oooDoo0o0oooo MeMCOOO
0000000
0Doo00

1 0000

00000000000000000 pw(-)0000000000 f(y,zl¢)DO0DODOOOODO
y0OOOOO0OO0 =z = () 0000000000000 EO0O0O0O0ODO0OADDDOOOODO
000 ¢00D00D00ODO0OOOODODOODODODODODODyODODOOD 200000

(posterior) f(zly, ) = f(y,z|¢)/f(yl¢) 0DODODODOODOODO (flylg) = [ f(y,=[¢)u(dx)
00¢000000000)00000000000000000000 a(z)0000

E(a(@)ly. é) = [ a(@)f(ly,)u(dz) 1)

0000000000000 o0oDoooooooooooo Moo W, .Moooo0g
flzly,¢)DDODOOO0DDOODOOOO

B(a()ly. 6) = sza ¢l

0000000000 Markov Chain Monte Carlo (MCMC) OO OOO0OOO (stationary dis-
tribution) 7(z) 000000 f(zly,¢) 000000000000000000000 {z®}0
ugbooooooobooonooog

2 MCMCOOOODOOOOO

2.1 Metropolis-Hastings 000000

Metropolis 0 (1953) 0 00 MCMCOOUODDDODOOOOOODOOO Hastings (1970) O
MCMCOOOODOODOODOOOOOOOOO HastingsOOOO MCMCOODOOOOOOO
O000000000000000000 Peskun (1973)0 0000000000000 0O0
Tierney (1994) 00000000 3300000000 Green (1995) 000000000000
000000000000

re ECRFOD007(x)00 c0000 p(-)0000 20 proper 00000 (density) O
oooooD 200000000 29,...,:900000000000000000 29000
00 2"Y 00000000000 “proposal density” ¢(2'|z®) 0000 Y 000000 2f
O000o0o00o

Wla')r (')

z\x)m(x

ofz’; ) = mind 1, al 3
i) () (a) )
D0000000 a(2;2M)00 2/ 0 “accept” 00 ) =2/ 000000 1—aa’;2®)00
0 “reject” 00 2D =20 0000

D0000000000000000 transition density O 0 2+ ;é:v gooo
p( (t+1) |$ ) q( (t+1) ’x )a(l,(t+1);x(t))

Ooooooo o1e6e000 OoOg ooo 4-6-7 000000 0190000000 (1997/10/30)
Ph: 03-5421-8788, Fax: 03-3446-1695, Email: shimo@ism.ac. jp oo (1997/10/27)

URL: http://www.ism.ac.jp/"shimo/



0000 20 =20 001 = [ oy p([2D)p(de’) O point mass 000000 p(a'|z) 00
000 (detailed-balance) p(2'|z)n(x) = p(z|)7n(2) 0000000000000 0000O0O0
0 (reversible) 000000000000

7o) = [ p(a'la)m(@)p(de) (4)

O0000#(x)D000000000000O0 (00 invariant distribution) 000 O

0029 ~ 7(z)000 400029, ¢+ > 10x(x)0000000000 2900
00000000000000000 (00000000 MCMCOOOOO!)) 00000
zZ0 M) Qoo oo00D00000 mO0OO0OD000O00D000O

1 m-+M

E(a(x)) = — > a(z) (5)
M 25
00 (1)00000000000000000000 “urn-in”0000000000000O0O
00 proper 00000 w(x) 0000 irreducible(0 0000 0) 0O aperiodic(D0000)000
0000 7(z) 0 unique 00 t » 0o 000 2@ 000000 #(z) 0000000000000
M — o000 E(a(z)) = E(a(z)) 00000
000000000000 0000000O0 ¢(2'|2) 000000 n(z)D000O0O0OOODOO
00000DOO000o00o0ooOoooDooooooo MCMCOOOODODOODOOoOOooOoo
goboobooooboooOgobOoboboobOOoboooOOobooo0 MODODODOUODODOOO
¢(z'|z) 000000000

