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Gibbs Sampler
®00

Gibbs Sampler

Gibbs Sampler O ZR0{ £ MCMC o] 212|2 20| A 37} QL|C}. Ciot
MH-Algorithm 2}= Ct2H| 2+=0| ElL|C}.
@ Gibbs Sampler 2| A% Multivariate O|HA] (247}
Fully-Conditional Distribution 2 & £7} QUCIH AF20| 7HsEHL CH
o 257t B, B2, B3, Ba 22 UCHH, Posterior ZIL
Tr(/817627/83754 | X7 Y) J_I-l' 7EI-Ol %%th’l-
e 0|ZdZ Fully-Conditional Distribution 22 Ct22 & 4 QA
EICHH Gibbs Sampler & AtES 4= UA| ELICE
ﬂ—(ﬂl | 62)637547)(3 Y)
(B2 | B, B3, Ba, X, Y)
77(63 | ﬂl?ﬁ2aﬁ4)x7 Y)
7.‘-(64 | ﬁ17ﬁ2a/837xa Y)

rr
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Gibbs Sampler
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Gibbs Sampler

Gibbs Sampler 2| A 0|4 £210|S0|M 25t XSS M CH=20,
e ZZO0A E"—OHK-l FFSS QG|O|E Bt HHAlo 2 REZEIL|C}

@ Gibbs Sampler 2| 2 MH-Algorithm 2= CE22| Acceptance Rate
0| 1 lL|C}.
o 17| WE0| U ~ Unif(0,1) OIM &S 0IR% giA| ELict
ﬁ(t+1 (B(t) | B(t (t) /34t)7X Y)

B(t“) (B3 | B““ () 50 X y)
5(t+1) (5(t) | B(t+1’ £t+1)’ flt),X Y)

£t+1) (5(t) | ﬂ(tH, §t+1 B(t+1 Y)
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Gibbs Sampler
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Gibbs Sampler

S
@ |Initialize t = 0, and Xo = (xl("),--- ,x},‘)))
@ Sample by order

X o e | X0 X0, x0)

Xz(r+1) ( |X(t+1 X(t) 7XC(1t)>

Xc(lt+1 ~ (Xd | X1(t+1)’X2(t+1)7 ) c(1t+11)>

Q Set X;y1 = (Xl(t+1),X2(t+1, o ,X(SHI))
@ Sett=t+1and go back to step 2 until t =T
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Generalized Linear Model
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Simple Linear Regression

ii.d
Yi=Bo+B1-xi1+Ba-xia++Bpxiptei, e ~ NO,0?)

i.i.d
yi ' ~'N (ﬁo+ﬁ1 X1+ B2 Xio+ -+ Bp ‘Xi,pvaz)

o X: E2HA 3|

o Y ZHHL, AT

o T 1

9| tf|oj&{2t d2fsli= FLL.
7t o=t H0lE LTt

f
o 3|72 2 O AR 5 o] A= e A0 SEYLIL
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Generalized Linear Model
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Bayesian Regression

3| HEM0) #lo|= S A =t
Hi2t=tof gL Ct.

Bo, b1 o B2 1efstH Chgat 20| BB0| 7S FL L.

i.i.d
Yi | /80751702 " N (50 +61 : Xi,1702)

Bo ~ N(uo, 70)
B1 ~ N(p1,71)
02 ~ 1G(a, b)
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Generalized Linear Model
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Generalized Linear Model (GLM)

MEB|20ME Y = XB+e, ¢ Z7N(0,02) 22 B30| 7H55t0,
ol S&#40 2 &t 25U T

E[Y | X] = u(X) = X3

ojm Zrefof v | X 7t g 2 Wet/p |t XS EJHT7
8 2| HEfS BHYFOF gLt

te &7t 0= g(-) &40|0{ 0| AS Link Function
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Generalized Linear Model
000000

Generalized Linear Model (GLM)

0| 2| A< Linear Regressio 0| Ot C}Z2 Regression O =QI0|
7tsstAE HUes et

dZotAIE LT

g(E[Y [ X]) =

@ Linear Regression : g(-) & Identity Function O|C}.
@ Binary Regression : g(-) &4 Logit Function O|C}.
@ Poisson Regression : g(-) &= Log Function O|C}.
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Generalized Linear Model
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GLM for Poisson Regression

Y | X "% Pois(uu(X))

