
FiniteMarkov Chains
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called a Markov chain because it has Markov property
next slate depends on current
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Fundamental Thm of Marker Chains

For any finite irreducible aperiodic MC
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Random walks on graphs



Proof oythm for d regular graphs using spectral approach
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Spectral Thm

If MEIR symmetric then
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MonteCarlo Methods

collection of toolsforestimatingvaluesthru sampling estimation

E r Approximation

A randomized alg gives an E 8 approxfor valueV
if the output X of thealg satisfies
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Example

Sample indep randomvars whosemean is quantity we want
to estimate
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DNF Counting

Suppose want to know satisfying assignments
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