01 (0000000) 00000000 Metropolis-Hastings DO OO OO0 O0O0O00O0O
Metropolis 0 00 00 ¢(z'|x) = ¢(z|2’) 0000 random walk 00000 ¢(2'|z) = ¢(a’ — )
000000000000 ¢g(2) = q(—2) 00 random walk Metropolis 0 0000000000
00 independence 00000 ¢(2'jx) =¢(2) 000000000000

0 2 (Metropolis-Hastings 0000 0000000000) 0000000 O0ODDOOO
00000 2€RO00 (zx) 0000000 100000 N(0,1)000 (O 1)0 random walk
Metropolis 000000 ¢(-l») 00000 [z —d,2+d 000000000 (d=0.1,1,10)0 d
D000000 accept0000D00ODOO0ODODODODODdODODOODODODOODOOD
O accept 100O0DO0DODOOO0O0OOONOOOODO {z®}00000 7(x)000
0000000 ¢('lz) 000000000

22 JO00O0O0ODOOOO

Hastings (1970) O Tierney (1994) 00 n(x) 000000000 OO transition density
pi(2'|x), ¢ = 1,2,...000000000000000000O00O0OOOOODODOOOOO
D:E(t)DDDDDDDDDDDDDDDDDDDDDDDDW(m)DDDDDDDDDDDDtD
900000000 pi(2/|z) 00000000000 mixture hybrid 00000000000
000000000000000 py(2/|2) 000000 cycle hybrid 00000000

Op(2/|z) 00000 c00000000000D0OO0DDOODOOODO0OODOOOOO single-
component Metropolis-Hastings 0 0 0 0 0O 0 OO Metropolis 0 (1953) 0000000000
000 MCMCOOOO 20000000 K={1,...,k}000 ACKOOOOO x4 = (2
i€ ADD0D0D00002 4= (z:i€ K\A)ODOODO (OODOz 5 =2,0000)
0 pi(2'|2) 00000 ¢(2']2) 00 2, 000000 2, =2,00000 2000000000
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0100900000 (000 d=0.1,1,10)0 {0}, 15, 000000 accept 00
000000000 964,819, 1420 [00] {z®},_., 15, 00000000 7(x)0

0000000000000 00000D00 A, Cc KOODOO x'_Ai:x_AiDDDDD ' 0
proposal density O ¢;(z/y.[z) 00000 (3) O

qxxAixhﬁx—AJﬂ($hJ$—m)}

o; (' :min{l
i( A ) 7Qi(x;li|xz4wx—l4i)7r(x‘4i|x_Ai)

0000000000 p(e|z) 0 n(z) 0000 irreducible 00 00000000000000
00000 irreducible 0000000

0 3 (GibbsOODOO) 00000 A 000002, 0000002, 000000 (ful
conditional) m(z4,]z_4,) 000000000000000000000 GibbsOOOODDOOOO
000 g(a!y,|z) =7(2y,Jr_s,) 00000 o4(2y;2)=1000000 full conditional 000 O
O0000 2000 accept 000000000 heat bath 000000000000000O0
00000 Geman and Geman (1984) OO Gibbs 00 0000000000000 0ODOOOO
ooooooo

3 MCMCOOODOOOO

3.1 Unnormalized Density

z=(r,y) 000 2x =2,2,=y0000000 0000000 KULOOOO 20000
D0000D00000 hy(2) 0000000000000 ¢(y,d) = [hg(z,y)u(de) 00000
000000000000 f(zly, @) = he(z,y)/c(y,¢) D0DDD 7(z) 000 MCMCOODOO
D0000000000000000000 a(;2)00000 7(z')/n(z) = he(z',y)/he(z, )
0000



OO0 KuLOOoOoooo Ac2iEYLgooQg
ho(z) = [I Ha(za,9)

AcA

0 factorization 00 00000000 |A/0000D000O0O0DOO0ODOOOO single-component
Metropolis-Hastings 0 0 00 0000000000000000O 2-; = 2o\ 00000
full conditional O O

f(zl|z*27¢) X H HA(ZA7¢) (6)

A€EN;
0000 Ay ={Ae€Ali € A} 0000 Markov random field (MRF) O O spatial statistics, time
series 00000000000 DODOOODOOOOODOOO

