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Basic Research on Convergence using a Generic Metropolis Algorithm

Shigeru KusHIYAMA *

abstract

A subset MCMC (Markov Chain Monte Carlo simulation) method is recently presented for
efficiently computing small failure probabilities encountered in seismic risk problems involving
dynamic analysis by Au and Beck. The central idea of subset simulation is that the problem of
simulating a rare failure is replaced by several problems that involve the conditional simulation
of more frequent events. Markov chain Monte Carlo simulation is used to efficiently generate the
conditional samples. Subset MCMC doesn't require a special knowledge such as sensitivity
evaluation on parameters.

This paper shows the outline of subset MCMC method and some basic examples using a ge-
neric Metropolis algorithm proposed by Raftery and Lewis are presented to investigate the effi-

ciency.
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B BB AHENS, WERY R 7 HEEZE L - EBEHIERESR 2 2R ICETR
THODWMAEMY IaL—Ya Y EPRREN [5], £DTAT 14 TI&, NS HPIR
MR ZFNL)RELFBEMNBIBREORL LTRATHILIL), HMABESEREY I

L= b AM8EZ S VHEELEROEHN Y I 2L -2 a VORBEICEIRZ TBHEAEMZ X
BICERLEL)LTHLDTHE, TOW, FHFY Y TV ERERAICEY BT 72002,
MCMC ('?11/217'7“14’/%/7’7711/!:1*/;:Ll/~‘/a/) PERENE [6], [7T]e 2D
WM Y I 2L — 3 a VB S NE, HERERICEIT 5 BREEER 2 & 2 T A E <
TH, BEBICELI WS, ML HEWIERL THEZRDLIENTE S,

AL, subset MCMC (HRApzEfi~N a7 FxA vy EyFHhvasIalb—ary) ZEL
T, LTIk [5] ~ [7] 28I Z0OMEL $ &£, Raftery-LewisA™ 25 L 7z generic
Metropolis algorithm®> I 2 L — > 3 » [8] ZFEE L - EABIEOBEHERICOVWTRLZD
DTH5b,

2. MAZEIab—ar

BHOMRER CHK N EREEDOERMANY MV EFR, ZOMSEELF, BIEER
Fn =FLBE, RADIICELELEREET 5o
FioF;>Fu=F (1)
Fo =Nt Fi, k=1,m (2)
ZDEE, FHNHHROERIZLARNERS
P(F)=P(Fn)=P(N} Fi)=P(Fu N2 F ) PO F)
= P(Fu | Fat) P(OISHFi ) = —Pm)'"n P(Fiui | F)) (3)
(3) L, BIEMERI—E @xﬁﬁ%+{Uth)z—l m—1}B L UP(F) D& L
LTEDENDLIEFERL TS, PWJ@@@Mm%mwfﬁﬁéh%o—ﬁ,%#ﬁ%
X, KR TELINLIEHNEREERLE T BESA (target distribution) & L7z¥ I 2L
—va IZEDEHIE NG,
q(0|Fi)=q(0)In (6)/P(F:) (4)
72750, qO|F):FAZHEELTWA L LT 2 5N/0 OLNNHEEHEERT
Ir, (0) : 81ER%, OFZEENE %L1, 29 ThrWwizbid0
Z OB, MCMCIEZEMFH » TV 2 DRI 3 720X H S b,
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3. MCMC> X alb—>3 >

TNATF A VOEFEEFHEINDL 2 LI, quﬁfﬁﬁ/ﬁ (detailed balance equation) %
W e 5 BREMEZR (transition probability) % /- L TIEZFES A (proposal distribution) 75 H Y H
SNBY TV, BESHELOWMY) B INT Y TIVIZEFELL k5,

ekt (4) RICETRDEE, ROKRIIER B, T TNVORHETNVITF oA
DR EHHERT B ICON THRUMNHERTER G (0 F)IED (RIS, {00,020, A~ v 3
TF AT TNTHAE LIEE,Odn —> 00k bI20NTq (0] F) &R USAMIHED o

