaMl,lambdal) .

lambdaM2 = c(lambdaM2,lambda2) “Gamma(a’ 16, 10 + )‘1 + )\2)

alphaM = c(alphaM,alpha)
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Diagnostics
Have removed the 1000 first

Trace plot
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Results

]
par (mfrow=c(1l,1))

plot (lambdaMl [seg(l,N-J,by=10) ], lambdaM2 [seq(l,N-J,by=10)])
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Exercise 41 (Combinations of Markov chains)

Assume you have two Markov chains described by the transition densities P;(y|z) and
P5(y|z), both having a target distribution 7(z) as stationary distribution, that is

w(y) = [ 7(2)Pi(yla)dz.j = 1,2
r
Define now a new Markov chain by the transition density
P(y|z) = aPi(y|z) + (1 — a) P2 (y|z)
were a € [0, 1].
(a). Show that this new transition density also have 7w (y) as stationary distribution

(b). Discuss the implication of this result with respect to constructing Markov chain
Monte Carlo metohds.

10
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Exercise 41

(a). Show that this new transition density also have 7 (y) as stationary distribution

P(ylz) = aPi(y|z) + (1 = a)Pa(y|z)

were o € [l]. ]].

/W(Jr]P(y\.r)rf:r =f )aPy(ylx) + (1 — a)Py(y|x)|d

—a [ #(2)Pi(yla)dz +(1 - ) [ 7(z)Pa(ylr)da

11
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Exersice 38

Assume again we are interested in simulating from the bivariate Gaussian distribution
No(p, X) where

) =)

that is the same setting as Exercise 35.
(a). Find the conditional distributions for z; given z2 and x» given z,.
(b). Implement the Gibbs sampler based on the condional distributions.
(¢). Run the algorithm 1000 iterations for @ = 0. Use simulations from the standard
Gaussian distribution as starting points.

Estimate g and X from your simulations. Use traceplots to see how many of the first
samples you should discard.

Make a plot of your simulations in the two-dimensional space, drawing a line between
each iteration.

Comment on the results.

(d). Now repeat the previous point with a = 0.99.

Make similar estimates and plots and comment on the results.

12
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Conditional distributions Ex 38
e=(2)~((%) (5 52))

Elz, |z =p1 + 0'122-}31[172 — 2|

1gc’rirll‘[:l','![|:?If.'!g] 2211 - 61322_210'21.

This gives

Elz,|zs] =1+ a(zy —2) =1 - 2a + ax,
Var L'y |.I'2 =] — (12

Elz;|z) =2+ a(z, — 1) =2 — a + ax,

» - - 2
Var|z;|z2) =1 — a
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b"[J'] |.1'2] =1 + H{J'E —_ 2) = 1 — 2(: - aro
I Var[z, |z,] =1 — @
Gibbs sampler wfafzz] =1~ a
Elzs|zy| =2+ a(zy - 1) =2 — a + ax,
Var[z|zo] =1 — a*

#Initialization
X[1,] = rnorm(2)

#Gibbs sampler

for(i1 1in 2:N)

{
X[1,1] = rnorm(l,1-2*a+a*X[1-1,2],sgrt(1-a"2))
X[1,2] = rnorm(l,2-a+a*X[1,1],sqgrt(1-a*2))

14
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100 Samples in arow
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X GS[1, 1]

Fore update of individual coordinates

plot(X.GS[1,1],X.GS[1,2],xlim=c(-2,4),ylim=c(-1,3))
for(i in 1:1000){
lines(X.GS[i:(i+1),1],X.GS[c(i,1),2])
lines (X.GS[c(i+l,i+1),1],X.GS[1i: (i+1),2])

18
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1000 Samples in arow
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Compare ex 35, M-H vs Gibbs

X1

ACF

Lag

In general Compare also runtime per iteration
Complex code

20
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Ex 36 Ex 37 a
e & ~ Unif([—a,a]) e & ~ Unif(|—a,a] X [—b, b])
( (
. h(Xt+£t) . h(Xt'l'gt)
<
. It=<1lfUt_ "D . It=<11fUtS A
KO otherwise 0 otherwise

\
o Xey1=Xe 1 & e Xip1 =X+ 1 &
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Ex 37D

e1,¢ ~ Unif([—a, a])
€2¢ ~ Unif([—b, b))

Uy,c ~ Unif([0,1])
U, ~ Unif([0,1])

Il,t — <

Xevos = X + Il,t ) [

Il,t —

( €1,
el
i <
Lt h(X;)
. 0 otherwise
€1t
]
( 0
h (XHO'S + [52 tD
R1ifU, ; < ’
2t h(X¢405)
L 0 otherwise

0
Xey1 = Xeyos Tt [82 J
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