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DU 05 vk 5 B TS ) B 1)
Q SFKEEWAT p(0ly): p(Oly) o< w(0)f(x|0)

> UGB ATREAS R, BAIZ A
Q THEAEEREL () XE5E AR K

E[h(0)ly] = / h(6)p(6ly)do
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DU 7 925 75 B 6 ) T B )
Q SFKEEWAT p(0ly): p(Oly) o< w(0)f(x|0)
> MBUS I ATFEA S, B A
Q IIHEALEREL h(0) X558 A0 1°F 33
ELO)s] = [ 1(0)p(6ly)dp

» WIE: E@|y) = [0p(0ly)do, (h(0) = 0).
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Do 34y 7395 e B T X R 5 )

Q HRBET A p(0y): p(Oly) o< m(0) f(x|6)
> MEBUS IR AEEA S, BHZ AR
Q HEATEEREL h(0) Xt G KA T
ELO)s] = [ 1(0)p(6ly)dp

» WIE: E@)y) = [0p(0]y)do, (I (9):9).
> W Elgly] = [ f(510)p(0ly)do, (h(0) = f(5]0))-
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Do 34y 7395 e B T X R 5 )

Q SFKEEWAT p(0ly): p(Oly) o< w(0)f(x|0)
> SIS IR ATREAS S, BRI A

Q HEATEEREL h(0) Xt G KA T
E[h(9)]y] = / h(6)p(6]y)d6

» WIE: E@|y) = [0p(0)y)do (L(e
> Tl Elgly] = [ f(910)p9ly
» W3 PO A)= [, p(0]y)do
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AT M 56 A R S AR R A 2

o AU p(ly) NE R AT BEEHMEL iid FEA
© Inverse CDF Method
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o i A p(0ly) JH A EARMEL iid FEA
© Inverse CDF Method
© Rejection Sampling
© Importance Sampling
* R AR N

o FIRU p(0ly) WEH AT AT RS K (MCMC)
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@ The Gibbs Sampler
@ The Metropolis-Hastings Algorithm
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ZSCASE 7

BEY: AENENSERESTHRENELR, AUHERESHRE
FHIE.
Q IHENUELL A/
0 FETHE R H IR
0 BN T/ I ELEEANE (MO
Q LI/RAIKREESHRREE (MCMC)

@ The Metropolis-Hastings Algorithm (MH %482
@ The Gibbs Sampler (A #fhtEss)
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P sz B Rkt e

W R B AR B R A THE
Wolf 1850 5000 2532 3.1596
Smith 1855 3204 1219 3.1554
Morgan 1860 600 383 3.137
Fox 1884 1030 489 3.1595
Lazzerini 1901 3408 1808 3.1415929
Reina 1925 2520 859 3.1795
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TR

set.seed(1234)

L <- 0.8 # #HKE, FATLIE a=1

n <- 1e+06 # FHE 100000 KX

ul <- runif(n) # BXBEHLEL

x <= 1/2 * ul # x A0 BRI 2R I EE B

u2 <- runif(n)

y <= L/2 * sin(u2 * 2 * pi) # 4FEEKERN—F
z <- as.numeric(x <= y) # FHXMIAEXME x<=y
pi.e <- n * L/sum(z) # pi Mflitt=X

pi.e

[1] 3.140938
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RCEIRE Ve s % NP

A. A. Markov (1857 — 1936 ) John von Neumann, Stanislav Ulam, Nicholas Metropolis
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Monte Carlo

o 4 K% (MonteCarlo) /7%, BUFRITENIBENARIL 7%, & —Fhkk
TEEHEC AL BT T

o YA 3 BB Rkt SR SRR ) T S st R, Wk
235 102 AN HUEF G TR

e Stanislaw Ulam 7E 40 FARKKIH, M 4KF7E Los Alamos [E 2525
AR T

o /4 - 2 (John von Neumann) FiZ& 44 125 —AAHL 1R
ENIAC gafe il 5

o /4 . iafH = It IR Monte Carlo #ir44
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US55 Je g 52

@ prehistory (1763 -1960): Conjugate priors
@ 1960s: Numerical quadrature

» Newton-Cotes methods, Gaussian quadrature, etc.
@ 1970s: Expectation-Maximization (“"EM") algorithm

> iterative mode-finder
@ 1980s: Asymptotic methods

» Laplace’s method, saddlepoint approximations (#% s iT)
@ 1980s: Noniterative Monte Carlo methods

» Direct posterior sampling and indirect methods (importance sampling,
rejection, etc.)