04 (000000000) 2z,i € KULOOOOOOODODODOODDODDOOODODOOO (di-
rected acyclic graph, DAG) 000 0000000000000D00000000O0OO (Lau-
ritzen 1996)0 2, 000000000000 2, j€pa(l) 0000

f(Z|¢) = H f(zi|zpa(i)7¢)

1€ KUL
0000000000000 A; = {i}Upa(d)00000 A = {Alie KUL}, A; = {A;} U
{Ajli e pa(j)} 0000000 conjugate prior 000000000000 DODO (6)000000
0000000 Gibbs000000000000000000000 60 ARSO (6)00000
zi~ flzlz-,¢)00000000000000

3.2 Importance Sampling
fx)0 g(x) D00 p(-)00D0O00D000 w(z) = f(x)/g(z) <ococae 0000

[ a@)f@)utdz) = [ a(eyu()g()u(dz) (7)

pooooood oM, ..., zM ~g@)00000
1
(t) (®)
—>_a(z)w(z)
M 4

000D (70000000 »w(®W)000D0000000000000000 ¢(2) ~ f(z) D0
00000 importance sampling 000000 n(z) = f(zly,¢) 00000000000 O0OO
O00D00000o0DOo0oO0oDOooooOoDOoooooo MCMCOODODOODOODOOO

05 (SIRODDOOO0) 2020 ~ ¢x) 00000000 wkW)DOODDODOOOO
D00000 w®)/Y,wE®)oooo {W}000000000000000000000
oooooo oM, ., 2*M) ~ f(z) 00000000 Rubin (1987) O sampling/importance
resampling (SIR) 000 000000000000 000000D0000000ODOO000OO0
O000SIROD0O0O0O00000D0O00O0DO Berzuini (1996), Berzuini O (1996) O recursive
updating O Kitagawa (1996) O Monte-Carlo filter 00000000

0 6 (Rejection Sampling) f(z) < ¢g(x)0000 200000 ¢g(x)000 0000
000 zM,..., 2™ ~ g(z)0000 20000 f(2W)/(cg(z®)) 0 accept 0000000 re-
ject 0000 accept 000 W0 f(2) 0000000 log f(¢) 0000000 adaptive rejec-
tion sampling (ARS)0 0000 ¢cg(x) 000000000000 (Gilks and Wild 1992, Gilks
1996)0 canonical link 00000000000 (GLIM) O full conditional (6) D 00D OO log-
concave 0 000000 (Dellaportas and Smith 1993)0



07 (¢p00000) 0000000000 O00O000O00¢00000000000000
000 (MLE) f(y|¢) = max, f(y|¢) 00O D000 Dempster 0 (1977) 0 EMOOOOOOO ¢

~

D00D000000000D00 o0D0ODODOO ¢o00

Q(9, o) = E(log f(x,y|9) | y, do)

000000 ¢00000000 ¢, 000000000000 ¢00000 Q(é,¢0) 0000
000000000 MCMCOOOODODOODODOOO0OOO Geyer and Thompson (1992), Geyer
(1993, 1994, 1996) 0 O importance sampling 0 000 0000000000000

f(y|¢):E<f(fv,y!¢)‘ ¢>%i§: f@, yl¢) (8)
Fwloo) ~ "\ Flwwlon) | 7) T 3 & 5, yl60)

oood W, .., aM ~ f(xly,é¢) 0 MCMCOOODODODOOO Newton-Raphson O 0 0O (8)
DDDDDDDéDDDDDDDDDNewton—RaphsonDDDDDDDMCMCDDDDDDD
00 (00000)00000000000 o0 ¢ 00000 ()OO UDOOOODDOOO
o 0000000 (8)0D000U0DD0O ¢0O0OUDDD ¢o0000D000DDOOODOODODOO
DDMCMCDDDD{:E(t)}[][]|:|DDDDDDDDDDDDDDDDDDDDDDDDDD
fxly,¢:), 1 =0,1,2,...0 mixture 0 0000000000 reweighting mixture (Geyer 1993)
0000000000000000000 unnormalized density hy(2) o« f(y,z|¢) 000000
000000000 [hey(2)u(dz) O importance sampling 000000000 (Geyer 1994)0
08 (000D0000) 000000000 f(ylg) =/ f(y,z|l¢)u(des) 0000000000
O000000000000 ¢c00000000 A(x)/c0000000 2M,...,2MO000
00000 g(x) 00O importance sampling0 00 200000