3.1 EEHEFHAER
WEEHA T 2 7 BRI LRET DL, +H%T =4 VRS ORBHRIIE S b R
MERIIAY — NEOEL MY, Fo A Y dDIEEDMICEET S, VI TF A
UHEEAT B L, EEOMEREEC S BHENS LA LT TH A LT
B, REATERR A BRT .
=P (5)
EEDHEBTHOOME—DT55EMHIE, £ETORICHT L TR TERRSI NS, FEHIE
AxRFTHIETH S,
PG—k)n =Pk —j)m; EQAEY PGk)n; =P (kj)m; (6)
72731, PG —k)=PUk)=P(0,,,=s: |6 =s,) }
CIREEZEs D BE— R 7 v T CIRREE s ~NBE) T 5 ERER
ZDEMIITPDIEFEHDEENKRRTELENLDT, n=1P2E KT 5,
(nP); =X miPli - j)=2ZmP(j > i)=m 2P —i)=m
ERBBEOAT v T, FEEOEEN L L LS LIS L) BN S, BRIKETLTT T
A Y DOERYLE 2L, EHFKE LT 7ERIC—KILIN5,

3.2 Metropolis77JLOY) XL, Metropolis-Hastings7JLd ) X L
RESMDPO —EOY X TN EWY T TNT) AL 2 LTITRT
(a) Metropolis 7 )V 1) X A

1. EEOWMHMEOEZREL, HY >y —%t=0LTF 5,

2. BATOMEX A LT, BEOREDHiq(01,0:) 0BG RO 2T T) v T 5,
RENAL, %252 TOOMEZ R IHESFERBTH S,
h@mmm7ijfA®%$ﬁﬁK%¢zm%u,%ﬂﬁﬁ%&:tf%%o

9(6:,0:)=q(6:6,) | (7)
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3. BRSO R BESMm (0)ICRALT, BHR EBITRODILERET 5,
a=p(0°)/p(8i-1) (8)
4. WERaTHEMEERING =0, HR(1—a) TRERO: =0-1&F 5,
12, Metropolis 7 v ') X L IZHE ) FRIRFILRDFRIZEK D SN b,

azmin(p(e*) 1) (9)

p(6i-1)’
5.t=t+1L LT, ATy 7T 2IZR%,

HHa COBEMADTFIRIL, 012050 ~DBBHEED (0o, +,0,-,) TIE 7% {01 D HITAK
HBIaLoh~nardF g (006y,...0k,..) 5 T 5, T4 %bum-in (F x4 VH%E
FREBICEETAMBEEORAT v THk) 0%, X7 POk, ,0kn ) 2 H DY ¥ TV
PO LD TNVIZELL kS,

(b) Metropolis-Hastings 7 )V =T'1) X A

Hastings($, EEDRESHiq(01,02)= P- (01— 0:) %{#H L TMetropolis 7 )V T) X & % —fi%
fEL, AT 5 RIRELRKNOBICE V2, RESM I, Blbe(xy)=q(yx) TH
5ERET S L, JTLDOMetropolis 7 IV T XL IIZ—HT 5,

a=min( 2(67)q(0"81-1) 1) (10)

P(ﬁt-l)CI(ﬁt—lﬂ*)’

3.3 BRESHHPSOYLTY LT EBESROBRE

Metropolis-Hastings BB AEZE & HIZ5Mip(x) TRO SN FHHABAFTEHREIND L &, 12
F9 A0 5 DMetropolis-Hastings 1 > 71 » 758, #ERE L THESHp(x)IZE Lo 7
FrxAVEERTAHSIEZUTICRT,

Metropolis-Hastings 7 v T X A DF CRBESHq(xy) P SH 7)) v 7L, HiREe(xy)
TREZHERT 5, 2O#R, BBEREIREIMEaZAVTRATHFRONS,

BRI | Plr — )= qlxy)a(xy) = q(xy)-min (-ﬁ—g%l) (1)
—7%, F#HER I Metropolis-Hastings:BEHEE DL TDxYIH L TR E % 5,

T AR [ q(xy)a(ay)p(x)=qlyx)a(yx)p(y) . (12)
FHEABRKIEFRETH 200 TGEMHETHY, TOLEEEFMEIRANTRDEN S,

EFHIREE p =p'P ‘ (13)

72721, pr=p(x)=p(y)
P=gqlxy)a(xy) ¥7213P=q(yx)a(yx)
MCMCTIIHFREOR I FE A BRRADVRL T2 L) ERILENTBY, 20REEE TS
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RF A YREBEBREFDHELRY, REGHPLOIWY H SN/ 2 TVISEBESFOEN
:%L<&%o:n@Mmmﬁﬁ®%,ﬂyfwwﬁ%ﬂﬁ%ﬁﬁﬁ%ﬁwﬁémummg
(RTA M2 AR T L BBERIR) Lo TWAIEOMBENEETHLILEE
BRLTWhb, ‘

