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Why do we want to generate samples?

For a given function g(x) we want to find

u:EdaXH:/ﬂ@ﬂﬂM

> if we can find the integral analytically, we should do so
> if we can't solve the integral analytically we can estimate p

» generate iid x1, X2, ..., X, ~ f(x)
> estimate u by

" then Varlg(x)]
P P ar Xij
Efil=p and  Var[i] = =S50

» so by choosing n large enough we may estimate p with the
precision we want

> Are you able to generate samples from any distribution 7(x)?
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» Graphical model:

» Posterior distribution of interest:

fla,B8,604,...,6010,x1,...,x
f(aaﬁaeh-~-a910‘X1,--~7X10) ( B ;-(Xl 10X]_;) 10)

& f(a,ﬂ,el,...7010,X1,...,Xlo)

10 10
< f(a)f(B) H f(0ilo, B) H f(xil0;)

10
e~ B 0.9 —5 H r 04 1 —59‘| . [H (eit/)Xi e-@h]

i=1

> Can you generate samples from f(«, 3,61, ...,010|x1,...,x10)7?
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A (very) simple MCMC example

» Note: This is just for illustration, you should never never use
MCMC for this distribution!

> Let

00 01 02 03

] o 15 o 5 30

> Set xo to 0, 1 or 2 with probability 1/3 for each

» Markov chain kernel
X 20 if X S 9,
Plxivn =2 —1p) = { 1//2 if x; > 9

e (10 — x;)/20 if x; <09,
P(xi+1 = xi|x;) { (i —9)/(2(x + 1)) ifx>09
o ‘ 1/2 if x; <9,
Plxirs =i+ 1) { 5/(+1) ifx>0
> This Markov chain has limiting distribution f(x)
» will explain why later
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A (very) simple MCMC

example (cont.)

» Convergence to the target distribution
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> Problem A: You are given a f(x),x € {0,1}.
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> Problem B: You are given a f(x),x € {1,2,3}.

» find one transition matrix with limiting distribution f(x)

» find another transition matrix with limiting distribution f(x)

» define a transition matrix as a linear combination of the two
above. What is the limiting distribution of this new Markov
chain?