0 0
tlo) ~ S 50 [ 50 )

000000 (Gelfand and Dey 1994; Raftery 1996)0 00 0000000000000 O0OO
0000000000 A(x) = fy,z|l¢) DOOD0O0O0O0O0OD0O 100000000000 O0OO
000 Newton and Raftery (1994) O g(z) O « O prior f(z|¢) DDOO0D (9900000000
¢(x) 00000 h(z)/c0000000O0000000

00000000000 ¢(0) = [he(z)p(de) 00D D hy(z) = f(y,2/¢) 0000000 sO
0000000 hy(z),s€[0,1]00000 s00 D0 importance sampling 00 0000000
c(s) = [hy(z)u(dx) DDDOODOO0OO0OO0O (Jerrum and Sinclair 1993)0 0 = 59 < §1 <
< S =10000 26D 2GM ~ b Je(s;) 0 MCMC ODOOODOOOO

C(SiJrl) ~ i2h5i+1(ajFi’t)) (10)
c(si)) MG by (a00)
000¢=0,...,m00000000 ¢0)00 f(yl¢) =c(1) 0000000 Ogata (1990) O O
log(c(1)/¢(0)) = J (dlogc(s)/ds)ds DO O DOO0O0O0O000N

dlogc(s) 1 Ologhy(z)

GOSN o 5 O8N ) 11

ds si Mzt: ds s (11)

O00s000010000000 ¢(1)/c(0)000000000 (10)0000 loge(sis)
logc(s;) =~ (dloge(s)/ds)|s;(sis1 —s;)) 0000000000000 DOOO Huang and Ogata
(1997)00 (10)0 (11)00000000000000 (to appear) 00 {5} 00000000
000000000000000000 f(ylé) = f(y,z|¢)/f(zly,¢) D000 20000000

D000 Chib (1995) 0000000




3.3 z00OOOOODOOO

O0000x € E ¢ RPO0DDO02000% = dim(»)0000000000000
Metropolis-Hastings 0 0 00 0000000000000 00000000000O0O0O0O000
OD000000 wu(-)00000000000000000 200 E; CcR%000000000
000 X=(i,z) e E=U;,({i}xE)000000000 ¢,dX',X),m=1,2,...00 X0OO
mOO0000000000 X'00000 mixture hybrid proposal kernel 00000 (3) 000
000

(12)

(X' X) = min{l qm<dX|X'>w(dX'>}

" g (@XX)7(dX)
000000000 #(dX)DO0D0O00OO0D0000O Green (1995) 00 00O reversible-jump
Metropolis-Hastings 00 0 0000000000000 O0O “template” O0O0O0OO

0000000000000 D0O000DODO0O0000 “dimension-matching” 00 0O 0O 0O
0000000 F1O0 E,O00000000000 MmO Ey« E00000000 k =1,k =
20 By — E10 X' = (1,(11 +22)/2) 00000 By — B0 2, +2), =22, 0000000
000000000, =2 +w,2hy =21 —u, w ~q()0000000000000000
0 rp(,z) 000000 mOOO00 u; ~¢q(u;) 000000 2’ =2'(i,z,u;) 00000000
k; +dim(u;) = ky +dim(uy) O ((4,2),w;) <> ((7,2"),uy) O bijection 000000000000
000 (12) 0

(X5 X) = min{l, gi (Ui )T (7', ') (7', &) O(2 7“1")}

gi(u)rm (i, x)m(i,z)  O(x,u;)
0000000000000000000 jump-diffusion 000 O (Grenander and Miller 1994;
Phillips and Smith 1996) 0 00 = O Metropolis-Hastings 0 0000 jump O OO E; 000
D000 jump 0000000000 LangevinOODOOD E;000000000000DO0O0O
goodoooooboooobooooooood

O00000000000000D 0000 y000D0000O0OD0O0DOO0OOO0 MCMCO
0000000 E;00000 (0 prior f(E;)D0000000D)000000000O Bayes
factor(l:l (14))[][][][]DDDDDDDDDDDDDDDDDDDDDDD MCMCODODOOO
0 E,0000000000000000 f(z|y, ¢, B;) 0000000000000