3.4 RESHDOER

REDHHB IR b 1EMetropolis 7 )V T) AL AFHHATE, 9 Thw—iklLHE I
Metropolis-Hastings % ¥ H L 7 Hh&ft;ﬁ L%V, COEE, RELERESATRRTL L
A, mixingDRLEL, LEF 2/ VESICHEETRIZLEEL 25,

mixingD IR, B BERIIRESAOBEREBELZFEH 5 (LT = 1~ OFRIRE
WCHEZRIZY) CEILLVRETETH S, Bl L, ERIM, SEBERSHFOTED 5
VIZRSET LY v s AOBAE, —BABORB-aal, PHHOEEE (S EBE
EHIZHR) L EVRENGRLE LD, BEREEISKEBEL LEHEOBEIKREL LS
2, LIELIEATRIRE R Y RWF 24 ¥ 2 4FE LT SHpoorly mixinglZ D %A 5, FRHEMREMELS
NEBEDLLOIIEHEOBEBIIFEVERIRETHRIRE NS 25, 20OBEBEIGFEFICNE R
D, RIL Y poorly mixinglZ D% D55,

4. INKz2

HBELZY Y TUVPEEREIZHELLPE» T HEL LT, Geweke. z-score,
Raftery-LewisIURZIT [8], [9] 2R3 Lo L TA2KEOBMEIH S [10], 2 2 Tid,
W EEICHEH CE AR R TR L T N BRaftery-Lewis DURZRHEIC DOV TR T,

Raftery-Lewis D JLURZ I Tid, #EREROOBMBU OFH S MICET Z)ff%?":%%’—%iq

(quantile) DFFEICEL T, HFEsTHrOREHBATPIU<uly]l %M LVHEE, q, 1, s
7T —5 L LTH5 25, #IEL L Tq=0.025 r=0.005, s=0.952iFoNTWwb, B
DAEFRIE SN BB, thinning R 7 v 7k (M51&%% . 2 OFKICER), bumn-inA 7 v
THEM, FTEOHEZERT 5720 bum-infE BIZLE R AT v 7HEMODAH ; Total (N), %
LT Y TV TH B EARE L7 5E OBR/NAT v 74 ; Nmin,Total (N) O Nmin (23t
%It 5 Istat=Total (N) /Nmin® 5 D TdH %, I-stath’ 5 2R 535EI21E, ¥ T VFELED Y
ERTF oA Y ORFFIEE 2 LIFTRESHOBEREMELEE T L2 EOFEPLETH
5L LTwb, 2B, Raftery-LewisDIURBUTIZOWVWTIE, 7V —-—DY—A70 754>
gibbsi" R SN TE Y, £ Dmatlab/N— 2 3 V)SLeSagell L DL x T2 [11],

T72, K [9] CWIIEEMICRESAOBEREBELLE L RESAVPERIMOEE
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(W Y TV ORREREED2. 35 & EHHOBEREME L $5), RKEOF HllTotal (N) 2¥EAT
A5y THETEAITEREY I 2L —Ya 2@ ) BT RESAOEEREE L RELT
% generic Metropolis algorithm> I 2 L — 2 3 YRR SN T 5,

5. fEpl

LT O f##B1id, generic Metropolis algorithm % #l A A A ZZEIED 70 775 L2, “gibbsit”?
matlab/N—2 3 % Y7 LTRIZLDTH %,

5.1 Exaple1

oL, BESHEN(po)=N01), MEOY I 2L —a YFERFERBIZpoorly
mixing & 7% AHERES A 2¢( | X)=N(X01), ¢(.1X)=N(X100) L FELBITH 5B, &
B, MEOR T v THEEIZ600E, 2 @ HLEIZq=0.025,r=0.0125 s=0.95¢& L TH X7z
Raftery-Lewis DNURFZWTIZED C A7 v THREEEIT L,

M- 1%, RESM 2| X)=N(X01) & UFEHEREMEI/NS B E TERMHSOBEIH /NS

3 1st simulation 3 2nd simulation
O e ]
1 ]
x 0
-1
B
-3 A N " s _3 " N N i
0 200 400 600 0 500 1000 1500 2000
iteration . iteration
3rd simulation 4th simulation

0 500 1000 1500 2000 0 1000 2000 3000
iteration iteration

B—1 case— 1 #BESA (.| X)=N(X01)
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3 1st simulation 3 2nd simulation
R LA EE T PR PP PR 2
1 il ] '
x 0
-1
3 U SN SRR
-3k , . ~ J -3 . \ . R A
0 200 400 600 0 1000 2000 3000 4000 5000
iteration iteration
3 3rd simulation 3 4th simulation
2
1
x‘@
-1 ;
-2 .3
_.3 i A " " _3 { N N " :
0 500 1000 1500 2000 0 1000 2000 3000
iteration iteration