@ 1990s: Markov Chain Monte Carlo (MCMC), #7772
» Gibbs sampler, Metropolis-Hastings algorithm

@ MCMC methods broadly applicable, but require care in
parametrization and convergence diagnosis
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Q FEHLEAN 4
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AT P AR T 55 i 5 o A AR 2

SHER R h(0) BRI (CEERAAE p(0ly)):
O Mgk (atrum 75/% B SHXE [a,b] 42N M %5, EFA
oI — A 00, ]

0)ly] = /h p(0])do

i

h(6)p
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AR PR DT 555 96 901 B AR 93 2

XL R h(0) BERAY (ERER2AN p(0)y)):
o ML (3HU)1) 75/2 BEZSHXE [a,b] 779 M 5y, £
AR — 5 00, N

M
0)ly] = / nO)p(Oly)do ~ S (oD )p(o
=1

@ BENLHRE Gid) J7i: % 00(i = 1,2, | M) K EERAE p(dly)
[ iid BEAS, IURRAE KB e

~ M
h=EOly] = [ hO)p6ly)d 0~ 3 M0
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M
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@ BENLHRE Gid) J7i: % 00(i = 1,2, | M) K EERAE p(dly)
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~ M
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M
0)ly] = / nO)p(Oly)do ~ S (oD )p(o
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@ BENLHRE Gid) J7i: % 00(i = 1,2, | M) K EERAE p(dly)
[ iid BEAS, IURRAE KB e

~ M
h=EOly] = [ hO)p6ly)d 0~ 3 M0

© JE U4 A (I HEMT
> W B(0ly) = & Y, 00
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AR PR DT 555 96 901 B AR 93 2

XL R h(0) BERAY (ERER2AN p(0)y)):
o ML (3HU)1) 75/2 BEZSHXE [a,b] 779 M 5y, £

Ao I — £ 0,

0)ly] = /h p(0])do

Q FEHLHIEE Cid) Jiik: # 003 =1,2, ,

K0 iid R, AR JHCE
h= E[h(0)]y] = / h(O)p(6ly)d

Q JR U A (I HEWT -
» HEE: E(6‘\y)
> Tl p(3ly)

£l 00
2 f(leD)
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AT P AR T 55 i 5 o A AR 2

SHER R h(0) BRI (CEERAAE p(0ly)):
O Mgk (atrum 75/% B SHXE [a,b] 42N M %5, EFA
oI — A 00, ]

0)ly] = /h p(0])do

Q FEHLIAE CGid) Hik: % oW =1,2, , )jﬂeaf:@ﬁ A p(0ly)
(¥ iid AR, DR K e

~ M
h=EOly] = [ hO)p6ly)d 0~ 3 M0

Q J5 I S I HE W -
> W E(fly) = & XM, 00
> B p(gly) = & SN F(@109)
» M. P(0 € Aly) = & {#0Wof draws € A)
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Monte Carlo 115w & FlTiG &

151 (V55 Beta 73Ai (A fh LA 2 )
BIXE I 0 ~ Beta(5,10), Kb B K, J

3 4
Skew:E(ng“) , KurtzE(ﬂ) -3

o

set.seed(1234)
x<-rbeta(1000,5,10)
u<-(x-mean(x))/sd(x)
skew<-mean (u~3)
kurt<-mean(u~4)-3
c(skew,kurt)

## [1] 0.43107372 -0.02523695

o AEBucHE: XY, ARRENL TN SIS BUA R
o REEIME: WA JER A p(0ly) FHIEAAARERREHLAEA?
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Outline

@ FHLEA A

o M R E#EHEAT VM- it SR — L1y
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H R ELEA S A

— LA BT
o JEI AT p(Oly) ARAARK
» ATDLAHAEIENMLEEBE q(0ly) (p(Bly) %Kk %0
o SN THL
» ZHCORIERL (NT72), MO $038
> RPREL A logit A HE: logit(p) = loglp/(1 — p)]
o G AL : — MRS log AR, EISXTAEAE BOAFRM

logp(ly) =logm(6) + > log f(y|0)
=1
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Outline

@ FHLEA A

o [EHLAZE A i) BRI
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Inverse CDF Method