Poisson Regression 2| A< Link Function & Log Function @& & =Ct11
et

g(u(X)) = log (u(X)) = X3
w(X) = eXP
03 7|0l L= (Likelihood) & T2} 240] S £ Q&L
e_lLL(xI‘) . M(X)YI
i n ]
ol A3]|7} Ye|Z Prior 4= Ltz #0| stAlSUCE
B; ~N(0,100), forj=1,---,p
Prior @} Likelihood & SC} 71847| I} 20 O|AHES E5A MCMC 2
=5t LT
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Generalized Linear Model
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GLM for Logistic Regression

Y | X "2 Bernoulli( (X))
Binary / Logistic Regression 2| A< Link Function 2 Logit Function 22
=0t MSLC

() = g ( 2 ) = xp

e)(ﬂ
X)=—=
H(x) 1+ eXB
13 07|0|A =84 (Likelihood) € CtE2t 0| &S &+ USLICH

L(B) = M_yu(X)" - (1= (X)) (X)) = ——55
olf 2{517} YOI Prior 4HS CIS 2t 20| BHASLICE

/BJNN(O,].OO), forj=1,---,p
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Generalized Linear Model
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GLM Summary

Z30||= Regression HEJQ| Tf|O|E{= Linear Regression £20t0| OfL|2}
oi2f BER7} ZAfELICH
1 20M ZeloflM AFEE A= (A2|3 A ARBE=E AE) 2 tEd
ZELCH

@ Linear Regression

@ Logistic Regression

@ Poisson Regression

0|Zi2 GLM & &ZA|HAM Regression Setting 2 =2 HFYZF
75510, Likelihood HA| £55t= A0| 7t eLIC}
O|Z30f| 2= Prior & MIEISHF7|CF SHCHRH, Posterior 752 2H40[0
0|2 ECHE MCMC £ 2IHaiFA|H ElL|C},

F= A0
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Libraries
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Other Libraries in R for MCMC

17| 2] ©10| ZIS5HH E A= 20| M2HBTE 0fY7| w20
Ho|20flAl= CHSTE 22 YHES BEFU
@ nimble

@ adaptMCMC
@ RcppArmadillo (C++ ZEE 2| ROz = YH)
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Libraries
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Nimble

C++ Of|MQ| Compiler & 7} QA HALZIN &84 ZTHO|M 2 ¢
e 252 S0 &0}

o AEY _%A'EI%, ClO|E{S, 2|10 THt0lE ZSS 7HAHeEL.
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Libraries
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Ol Al 24

X1, X2, ,Xn i."i\.’d N(/ﬁ,O')
1 ~ N(0, 10)
o2 ~ Unif(0, 10)

p ko =S MCMC & SdliA FLalslget.

CllO[E{2t True It2t0[Ef gf52 Ch32t 20| 7351 2l

true_mu = runif(1, -10, 10)
true_sigma = rgamma(1, 3)
x = rnorm(1000, mean = true_mu, true_sigma)
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Libraries
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Defining the Model

U2 22 A E HA ZololiFoF FLLH.

model glm <- nimbleCode(
# Data Model
for(i in 1:n)
X[i] dnorm(mean = mu, sd = sigma)

# Parameter Model

mu dnorm(mean = 0, sd = sqrt(10))
sigma dunif(0, 10)
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Libraries
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Setting Values

Cee2E 2445, HOEHE 58 2337 0F Ut

niter <- 1leb

consts <- list(n= length(x))
data <- list(X = x)

inits <- list(mu = 2, sigma = 2)
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Running NimbleMCMC

OIX|Z4 2 2= T nimbleMCMC S S2{FH EL|CH

samples_glm <- nimbleMCMC(model _glm, data = data,
inits = inits, constants=consts,
monitors = c("mu", "sigma"), samplesAsCodaMCMC=TRUE,
WAIC=FALSE, summary=FALSE, niter = niter,

nburnin = 0, thin=1, nchains = 1)
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Example Problems
°

Gibbs Sampler Problem

4= L
GIOIEfQ! {x;}

inear Regression A2t0|2t10 =ZIEGLICE Ol A 5|2
17, 2| B Gibbs_Tutoring.RData Of QU&L|Ct.

yi=PBo+P1-xi+e€i, € L N(0,c?)

ojuf 22|29 2452 fo, f1,0° O Prior ZE&= LISt 20|

A=
Bo ~ N(0, 10)
B1 ~ N(0,10)
02 ~1G(0.01,0.01)
2+ B22459| Conditional Distribution S T+t Ct20{| Gibbs Sampler &
|2aM (Bo, B1,0%) & 10,000 7H OtF MEHFAM L.
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