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Simplification with Symmetric Proposals
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Monte Carlo Summary

Big Picture:
1. We want to estimate expectations of the form

E[h(X)] = /Q h(x)f (x)dx

2. In high dimensions or for complicated h(x), Monte Carlo
methods can be advantageous
(<)

3. Markov chain Monte Carlo is a way of generating samples

x(k) using only unnormalized density evaluations.
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Simple Test Problem
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MC and MCMC on test problem
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MC and MCMC on test problem
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Chain Correlation
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Breakout Exercise

Recall the Metropolis-Hastings MCMC algorithm:
1. Choose an initial point z.
2. Fori=1...N:

» Propose a point z' ~ q(z|zi-1)
» Compute the acceptance ratio

= f(z'|cobs) q(zi-112')
f(Zi—1|Cobs) Q(Z,|Zi—1)

» Set x; = x’ with probability a = min{1, v}, else x; = xj_1.

Question:

What two parts of this algorithm cause the chain to be

correlated? 0 0
Lo wby wmight ) g L gamilar?



Breakout Solution

Metropolis-Hastings MCMC algorithm:

1. Choose an initial point z.

2. Fori=1...N: , ¢ ve'r
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Central Limit Theorem (CLT)

The mean fiy of independent samples X (k) converges to a
Gaussian distribution
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Central Limit Theorem (CLT)

The mean fiy of independent samples X (k) converges to a
Gaussian distribution
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Autocorrelation Functions

Monte Carlo MCMC

Correlation p(d)
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Time
Integrated Autocorrelation Function and CLT
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Minimizing MCMC Error
1 (TAcT)

‘ ‘mize
féoq(‘ Mt +he Vra?osal &

l/? (‘,\/\@o‘;;‘y\j
60«%9&}(“/\ ?(‘Q‘P
C.I,\aosb \}cx(lkm/\(c CDF‘ ]
@‘\ V\-Q'A/ qa&;,kﬁm Frg@}q
/\Pp 3

AR el