EH
RMMEZ X 695 L4 (CDF): F(z) = P(X <x), %=} F(z) &%,
P&, N

Y = F(X) ~ Unif(0,1)

BRI B uiug, ..., un #& Unif(0,1) W) iid #£4%, W X HY iid #2405

Tj = Fﬁl(ui)
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Examples

© Cauchy(u, o)

2 7 o
F Y ulp,0) = p+otan(m(u—0.5))

1 1 —
F(z|lp,0) = +arctan<x M)

@ Exp(B)

F(z|f) = 1—exp(—z/p)
F7l'(ulf) = —Blog(l—u)

. TR A Cauchy(1,5) 2345 fl1 n=1000 MEEA?

n<-1000
u<-runif (n)
z<-1+5*tan (pi* (uv-0.5))
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DLk 5

=¥
o FEARHFRA HARM AL
TR s
o /M ATEREL (CDF) MH i A—mresk it (41 Normal, Beta,

Gamma %)
o IXFEAU I VERUR AT CREAIN 73 A D
o ZYAR TR
o NHEHUA rv, BFEH T L



Rejection Sampling

BH9: AFEEEZEMEIUEE S p(0ly) RIREAR
H—NEHBEM DG g(0), 115 p(Oly) < cg(0), XA 0 FEEA ¢
JRAT
fFEL IR

Q il 0 ~ g(0), THHILEZE

(r BRI RR)
Q HWHL u~ Unif(0,1)
W uw<r(0), ¥% 6 A p(0ly) FIFEA
WHR w>r(0), {4 6, kM 1
(EIRAREZR p = r(0) %32 6 N p(Oly) HIFEAD
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DLk 5

L 'ﬁE/‘Jj\
» A HEREZ —
> 8 p(Oly) HAEIENAL G5 q(0]y) Bkar, X—SRAH,
7 p(Oy) B HBGE 78w AR A
> ZEBRES A AR X Fh 7% Normal, Gamma, Beta, ...
o &E}%I‘J—i
» TTREMRACR: ¢ RKEF, #BZF (=1/c) R
> RO g(0) A
o MY Acceptance-Rejection Sampling (fiiii%)
@ Remarks

» Target density: p(0]y)
» Source density: g(6)
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#l: Normal-Cauchy Model

& Y ~ N(9,1), 6~ Cauchy : n(0) o< (1+62)~1 =¢(1), FHAHAHA

R o A

BUER BRI 0 =2, HA 5 AWEM: y<-morm(5,2.1), WREHG

B3 A R 0 FOfE A .

R IV

Q EXNEKHSE

@ HiEIHEE g(0) : N(y,s?)

Q i HE c = max[f(0y)/g(0)]
Q L HFE

O FIHFEAERE. T
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Importance sampling

H#: B Monte Carlo 753518 E(h(9)|y)

i q(0]y) ol EMAHR ISR (oOHsY), Toi: B i A
B0 75 AR A (03 A A g(0), AL RE A
0L,02,...,0M ~ g(6), W

OOl [h(6)g(6ly)/9(0)9(0)d8
B0ONW) = i~ [lal) /@ 6)
& 28 b0 w(6?)
IS (e

Hr
i iy 711 i
9y — q(¢ |3/) (0 )Hi:l' S (yil6") 107
(o) = 200 o POt T 4, i
FRAE B L7 BUALEE (Importance ratios or weights)
T — DA Yoy, XRALE wy 41 (0%) = w0, (67) f (yal6¥)
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#1: Normal conjugate

o MM yi ya,...,yn ~ N(6,02), § ~ N(0,100)
o IIH: JFIIME EW)y) (B h(0) = 0)
» B 0=10=1 (C&D
» M N(1,1) L n = 100 MIEME
(] li’ft
Q fEiEAHhRE: 0Y,...,0% ~ g(0) = Unif(—5,5)
Q MBI E
logw; = log ¢(6";0,100) + =", log ¢(y;; 6", 1) — log g(6")
Q IMEME: w; = exp(logw; — max(logw;))
Q IHHEWRIIME: EWly) = X5, 0w/ (X w;
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Sampling Importance Resampling (SIR)

FR: PR p(Bly) B R
o BRTLAFERA: 01,607,607 ~ g(0), FIRUE w(o) = L78,
TAVEZE p(O)y) B n(n < M) MFEAR
o ST B oA

w(67)
Zi]\il w(0°)