M—2 case— 2 :BEHSH q(.|X)=N(X10.0)

%—1 Raftery-Lewis Convergence Diagnostics (for g=0. 025, r=0. 0125, s=0. 95)

(a) case— 1
simulation no. Thin Burn Total (N) Nmin I-stat sample ¢
1st 1 14 2340 600 3.900 0.6978
2 nd 1 13 2190 600 3.650 1.0170
3 rd 1 20 3454 600 5.757 0.9759
4 th 1 12 2035 600 3.392 0.9592
(b) case— 2
simulation no. Thin Burn Total (N) Nmin I-stat sample &
1st 1 30 5282 600 8.803 0.7745
2nd 1 12 2041 600 3.402 1. 0056
3rd 1 17 3113 600 5.188 0. 9840
4 th 1 14 2605 600 4.342 1.0238

CHMEIDY I 2L —2 3 Y OPERBEELSTH Y, M- 2 3FAEICe( | X)=N(X,100) & L
BEHEEEEPIRKZBE TCHRFEIROEENZE L 2 D IEFHEEDH T VREEIL v, REgRlO Y



34 B %

a2ab—2a YORFBEIFEVGEETH S, RFLDY, ?)J@?ﬁ‘poorly mixing 7z D T 2 [A] H O A
T TENPEL b, RESAOBEREZELRENLTLIFHRESEZETHILICLD, IX
H5ET F TiZpoorly mixingZSwell mixingllE I NDE T EW G5, E— 1 IZPURZHHERD
—EBEThHb, RIRLENWEETHOY V¥ I VIEERZEZEIX, BESHOEEREEL LR
W ERT I EN RS

5.2 Example 2
Zoplid, BESM, REFALUTIORTRE LEBETH S,
() 09y 1 . 1,
BiE5A n(x)=02 JZ_QXP( 2(x+4))+0.8 JZ_”exp( 2(x 4)?%) (14)

RESA - N(po)=N(0y2) (15)
M- 3oL, #IEDY I 2L —3 3 YERDPE L v poorly mixing TH L5, f#
3 ECIHENET LT b, B—3KBORIE, WRETEHOF > 7VEEICY 4~ Fig
1 DParzen” 4 ¥ F VB 2 9 THEAL L CHERERBROGHLIRERLIZODTH %,
AR>S, % o @-EEEEmRE, MREESM 2 EDLTIE DS B %bimodalZikIZ
—HLTWBEZ LG hB

10 1st simulation 10 2nd simulation
5
0
-5
105 200 400 600 W55 7 15 2
iteration iteration x 10*
i i Density Plot
10 3rd simulation 05 ty
5 04
w 03
0 2
! 02
-5 01
-10 , , . . 0 ___j\\ N
0. 500 1000 1500 2000 -10 -5 0 5 10
iteration parameter value

1— 3 Bimodal Normal Mixture and Probability Density
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#&K— 2 Raftery-Lewis Convergence Diagnostics (for q=0. 025., r=0.0125, s=0.95)
simulation no. Thin . Burn Total (N) Nmin I-stat sample ¢
1st 1 111 21830 600 36.383 3.2242
2nd 1 14 2465 600 4.108 3.3986
3rd 1 14 2499 600 4.082 3.3378
5.3 Example 3

ZoOFIETIE, CHk [12] 1« T%ﬁkéhfb‘ EHRAORRRELZSRL C5&G2zR—L
L, generic Metropolis algorithm> X 2 L — > 3 Y OFEME LR T 5, XMk [12] 1RSI T

WBEME, RDOEY TH B,
PR - N(u,o)= N(5/05), FELLEHx | N(uo)=N(9,/05)
[RFRIREERIE ( z2=x2— 11 (16)

EXE Y2055 © =N(wo)=N(4,1)
s ¢ paylu] k)= Tl ()
?%ﬁﬁ}?ﬁZq(u’luk)=i;uk—a£u’£uk+a
‘ = (0 ; otherwise (18)
2B, subsetthll & HMIEEROFENIL, RE %D,
mz<M=(ﬂ)¢ﬂ- (19)