09 (00000) z(t)Drate00000 [0,L]0 Poisson 0000000000 {y1,..-,Yn}
O00 z(t) 0«00 jumpO0O0Ostep000000 jumpd0 00000000 O0OO priord0
00000000 Green (1995)00000+:00000000000000000 reversible-
jump MCMCOOOO posterior 0 D 00000000 O0OO0DO0O0OOO0ODO0OOOOODOODOODO
segmentation 0 0 0 0 0O 00O Phillips and Smith (1996) O O jump-diffusion 00000000
ogoogad

0 10 (mixture OO D0) 000000 N(uj,U?),jzl,...,iDDDDDD mixture 0 0 [
00000 {y,...,4) 0000000000 w; O (,02)00000000 ¢0 prior 000
0000000 Richardson and Green (1996) O 0 O O O Phillips and Smith (1996) 000 OO
oo

011 (00D00D0O0O0O0) 0000000 000000000NOOOOOOOOOO
O0DNAOOO {y,...,4,y 0000000000000 R00000 XOOODOODDOOOO
Op0DNAOOOODOOOODOOOO f(yX)DOOOUDODOOD XOOODOO E; O
00000 0000200000 (00)000000000000 KuhnerO (1995) 00



¢ = NepODOODODOOOD coalescent 00 f(dX|¢) O simulate 0 0000000000000
00000000000000000 f(dX|y,¢) 000 MCMCOODOOODDOODO Geyer O
importance samplingDDDDDDDDDD(;ASDDDDDDDDD migration 00 000000
00000000000 000000000000000000D000 (Lid 1996)0

34 OOQOOOO

0000000 f(y,z|¢) 00D000D000000O0O0O0DO0OOOOOOOOOOOOOOOO
D0000000000D00DO0ODO0 “posterior predictive density” 00000000000
00 (Gelfand 1996, Gelman and Meng 1996 00 )0 x OO0000 yO0OOO0O0OO0OO g(y|z, @)
O0ooooyooogo

901y, 8) = [ 9(4/|z.6)f (aly, ¢)u(dz) (13)

000000 profile 0000 y0000000 ¢(yly,¢) 00000000000000000
00 g(ylz,) 00002 = (£6)0000000E00D000000A0DO00000O0O0
fylf,$) 00 DODOODODOOO f(yl¢) DODDODODO ¢0 ¢0D00D0DDO0 (13)000000
OO MCMCOOOOOOOOOO (1/M)Y,g(lz,¢)00000 g(-|z,¢) 00000 MCMC
000002z0000000000000 (13)0000000 {y®W}0000000000

000000000D00D00D0 Bayes factor (Kass and Raftery 1995; Raftery 1996 0O O )

f(y|¢7 El)
f(y|¢7 EZ)

0000000000000 0 f(y,zl¢,E)0000 f(ylo, E) = [ fly, ¢, E)u(de) 00O
00 (z0 ¢0 F;00000000) BF,O0y0OOO00O000000000000000 B,
0000 E,0000000000000000000000000000000000000
000000 ¢0MLEDDOOODOODOOOOODODDOOO f(yl¢) 0000 Akaike (1974) O
AIC (0000000000000 ABICOOOOOO)

BF12 - (]_4.)

AIC = —2log f(y|q§) + 2dim(9)

000000000000000 AICOO00 BF,O0O0O0O0O0OO00O0OO0OO EF,0 E,02000
000000 70000 importance sampling 0 000 BF,, 00 000000000000 E;
0 E,0000000000 posteriord MCMCO 3.3000000000000000 BF,,0
D00000000000000000000 80000 f(yl¢,E;), +=1,200000000
00000 BF,O0000O

4 MCMCOODO

41 00000000000

0029 ~ 7000 W00 {z®W}0r(x) 00000000000 {W}000O00
0000000000 MO (2)0(1)D000000000000 MCMCODOOO iy =
(1/M)Y,a(z®) 00 p = Ela(z)|r) 00 00000000000D0 p00000DOOOO
la(x)|7(2)pu(dz) 0000 x € EO {z0,... 2M}00000000000000000 fiy
000000 Geyer (1992) 0000000000000 0000000000 VM (i —