> HEC 05 A {01,602, ... 0M Y FhEhEL, A RN p;
> FHHC 05 IR M — 1 ANMWEGE =AY CARERD
» DAHCSRHE, BEREMICGE n AN, W07, ..., 0% ~ p(0ly)

@ SIR /& Weighted Bootstrap filiff

p; =
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@ B A A

© TI/RWIREESR R BIENIE (MCMC)



Monte Carlo #1305 MCMC

@ Monte Carlo f24)
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Monte Carlo #1305 MCMC

@ Monte Carlo f24)

» Draw independent samples from posterior distribution
» Use sample averages to approximate expectations
» BUT it's difficult with high-dimensional posteriors

e Markov chain Monte Carlo (MCMC)

» Draw samples by running a markov chain that is constructed so that
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Monte Carlo #1305 MCMC

@ Monte Carlo f24)

» Draw independent samples from posterior distribution
» Use sample averages to approximate expectations
» BUT it's difficult with high-dimensional posteriors

e Markov chain Monte Carlo (MCMC)
» Draw samples by running a markov chain that is constructed so that
its limiting (stationary) distribution is the joint distribution of

interest
» Used when it is not possible (or not computationally efficient) to

sample directly
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Monte Carlo #1305 MCMC

@ Monte Carlo f24)

» Draw independent samples from posterior distribution
» Use sample averages to approximate expectations
» BUT it's difficult with high-dimensional posteriors

e Markov chain Monte Carlo (MCMC)

» Draw samples by running a markov chain that is constructed so that
its limiting (stationary) distribution is the joint distribution of
interest

» Used when it is not possible (or not computationally efficient) to
sample directly

» Samples are not independent !
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R Al REE (Markov Chain)
o L/REB}RKEE
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IRA] R4E (Markov Chain)

o h/RBIKEE
> IR p gEREFES] 00 (1 =0,1,2,...) BADKRM: FASRSW
], AUHH T IAERPIRAS, St RAPIRAETER, B

POY coloM 0? ... 0W) = pettD c 0]oY)
DUIBRAZ I 18] 7 510 Ay S R R R A
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IRA] R4E (Markov Chain)

o h/RBIKEE
> IR p gEREFES] 00 (1 =0,1,2,...) BADKRM: FASRSW
], AUHH T IAERPIRAS, St RAPIRAETER, B

POY coloM 0? ... 0W) = pettD c 0]oY)

VAR IZ I 18] F 810 9 2R R
> 0 [T AT REBUE AL BCRA A ©
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IRA] R4E (Markov Chain)

o L/RBFRAE
> IR p gEREFES] 00 (1 =0,1,2,...) BADKRM: FASRSW
i, AR T IAAERPRE, S RIPRETLR, /)

POY coloM 0? ... 0W) = pettD c 0]oY)

VAR IZ I 18] F 810 9 2R R
> 0 [T AT REBUE AL BCRA A ©

o 01190~ ~ T,(01|9~) i ly#EHE 4375 (transition distribution)
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IRA] R4E (Markov Chain)

o h/RBIKEE
> IR p gEREFES] 00 (1 =0,1,2,...) BADKRM: FASRSW
], AUHH T IAERPIRAS, St RAPIRAETER, B

POY coloM 0? ... 0W) = pettD c 0]oY)

DUIRRAZ I 18] 7 810 Ry S 7R R R A
» 0 [KFTG AT REBUE AL RS Z 1 ©
o 01190~ ~ T,(01|9~) i ly#EHE 4375 (transition distribution)
> AR A2 B HLE, pgﬁj =POW = j]0¢D = k) BN HF
Wi, M = (pl))) BRI B S
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IRA] R4E (Markov Chain)

o h/RBIKEE
> IR p gEREFES] 00 (1 =0,1,2,...) BADKRM: FASRSW
], AUHH T IAERPIRAS, St RAPIRAETER, B

POY coloM 0? ... 0W) = pettD c 0]oY)

