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Monte Carlo EM AlgorithmMonte Carlo EM Algorithm

p(a | S, Θ(t))

a

Initialize: A(0) and Evaluate Θ(0), Q(0)

t ← 0, Qmax← Q(0)

repeat: t ← t + 1
      for i ← 1 to N   // Simulation
      compute conditional prob. distribution (p) and its cdf (U)
      draw sample: ai ~ U(ai |Si, Θ(t-1))
      A(t) = [a1,…, ai,…, aN]T

     Update Θ(t), Q(t)

     if  Q(t) > Qmax
       Qmax ← Q(t), A* ← A(t), Θ* ← Θ(t)

output: optimal alignment (A*) and motif model (Θ*)
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Algorithm ComparisonAlgorithm Comparison
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SummarySummary

S-step and
U-step

E-step and
M-step

Iteration

Slow
(specified)

Quick (most
of times)

Convergence

Not alwaysyesLocal
optimum

noyesDependent
on initializing

MCEMEM