(17)

nt nte

727EL, me  ERAYZERFIIC BT A YV TIVEERE
s . S BERER{P(Fa [ Fi)i= 1L om = 1N 29 v 7V
ZOBITIX, ns =0.1n:
BT 2 A LNV Dz< 0% [T TIVE, e > n >0
m.INIATF A DLNIVE
B—4~K— 71, n=200, (18) KR LA— 5 M ORENHELXBBE T A —F
%a=005% LB EDRERERO—FITH D, M—41F, HOEMOERE (R OBRHKE
) DREC (16) ROBFIREEIICE S (HEFERL TS, M— 513, RFIRERE Kz
IZ3HET 2 BREAFOMBEICOVTETF 24 v LAV O v 7D iR L B & fFE
L7=bDThb, M— 613, BMELEHOIZOWTETF 24 ¥ LNVBIZELORBEFRR L
R, M- 7 3ECHEEEE AV THERELH DR RO EZFHIERTH 5,
M—675F A YL VOETICHEV OBEHESAREICHERT LI, MEZEREVT
NDF 4~ L)L b poorly mixingTns = 20X 7 v 7THEIZE UKD BT R S B FRF
DEbLND, HREIIOVWTE, .—7~Tbt§aﬁ%%ﬁ®777#6&%b%Efgéo
CDE)BEMUNELLZDE, ROF oA VL AXVIEGEICEICHESE T 50 TIVD Ak
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subset-2
P J.“‘ ‘\\ \‘. X
N x [nN) N N 10 |' = -
= | 1 i P Vo LA
a v a ¢ - ' “ s e L
1 ! [1¥] ' 7] 4 v !
- -~ -~ 3 - o
34 [13} 3] . E s
£ £ £ b ti——
L] m (1] S s
B . B - -
[10] fle} (12} ¢
(=9 [= 8 - Q S
0 0 -
0 5 10 ] 1
subset-4 subset-5
.,, ,a' ‘-.‘\ \‘ y(a |, ,r‘ "‘\\ \.*
o o~ 10 B————ik o 10 et
N % SRR X EESERVAL
AL A , . LN ) P
a—’ E 'O b o ¢ K & Y “p ¢ A
-~ — LI B ¢ - N *._\__‘ ¥
® 11} 5 Mo ] - . 143 5 M /C’ -
% % 1\‘ < ;", g w\". < 'r’a
) ] 1 ] T
a a [=15
0 1] 0
0 5 10 ] 5 10 0 5 10
parameter x1 parameter x1 parameter x1

[X]— 4 Transition of Subset

case 1

CDF

i U_e ] ] I I ] ] ]
-3 -2 -1 0 1 2 3 4 5 6 7 8

Limit State Function

-
f—

B—5 Limit State Function vs. Cumulative Distribution Function

Zseed LT, seedDnsfH 2N 2 TMetropolis 7 )V T ) AL & o Tl —ns ) BDOH > F IV F
AESETWE I EICRRT %,

RIZ, generic Metropolis algorithm> X 2 L — 3 3 Y ¥ ZE T ABOARFIETOR Y v izo
WTE Yo ERRTHEZRII AT v TEICEHPEIHANL 0T, 7= BT L 20w
DD 2 TN e BILREGHOERKXME/ ST A —Ya 2 BHL T, ZNZROnMBED
VTR L CTERY 5, COBREZIHDZERMOY ¥ TVREDI A 2 5 ETHRY)ETZ L
&Lz B, ZOPITRARESAVP—HEDIMHTHENDT, BHFKDaIIY ¥ T VIERRED
S3EE L7,

K-8 ~K—131d, "RESMOEEXFHRE/ ST X — 5 MExa=005L L, LoD
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mixing status for a linear limit state function

parameter x1

auto correlation

parameter x2

parameter x2

1 1 ! 1 1
20 40 - 60 80 100 120 140 160 180
iteration step
— 6 Transition of Variable %1

correlogram

200

Vil ALY w an
’ ‘ ’“‘f\k"{ i ff\f,, 5

10 20 .30 40 50 60 70 80 90
step lag
E—7 Auto Correlation on Variable %1

subset-0 subset-1

Y
o}

)]

parameter x2
parameter x2

0 5 10
parameter x1

parameter x2

5 10 0 5 10
parameter x1 parameter x1

X— 8 Transition of Subset

37
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1 Do T 1 1 ]

