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sampling based on Statistics or Estimations
unnormalized distribution for samples

Unnormalized Distribution whose Samples that can be obtained Statistics or Estimations that can
normalization factor computation with MCMC and without be computed based on the
is intractable proceeding to the normalization generated samples

lllustration of the sampling approach (MCMC)

C~o 9)
3 / \ /
Build a Markov Chain whose Generate a sequence from the Keep some well chosen states
stationary distribution is the Markov Chain long enough to from that sequence as samples to
distribution we want to sample fror reach the steady state be returned

The Markov Chain Monte Carlo approach is aimed at generating samples from a
difficult probability distribution that can be defined up to a factor
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