"Peter BeerliO O OO (http://evolution.genetics.washington.edu/PBhtmls/beerli.html)



p) — N0,6) 00000 02 = 9 + 2551 %, % = cov(a(z®),a(z*) 00000 400
04 = (1/M)SM i (a(@®) — far)(a(z)) — i) 0000000 020000000 O(1) O
O00D000000007T,, = Yam +Yemp1 DO T, >Ty > ---> 0000000000000
D0000000000000000000000 MOOO0D000000 29 ~7(z)0000
00000 ™ 000 #(x) 000000000 mOD000CO0O0OO0O0 (5)000000000
Raftery and Lewis (1992) 00 MCMCOOOOOO mO MOOODOOO0OO0OOO0OO

MCMC 00000 irreducible 0 00 7(z) O multimordal 00000000 {«®W}0000
0000000000000 00000000000000000000000000000
00290000004 = 1,..., /00000000 MCMCOOOO0O {«09},_, , 00
000000!0000000000 (monitoring)d mO MOOOOOO Gelman and Rubin
(1992) O potential scale reduction factor 00 ay 000000 M — co00O000O0O0OO

DDDDDDDDDDDJEasMLHWWDDDDDDDDDDWUDNWMCDDDD
{a(«")},_, 0000000 BOOMCMCO 4, 00000000

4.2 QO0O0OOOOOOO

{z"}000000000000000 proposal density ¢(2/|z) 0000000000000
000000000 {x®W}00000000 (mixing) 000000 Gilks and Roberts (1996)
0000000000 0D0O0O0000 GibbsOO OO OODO single-comonent MCMC O OO 0O
00000000000 wpdateD OO0 mixingdOOOOOODODOOOOOODOOODODOODO
O0OD0200000000 blockOOO updateJ OO0 x200000000000DODOODO
O reparametrization 0 0 0000000000000 O0O0O00O0COO0O bloeckOOOOODODO
0O mixingODOOOOOODOOOO0OOOOO (Roberts and Sahu 1997)0 000000000 up-
dating order 0 0 O 0 mixing 0 00 0O Gelfand O (1995) O hierarchial centering 00 000 O
0000000 reparametrize D 000000000 ODO

Besag and Green (1993), Higdon (1996) D00 OO0 00O OO0 OO auxiliary variable
w000 n(ulz) 00000000 (u,2) ~ w(uje)r(z) D00000 w0000 MCMCOO
00 mixing 000000 Geyer (1991) O Metropolis-coupled MCMC 000 7;(x) o< 7(z)?,
¢ = 1,...,l00000C00000COO0OOOO0MCMCOOOOODOODOODOODOOO
t000 209 0 209 0 min {1, m;(299)7;(20D) /[7;(20D) (20} 000000000000
D00000000000040000000 70 multimordality 0 lat 000000000
000000000 {2} 0 mixing0OOOOOOOOODOO Geyer and Thompson (1995)
O simulated tempering 000 [O00 MCMCOOOOOOOOOOOOO:0000000O0O
OMCMCOOODDODOOOOOOODODDODOO

5 oo

MCMCODOOOOOODOOODOOO0OOODOOO technical report 00000000 WWW?20 O
000000000000000000000000000 Brooks (1997) 000000000
000000000000 GilkksO (1996) 00 2 000000000000000O000OOOO
0000 Cowles and Carlin (1996) 00000000000 130000000000000
0000 KassO (1997)0000000000DOOOOO0OO0OOOO0ODOOODOOOOOO

0000000000 http://www.stats.bris.ac.uk/MCMC/ 0000



000 (19960000000 GibbsO0OOODOOODOOO “BUGS0000O0O0ODOO0O
0 fly,z|¢) DOODO0 GLIMOOOODOOOODDODOODODODOOOODOD0O0OODO0OOODODO0OO0OOO
(Spiegelhalter 0 1996a,b) 00 Gibbs 00O UOO0O0O0DO0OO0OOO0DOOOOO BUGSOO
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oo
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