DUIRRAZ I 18] 7 810 Ry S 7R R R A
» 0 [KFTG AT REBUE AL RS Z 1 ©
o 01190~ ~ T,(01|9~) i ly#EHE 4375 (transition distribution)
> AR A2 B HLE, pgﬁj =POW = j]0¢D = k) BN HF
Wi, M = (pl))) BRI B S
o WHLEL: FEMM (HIRAAD
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IRA] R4E (Markov Chain)

o h/RBIKEE
> IR p gEREFES] 00 (1 =0,1,2,...) BADKRM: FASRSW
], AUHH T IAERPIRAS, St RAPIRAETER, B

POY coloM 0? ... 0W) = pettD c 0]oY)
DUIRRAZ I 18] 7 810 Ry S 7R R R A
> 0 [T AT REBUE AL RCIRS Z W ©
o 01190~ ~ T,(01|9~) i ly#EHE 4375 (transition distribution)
> AN SRS A2 B AL, pgﬁj =P(O® = j|0t-Y = k) BRN—DHRE
W%, M = (plf) BRONEE B
o HELLR: FaENA (PRI
> BT, DRRIREE {00} BME— KRR RRE ),
Bl ¢ — o,

01 = (07,65",...,00)" % @ ~ p(6ly)
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LR A REESERERIE (MCMO) it

WA R T R R SRR 0) (¢ > 0), S 45ME— R BR 4076 IE 42 J5 36 40 A
p(0ly)?
o i MCMC Hhiffiz::
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LR A REESERERIE (MCMO) it

e Py SRR REE 0 (+ > 0), AdifFME— MR A6 14T 2 e 3 40 A
p(0ly)?
o HH MCMC flikEi%:
@ The Gibbs Sampler (Geman and Geman, 1984; Gelfand and Smith,
1990; fundamentally changed Bayesian computing )
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LR A REESERERIE (MCMO) it

IR T AR ABEREE 0 (¢ > 0), A3 ME— PR 7 A0 IE 47 /2 J5 6 /A
p(Oly)?
o W H MCMC filiFfiz:
@ The Gibbs Sampler (Geman and Geman, 1984; Gelfand and Smith,

1990; fundamentally changed Bayesian computing )
@ The Metropolis-Hastings Algorithm (Hastings (1970))
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LR A REESERERIE (MCMO) it

IR T AR ABEREE 0 (¢ > 0), A3 ME— PR 7 A0 IE 47 /2 J5 6 /A
p(Oly)?
o W H MCMC filiFfiz:
@ The Gibbs Sampler (Geman and Geman, 1984; Gelfand and Smith,

1990; fundamentally changed Bayesian computing )
@ The Metropolis-Hastings Algorithm (Hastings (1970))

o MRULE REEEA M K, TAFERT m IREER (W Burn-in, BIYHTTH
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Gibbs Sampler

M RBLREE AR AL p 42751 {09, 0W) Y, HARBRAM i 2 5
o341 p(Oly), Feh ¥ ¥ /3Ai (transition kernel ) ST A 53 A R e

o B4 0 J& p 4k, 1M Gibbs Sampler fKIKIHEL 1 4EFEA, ﬁéﬂﬁi
p BEERAFEAR
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Gibbs Sampler

M RBLREE AR AL p 42751 {09, 0W) Y, HARBRAM i 2 5
o34t p(8ly), HeHA A (transition kernel ) 52 T A 2517341 i RN

o ZH 0 72 p 4Elnj &, T Gibbs Sampler K KAMHEL 1 4EFEAS, ﬁéﬂﬁi
p A FEAR
o HitEE: EIERFHTARHRRAM
Algorithm
o Wit 6© = (9 o0 .

9(0))
' . 0p
Q Ik 6U):

09 ~ p |9(J DoY) y)
05~ p(oal0y “%...,eg,j—l%y)
609 ~ p(6,69,69,....69,y)
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Metropolis-Hastings: Motivation

o Gibbs sampling 75 ZLAN1E FIT A 21 J5 50 70 AR
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@ Auxiliary variables
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Metropolis-Hastings Algorithm
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Metropolis-Hastings Algorithm
IR REE PR UCE p 4EFE51 {0, 0

P L0 Y HARBR A R SR IR
g1l p(Bly

Algorithm

o Wit: 60 =(6",6),....65")

Q ¥ j b Mi“ﬁ:ﬁ > 7 (proposal density) H i HUA% it 4%
£:0° ~ 9(6°]00 D)
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Algorithm

o WIfH: = (01,6087 6y

5 sy Op
Q % j b Mi"’ﬁ:i >4 (proposal density) H i HUA% i #F
50" ~ g(6°1007D)

