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Notation “&—

Gibbs sampling

The detailed balance

Metropolis-Hastings sampling
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Notation

» V = {Xi,...Xs} set of random variables (nodes of a graphical model)

also known as Markov network -
» Xi.n € {£1} (for simplicity) -
> E ={(i,j), 1 <i<j < n} edges of graph \ )\V\.(IQQAj
» graph is not complete, some edges are missing E = IUQ&%QAB
» We write i ~ j for (i,j) € E or (j,i) € E
» meigh; = neighbors of X;

» Markov property ‘ X; L all other variables | neigh; ‘

» x = (x1,...xn) € {£1}" = S\an assignment to all variables in V
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Notation
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V = {Xi,...Xn} set of random variables (nodes of a graphical model)

also known as Markov network

X1.n € {#£1} (for simplicity) ;{) ’—‘\qk—l-k&“ \'\c"'\s \'\‘a
E = {(i,j), 1 <i<j < n} edges of graph

graph is not complete, some edges are missing +\\*‘b—.\/\/ﬁ’g.\,\*‘£

We write i ~ j for (i,j) € E or (j,i) € E

neigh; = neighbors of X; +\ —_ \NKB

Markov property ‘ X; L all other variables | neigh; ‘ "P e e-ﬁ?

x = (x1,...xn) € {£1}" = S an assignment to all variables in V

Distribution over S
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(and hy > 0 for all (i,]) € E) ﬂ
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