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Darwin’'s Finches

The Voyage of the Beagle

Galdpagos archipelago (1835)
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Permanent: Counting Perfect Matchings

[Kasteleyn '63] planar graphs in polytime

Dimer model

@ atom

possible bond

dimer

Partition function = permanent (in bipartite case)

- for computation of thermodynamic properties
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Permanent: Counting Perfect Matchings

[Kasteleyn '63]

Dimer model

planar graphs in polytime

ﬁﬁa’

73338

SN

XSS

o

@ atom

possible bond
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[Valiant '79] #P-complete for general (bipartite) graphs
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Impor'tance Sampling for counting problems

¢

Random variable

Probability distribution o

on the points + ¢

with positive probability o(x)>0

r

\_

n(s) = {

1/6(s)
0

if sin the set
ifsis ¢

~

v,

Unbiased estimator

[ E[n] = 2 o(x).1/0(x) = size of the set ]
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Simulated Annealing

[Kirkpatrick-Gelatt-Vecchi '83]
[Cerny '85]

‘ Unordered state ‘—b‘ Ordered state ‘
(EASY) (DIFFICULT)

Cooling:

(A

all equivalent differences more and more pronounced
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Sequential Importance Sampling for BCT
[Chen-Diaconis-Holmes-Liu '05]

a specific o
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- assign each column ignhoring other column sums
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number of trials is off by an exponential factor
(with high probability).
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A Counterexample for SIS

Thm [Bezdkovd-Sinclair-Stefankovié-Vigoda '06]:

For any B #v, SIS output after any subexponential
number of trials is off by an exponential factor
(with high probability).

Intuition all tables

Expect: apm ones

SIS: asymptotically fewer

tables with ~apm ones

M tables seen by SIS whp



SIS - Experimental Results

log-scale of SIS estimate
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SIS - Experimental Results

Regular marginals: m=50, marginals 5

SIS estimate

10. 6
10.5'\ ‘correct‘
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10. 4. M‘.|u M‘.WWV#HM.. peob
10. 2 W
10. 1
| 200 400 600 800 1000

number SIS steps
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Broder Chain

Mixes in polynomial time ? Even if it did...

AN,

perfect matching
>2("/4)  peqr matchings

Thm [Terrum-Sinclair '891:

Rapid mixing if perfects
polynomially related to nears.
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Idea [Jerrum-Sinclair-Vigoda '01]:

Change the weight so that perfect matchings
take polynomial fraction.

n®+1 regions,

~very different

the same size

Ideal weights

(for a matching with holes u,v):

(# perfects)

\(# nears with holes u,v))




Broder Chain

A perfect matching sampled with prob. 1/(n?+1)

Bad:  Computing ideal weights as hard as original
problem ?

Solution: Approximate

Ideal weights

(for a matching with holgé u,v):

(# perfects)

\(# nears with holes u,v))
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Simulated Annealing for Permanent

‘ Unordered state ‘—b‘ Ordered state ‘ — *7:

(EASY) (DIFFICULT)
Solution: Approximate A=1_..~0

Ideal weights
(for a matching with holgé u,v):

~\

(# perfects)

\(# nears with holes u,v))




New Cooli ng Schedule Bezdkovd-Stefankovié-

(# perfects)

~\

\(# nears with holes u,v))

Vazirani-Vigoda SODA '06

< ratio of polynomials in A
(don't know coefficients |)

Want: decrease A so that polynomials drop by < 2 factor

A=1..-~0

/
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~\

(# perfects) . .
< ratio of polynomials in A
| (# nears with holes u,v) | (don't know coefficients !)
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