Q MR

* (J—1)19*
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Proposal density

& H
BAEFE DA g(0*10V—Y)) i 2 —& EN &4, N M-H AhAE13 8] 89 5 7
WS FAER A
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Proposal density

SEH
S &Rl
N\

g(6*10V—Y)) iR — % EN KM, W) M-H 34 1% 2] 69 5 7
SRy

Q BENLIZL (Random walk chains)
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Proposal density

SEH
S &Rl
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@ PFEHNLIEP (Random walk chains) &%
> FREHERA W FRBIER: (010U Y) = h(0* — 06UV, h() %
TR R BR )
> a=min {1’ p(zsf“gl)y)}

Q@ M574% (Independence chains)
» 9(0°16YY) = g(0"), H54RTFFMETL R

> o= min{l w(0”

S80S St w(8) = p(6ly) /9(6)
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Random walk proposal

@ Proposal:
olal™D  ~ NV, d?)
BHBUTY ~ N(BYUTY, )

» Random walk: z; = 241 + e, e; ~ N(0,02?)

o #% 0U) = 0" MR

a=min« 1 m(67)f(y16")
" w(0VTY) f(yl6YY)
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B 1. —EIERAAR Gibbs fHAEE

X eI A

X7 i1 o} /)0102D
(] L
HEFM AR

g2
YIX =2~ Nt p =@ = o), (1 - p°)o3)
X|Y—?JNN(M2+P (y 1i2), (1 = p*)o7)

EtﬂU\T%MtHﬂ%AE@ﬁJ\?ﬁElﬁﬁﬁz BAIIEME @, 4O, SREHk K
£ 2® ~ paly®D, y B~ p(yla®),
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Bl 1. —4EIEZR AT Gibbs #IFER) R /LS

rbinormal <- function(n, mul, mu2, sigmal, sigma2, rho) {
# initialize
x <- rnorm(1l, mul, sigmal)
y <= rnorm(l, mu2, sigma2)
Xy <- matrix(nrow = n, ncol = 2, dimnames = list(NULL,
c("X", "Y")))
# sample from conditional distributions
for (i in 1:n) {
x <- rnorm(1l, mu2 + sigmal/sigma2 * rho * (y - mu2),
sqrt(1 - rho”2) * sigmal)
y <- rnorm(1l, mul + sigma2/sigmal * rho * (x - mul),
sqrt(1 - rho™2) * sigma2)
xyli, 1 <= c(x, ¥)

Xy
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%1 1: Gibbs FHFERIRET 20 MEEA

set.seed(123); n<-20
z<-rbinormal (n,mul=0,mu2=0,sigmal=1,sigma2=1,rho=0.5)
plot(z)
arrows(z[-n, 1], z[-n, 21, z[-1, 11, z[-1, 2],
length = 0.1, col = "gray40")
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% 1: Fi 5000 DMEEAKISIE . FrvHEZEFIAH <5 [

FHEL N2(0,1,0,1,0.5) I 5000 MEEHLEEAS .

> z <- rbinormal (5000, 0, 0, 1, 1, 0.5)
> apply(z, 2, mean) # sample mean
X Y
-0.004524327 -0.007134536
> apply(z, 2, sd) # sample sd
X Y
1.007888 1.004023
> cor(z) # sample correlation
X Y
X 1.0000000 0.5039506
Y 0.5039506 1.0000000
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% 1: #2000 MEART A E (FHRARE =0.5)

z <- rbinormal (2000, 0, 0, 1, 1, 0.5)
plot(z)
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% 1: #2000 MEAE LB FHR RE =0.95)
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AT/ NG

Monte Carlo J77%

O HEHMFEE
@ Inverse CDF Method
* IS ORI — 430 BR B T R HOE
@ Rejection Sampling
* R NEG PR BE SR 9(0), 873 p(0ly) < cg(0), HHIER
MR v, H g(0) PPAEMFEAR, DIER r 8204 p(Oly) HIFEA
@ Importance Sampling
* R NEGIPREA B SRR 9(0), W E[h(0]y)] STX g(0) HIFE
ABAT INBEF-3)
Q TR KHESH R (MCMC)
@ Gibbs Sampler
* 0 TR LGS R IR AT AR IR R
* filf
@ Metropolis-Hastings
*o BB (Y TIE 2 A 1 5 IR BE I R % Al
* Gibbs & MH ¢
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