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We can verify ?
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This means two things
-

1) Given Pij , we can possibly solve for IT (the stationary
distribution) by solving the detailed balance equations .

Ti Pij = Tj Pjs

2) Given a target distribution IT, we can try to tweak

the Pij 's to satisfy detailed balance equations, so that

the chain will have the desired stationary distribution .

To do ② we need to introduce the idea of rejection

sampling , which will lead to the Metropolis-Hastings alg .



Rejection sampling :

-

Given gcn) that we know how to sample from , here's

how we can sample from a desired pfx) .

• Assume 3- c > I such that the . Cq Ca) > Pfe)
• Sample x - g ca) (proposaldistri-but.cn)
• Accept the sampled se with probability PCI

So PCaccept In) = pea)
aged

⇒ I
1

.

P(accept) = f PCaccept ta) glutton = ÷
(so it's better if c is small ) .



Proof that rejection sampling works .

f-Cal accept) = PCaaeptlxja.ca#JPCacceptfa)gCx) da
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Eixample Sample x - Be (2,2) Ossett

peak 6rG - n)

let gcn) = 1 oases I

play has a Max . of Zz at me 0.5

so Z goal > pca) (⇐ Z )

• Sample x uniformly in 10,13

• Accept me with prob . 63,912 = 4x4 -n)



The Metropolis -Hastings algorithm is some type
of rejection sampling . The goal is to make the drain

satisfy detailed balance for a given IT (a)

Let fly In) be a given proposal density for a Markov chain
• Given current state son , sample y - fly Inn )

•
calculate a cnn.yj-minf.IT?HfIT , IfNn) Nn)

• Sample ur U (oil )
i

• If U f Kaen, y)

Xn + I = y [ move with prob . Nnn , y ) )
else

Xn+ , = an [stay with prob . I - Nnn ,y))
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Detailed balance :

prove : ITCH day)fly In) = IT G) Hype) fluty)
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Metropolis - Hastings . (aka MCMC )
Ld #

Markov chain Monte Carlo

Proposal Distribution

urns
ymmetric MCMC
-

Flyte) = feel y ) , then almy) = min I ,If÷, , I]

Independent MCMC

fT¥fCy , then a Cmyk mint ,,Ib¥fYy,- it)



Application to Bayes
-

f-Cola) = fkIAf# = ITCH .

Shalt) floydowning Hard

Use MCMC to sample from IT (f) .

- How if we don't know TCO) ?

-
We only need the ratio IT(a)/Tfa)

Ha, a) = mint ,tf%÷, HAI , t )FAHAD

-
Use prior f-fo) for proposal distribution as
independent MCMC .



Example :
-
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-

Use Mcmc with proposal distribution f-(Mala .) - FCK)

-

-
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