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◮ Are you able to generate samples from any distribution f (x)?
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◮ Can you generate samples from f (α, β, θ1, . . . , θ10|x1, . . . , x10)?
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◮ Set x0 to 0, 1 or 2 with probability 1/3 for each

◮ Markov chain kernel

P(xi+1 = xi − 1|xi ) =

{
xi/20 if xi ≤ 9,
1/2 if xi > 9

P(xi+1 = xi |xi ) =

{
(10 − xi )/20 if xi ≤ 9,
(xi − 9)/(2(xi + 1)) if xi > 9

P(xi+1 = xi + 1|xi ) =

{
1/2 if xi ≤ 9,
5/(xi + 1) if xi > 9

◮ This Markov chain has limiting distribution f (x)

◮ will explain why later
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A (very) simple MCMC example (cont.)

◮ Trace plot:
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A (very) simple MCMC example (cont.)

◮ Convergence to the target distribution
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A (very) simple MCMC example (cont.)
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A (very) simple MCMC example (cont.)

◮ Convergence to the target distribution
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A (very) simple MCMC example (cont.)

◮ Convergence to the target distribution
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Interactive lecture tomorrow

◮ Problem A: You are given a f (x), x ∈ {0, 1}.

◮ find all transition matrices with limiting distribution f (x)
◮ simulate such a Markov chain, study the simulation
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◮ find all transition matrices with limiting distribution f (x)
◮ simulate such a Markov chain, study the simulation

◮ 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?


