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Algorithm 1 Metropolis-Hastings 5.y2:

Initialize X(1)=(x1, x2)
for i=1 to N do
Generate Y from proposal distribution Q(y|x)
Calculate the acceptance probability:
o = mindQECE= DI
m(X(t—1)Q(Y|x)’
Generate u from Uniform[0,1]
if u<a
set X(t) =Y;
else
set X(t)=X(t-1)
end if
end for
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Initialize x© = randi([1, q], 20, 20)
for t=1 to N do

x(® = x(t1D

x_cluster = get_cluster(x)

for each cluster in x_cluster do

xW[cluster] = randi([1,q])

end for

end for
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DL R4 B4 Matlab 2017.a, Windows 10 x64.

2.6.1 Metropolis-Hastings
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PLR A% Zhigiang Tan 16 3 B 315 145



MR W S5RENLERE (2), Project 1

6 6 6
5 5 T“ 5 T“
4 4 4
34 2, 2 4
a a a
2 2 2
1 1 1
0 0 0
-2 -2 -1.5 -1 -0.5 -2 -1.5 -1 -0.5
u(x)/K u(x)/K
10 SAMS gt 2B/ &
0 1 1 1 1
0 0.5 1 15 2 25
FEARL x10°
11 ¢ Byfhit{E
3 JA—HERIXIEAEEA T
T1 14 1.4065 1.413 1.4195 1.426
¢ 0 2.28719 4.85344 7.99955 11.682
2.7 #He

AIDVER], SMEEERIGERS T RO SR A THE . FF H RS R R
i, SRR M BUE RS E T — 8. H, SAMS Baa5EEMEmN T
Zhigiang Tan (1830, FFH, HATATLUKIL, M MH. SW 2| SAMS, =Fh&E%
(WSSO FE A IR, Wie SR B S BT B 75 2 A i AR A ki D>

C

w
13
N~
Ok



MER IR 5 BEHLEFE (2), Project 1

ZISD\E’de’EJk‘IE%T%ﬁT MCMC J5i%E LK Potts AL @I AR, &
HEIR T Potts B RIS, A TR FIENT Potts FER (11719
—443%3%(1&1ﬂ$fr, (eI TE S

B
BRI A0+ L RSN SEVORL, R TR B IR
EIRBIBI 1

S 3Rk

[1] #Roczd. BB RE. 3R 7 AR 22 7], 2002.

[2] Geyer, C.J., 2011. Introduction to markov chain monte carlo. Handbook of markov
chain monte carlo, 20116022, p.45.

[3] B&F, #R#HE. Metropolis-Hastings H iGN EE LN, /4 LRI 5L
I, 2008, 28(1): 100-108.

[4] Wolft, U., 1989. Collective Monte Carlo updating for spin systems. Physical
Review Letters, 62(4), p.361.

[5] Swendsen, R.H. and Wang, J.S., 1987. Nonuniversal critical dynamics in Monte
Carlo simulations. Physical review letters, 58(2), p.86.

[6] Tan, Z., 2017. Optimally adjusted mixture sampling and locally weighted
histogram analysis. Journal of Computational and Graphical Statistics, 26(1), pp.54-
65.

[7] Geyer, C.J., 1991. Markov chain Monte Carlo maximum likelihood.

[8] Geyer, C.J. and Thompson, E.A., 1995. Annealing Markov chain Monte Carlo
with applications to ancestral inference. Journal of the American Statistical
Association, 90(431), pp.909-920.

[9] Gilks, W.R. and Berzuini, C., 2001. Following a moving target—Monte Carlo
inference for dynamic Bayesian models. Journal of the Royal Statistical Society:
Series B (Statistical Methodology), 63(1), pp.127-146.

[10] Wang, F. and Landau, D.P., 2001. Efficient, multiple-range random walk
algorithm to calculate the density of states. Physical review letters, 86(10), p.2050.
[11] T RekE. Geit¥nEdh i) 55 R % SA /. 2013

[12] Hoshen, J. and Kopelman, R., 1976. Percolation and cluster distribution. I.
Cluster multiple labeling technique and critical concentration algorithm. Physical
Review B, 14(8), p.3438.

[13] Tarjan, R.E., 1979. A class of algorithms which require nonlinear time to
maintain disjoint sets. Journal of computer and system sciences, 18(2), pp.110-127.



