On the speed of convergence
of Markov chain Monte Carlo
methods
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Markov chain Monte Carlo

"Almost all Markov chains can be modified to
converge to a prescribed distribution”

Primer Markov chain with transition
probabilities T(Y[X), aperiodic, irreducible and
for all X and Y,

T(Y|X)#0 = T(X|Y) #0
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Mixing of Markov chains

"Mixing correlates with the second largest
eigenvalue”

SLEM: Second largest eigenvalue modulus
p = min{ Ao, [A,|}

Relaxation time 1
Trel -—

1 — Ao




Cheeger inequalities

"A Markov chain mixes slowly if and only if
there is a bottleneck in it”

Ergodic flow:

Conductance:
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MCMC convergence
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Fast convergence
=il Dn (|Dn| <n) the series of 1/(nk(1- Anz)) built from the Anz s of the
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MCMC convergence
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Fast convergence

3 k V Dn (|Dn|<n) the series of 1/(nX(1- A n,2)) built from the Anz2’s of the




Fast converging Markov

chains
FPRAS:

(Fully Polynomial Randomized Approximation Scheme)
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Algorithm polynomial in |x|, 1/€ and -log(d)
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FPRAS:

(Fully Polynomial Randomized Approximation Scheme)

giveanE*,g >0,0<0<1:

Pr(1—¢)f(x)<OUT <(1+¢&)f(x)=1-6

Algorithm polynomial in |x|, 1/€ and -log(d)

#P: Hard counting problem

It is known that the intersection of #P and
FPRAS is not empty. For example linear
extension of partially ordered sets.



ParlS: Partial
Importance Sampling

1 r Cut out a random window




Random walk on random walks




Examples for RWoRWs

® Genome rearrangement paths

® Ancestral states in the infinite site
recombination model




Big 1slands




Big 1slands




ParIS mixes slowly on minimal
reversal sorting paths

Miklos, Melykati, Swenson, manuscript submitted

Likely backproposals only on a
negligible part
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Myth 1.
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Myth 1.
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Myth 1.
It is worth jumping big

We cannot jump big in discrete, high
dimensional distributions.




Myth II.
Small acceptance rate is
caused by bad proposals




YersAllmutations
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Pre-burnin without proposal ratio!
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Myth II.
Small acceptance rate is
caused by bad proposals

The ‘curse of small backproposal probabilities’.




ParlS: indeed speeded
up computation?

It is enough fo calculate proposal probabilities
for a ‘window’ (Green, 1995; Lunter, Miklos, etc, 2005)

T (X)T(Y | X) =

T (V)P(X,w,Y)) _

ﬂ:(X)Z P(Y,w.| X)min| 1 T OOPT . ‘X)/

M mine (X)P(Y,w, | X),7%(Y)P(X,w,|Y))




But does it help?
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from Poisson distribution
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iddenness of decision

trees




MCMCMCMC

Model Changing Metropolis Coupled
Markov Chain Monte Carlo

PT-like MSIS

® No need to know the
normalizing constant
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MCMCMCMC

Model Changing Metropolis Coupled
Markov Chain Monte Carlo

ST-like MSIS

® Unknown normalizing constant!
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Convergence property of
MCMCMCMC

For ST-like MSIS
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Proving that there’s no hope

BPP: Bounded-error Probabilistic Polynomial time

It is believed that BPP=P and P # NP

When will an FPRAS be a BPP?

If the exact answer provides solution for a
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Further questions - further hope?

Would be we satisfied with a slightly worse algorithmic
complexity?

For example, stochastic running time that has a
polynomial expectation...

CFTP alorl’rhms (Coullng From ’rhe Pas’r) do ’rha’r'

?x
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I hope I spread non-knowledge significantly today!