102} .
[T
o
O

1074 J

1 D'e ] ] ] ] i 1 1 { ] ]

=3 -2 -1 0 1 2 3 4 5 6 7 8

Limit State Function
K— 9 Limit State Function vs. Cumulative Distribution Function
mixing status for a linear limit state function
8 t 1 T | 1 I ] | T

parameter x1

] 1 ] 1 1
0 20 40 60 80 100 120 140 160 180 200
iteration step

—10 Transition of Variable %1

correlogram

1.5 1 1 L) T ¥ ) L T 1
1 ‘ g ] —
5 it ::: 1
E 05 j ‘ ]
[14) [ ¢
£ A R A A RA
8 o MK AR AN L AEA D A PR oy
2k i W sond W g A YA

2 A% f‘t:‘#; M ‘1’%# M i‘ '\ Jﬁg o
© 05 -

_1 1 1 1 1 i i 1 1 1

10 20 30 40 50 60 70 80 a0 100
step lag

X—11 Auto Correlation on Variable X1
BN EFToERERO—BITH S, XEEEHET baDEEN AT v TEIZEH L7
», B—101ZRTHIC—R L THS 2% poorly mixingld f#H S 7243, M—111IR"$ HCAHR
BHOR LTI, 2027 v 7TEBCORBMEERIED, SCBETAICEE>TwRy, 127
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case 1 o8 transition of the range[-a.a] value
1 f {] H B
08 I ; ' 06
06 | ' <
5 |
& §n4
04 =
A >
m
02| /[l . 02
0 i A{J’ \i{/ L . 0
-2 0 2 4 6 8 0
Limit State Function step (kns)
K—12 PDF at Each Chain Level - X—13 Transition of Parameter @

- #&—3 Raftery-Lewis Convergence Diagnostics (for q=0.025, r=0. 0125, s=0.95)
(a) constant parameter a=0. 05

chain level Thin Burn Total (N) Nmin I-stat
subset 0O 1 2 574 600 0.957
subset 1 1 3 779 600 1.298
subset 2 1 3 1136 600 1.893
subset 3 2 8 3572 600 5.953
subset 4 1 4 2151 600 3.585
subset 5 1 3 876 600 - 1.460

(b) update parameter using a generic Metropolis algorithm

chain level Thin Burn Total (N) Nmin I-stat
subset 0 1 5 871 600 1.452
subset 1 1 3 779 600 1.298
subset 2 1 2 574 600 0.957
subset 3 1 2 574 600 0.957
subset 4 1 2 678 600 1.130

L, RI—7 k& T5E, KELEHCHMEBBED AT v TEIETHRY L, WEOMEBAH
bits, '

=123 308K [12] LMD HETRDEF = 4 VLNV O SN HERFERE,
B—13En i ZBT A RESADEEXBRENT A —SaDWRELRLDDTHH, K13
R L BED AT 0 ORI a DAL, BRHEOBIREKII OGS D,

£— 3%, £F A ¥ LNV DRaftery-LewisfilURZWH R TH 5, FEK (a), (b) £V, ge-
neric Metropolis algorithm> I 2L — 3 a3 Y4 EEBTAHZ L1240, DA —ERELHEET L&
RV BEHE D) & LEHE AL | Total (N)EAS 7% VKT 5 Z L4355 5,
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6. £&O

Raftery, Lewis? 3% % L 7= generic Metropolis algorithm % MCMC (Markov Chain Monte Carlo
simulation) 3 & 'subset MCMCOEABIEIZEH L, LTO#wmEHEZ,

(1) BIFEL, 2 OMCMCORREFIZDOWTIE, HEBWA %Wy I a2 L — ¥ 3 ¥ [E$ TRaftery,
Lewis DGR EE ML /- L, BES M 2 BAQEET 5 Eﬂ?tﬁ*%ff’a bh7z,

(2) #5158 3 Dsubset MCMCORRETIZ DWW TIE, KDF x4 ¥ LAV IZHETBIZ—EEE&OH
VTN DR FEseedk L CH BB EBOY TNV ERKESIETVWAEEL, s AT
v THEOMHERLEHOFE M, generic Metropolis algorithm% ZE L THRANH o
7o LAL, HE—EMRBELRET ZRELER Y ELAERBEI A2 ) ERE ML I L
WHH o072,

MCMC#%##H ) ECEELMESE, YIa2b—2a YPPRELE2ED, WRLAZEFRK
By RSNty TV BESHPORMY) B SN TV THL ERBIZAMT I L
PR L PEDE EDORIZHIBIT 20 Th b, 4%IE, INHIZOWTHREZERS &I
BARKY 7% A5 DK MR I subset MCMCE B L2V EEZ TV

2 Z X ®
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