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Q VU A

© WinBUGS iz

© RStan i2H]

@ %455 (Change Point) FEAL 1Y) U1 i1

@ Riitit



WinBUGS/OpenBUGS

@ BUGS: Bayesian inference Using Gibbs Sampling
o WinBUGS: i (1997), ffasiE
» YE#: Spiegelhalter, Thomas,Best,Lunn, MRC Biostatistics Unit &
Imperial College School of Medicine, London
M3k http://www.mrc-bsu.cam.ac.uk/bugs/winbugs/
FEi: IEHERIF N Pascal, Windows “F-&, AT (B 0 D
2007 4 Ja AT 4E
AIFE R HiZ1T: R2WinBUGS
o OpenBUGS
» {E#: Andrew Thomas, University of Helsinki
» 3l http://www.openbugs.info/w/
» R R, &2 Pascal, 5 WinBUGS ZHIAK
» BYE, AIYRE, ATLAE OEREL AR A

vV vy VvYyy
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JAGS

@ JAGS: Just Another Gibbs Sampler, A4 [ £ Unix 24T WinBUGS
M= A
» {E#: Martyn Plummer (2003), International Agency for Research on
Cancer
MX3k: http://calvin.iarc.fr/~martyn/software/jags/
Feri: TR, C++, BEE, ik BUGS K1l
CIEiN:
A[{E R H1i81T: R2jags

vy vy vVvYy
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Stan

o Stan LT NAEZERFRPSLIK Stanislaw Ulam (1909-1984)
» {E#: Stan Development Team (2016) . Stan Modeling Language
Users Guide and Reference Manual, Version 2.14.0.
» Muk: www.mc-stan.org
» Hik: HET Hamiltonian Monte Carlo (HMC) #i££ (3 MCMC), Y
No U-Turn Sampler (NUTS)
AL T 5 U6 T R O BRORR IRy
AT ATH 55 96 %5 T R O B log f (6]2)
S P, Crt, BREA, WE IR SR A SR
AJ{E R H1i&1T: RStan
» BT RER AP, ATLAE Ry Python. Matlab 5 {1217

v vy VvYy
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@ VU TR AR A

© WinBUGS i&ff

© RStan i2H]

@ 455 (Change Point) HE%Y 1) DU 4ty i

@ Riitit



Bl 1. IRAEhAR A A

HE: WHOREEE x (D XA y Cine /288 152,

1 2 3 4 5 6 7 8 9 10
y 340 380 9.10 220 260 290 200 270 1.90 3.40
x 550 590 650 330 3.60 460 290 3.60 3.10 4.90

Lo iAl.
yi=a+ Br;+e;,(i=1,2,...,n)
TR K
Q MM y 5 o BEMKRR
Q@ IE&M: ¢ ~ N(0,0?)
Q@ MATME: e1,e9,..., e, HHIMAL
Q TiEFME: BN e W ZEAMIF
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AR (f50)

> y=c(3.4,3.8,9.1,2.2,2.6,2.9,2.0,2.7,1.9,3.4)
> x=c(5.5,5.9,6.5,3.3,3.6,4.6,2.9,3.6,3.1,4.9)
> summary (lm(y~x))
call:
Tm(formula = y ~ x)
Residuals:

Min 10 Median 3Q Max
-1.5707 -0.7470 0.2031 0.3060 2.9463
Coefficients:

Estimate Std. Error t value Pr(>|t]|)

(Intercept) -2.3294 1.6231 -1.435 0.18916
X 1.3051 0.3565 3.661 0.00639 =#*
Signif. codes: 0 *®®%’ 0_001 “**’ 0.01 “*’ 0.05 *.” 0.1 * * 1

Residual standard error: 1.362 on 8 degrees of freedom
Multiple R-squared: 0.6262, Adjusted R-squared: 0.5795
F-statistic: 13.4 on 1 and 8 DF, p-value: 0.006391
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RIS FERT R A
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© WinBUGS i&ff
o 37 BUGS A
o HiiFAIZ T WinBUGS
o frdr MCMC HIAE A Si i
e £ R FFiffFl WinBUGS
o MM R MEH: IERARHE B ER 40 A



DU A A7 K AR S BUGS AR R A

DU (EfE B k). BUGS AUHY:

2 model{
yi ~ N(a+ fai, 0%) for(i in 1:n ){
a ~ N(0,1000) y[i] ~dnorm(mu[i] ,tau)
B~ ]\[(07 1000) #tau SEAGE, T BEED
9 mu[i]<-alpha+beta*x[i]
o ~ IG(1000, 1000) }

alpha~dnorm(0,0.001)#must be proper
beta~dnorm(0,0.001)

tau~dgamma (0.001,0.001)#Is Gamma!
sigma<-1/sqrt(tau)

}
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SEHL(R] BUGS LAY

modelq{

for(i in 1:n ){
y[il~dnorm(mu[i], tau)
mul[i]<-alpha+beta*x[i]
}

alpha~dflat ()

beta~dflat ()

tau~dgamma (0.001,0.001)

sigma<-1/sqrt (tau)

}
#data
list(n=10,y=c(3.4,3.8,9.1,2.2,2.6,2.9,2.0,2.7,1.9,3.4),
x=c(5.5,5.9,6.5,3.3,3.6,4.6,2.9,3.6,3.1,4.9))

#initial wvalues,

list (tau=5,alpha=4,beta=1.9) #GLS-2sd
list(tau=0.74,alpha=-2.3294,beta=1.3051) #GLS
list(tau=3,alpha=0.91,beta=3.32) #GLS+2sd
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Outline

@ WinBUGS iZH]

o JiFFIZ{T WinBUGS
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WinBUGS #:1E 5 38

‘7% WinBUGS BT )m, 1% ULHIEEAT decode.
Q A (Model > Secification > check model)
HANEHE (load data)
YR (compile model)
HAWIGEIE (load initial values)
7242 burn-in #£45 (Model > Update)
8 EFiZ% (Inference> Samples)
UGS A4 (Model > Update)
EHIFHEZE R (Inference> Summary) (noder*, FTIRFTHSHD
Q fE MCMC A A i

©0 00000

Wang Shujia (Shenzhen University) Bayesian Statistics 16 / 115



(Ni
<

Burn-in 1000, 4% 1000,3 %% Chains 3£ 3000

0 (=& =]
me@an sd MC_error val2.5pc median val97.5pc start sample ~
alpha -2.093 1.911 0.1406 -5.813 -2.138 2133 1001 3000
beta 1.253 04189  0.03083 03427 1264 2076 1001 3000
sigma 1.504 0.4359 001382 09193 1422 2.536 1001 3000 y

GERRLRTATEE? MCMC S U8 ?
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Outline

© WinBUGS i&ff

o K& MCMC A Rtk Al st
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MCMC HIFH ZME (Efficiency)

o MCMC A5 {00} | RAKM, AR
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MCMC HIFH ZME (Efficiency)

o MCMC A5 {00} | RAKM, AR
o WIRFHIL iid Y, U“J}:%iﬁﬁﬂﬁﬁ%dj

Var(0) = Var[— ZH(Z UN o = Var()).
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MCMC HIFH ZME (Efficiency)

o MCMC A5 {00} | RAKM, AR
o WIRFHIL iid Y, U“J}:%iﬁﬁﬂﬁﬁ%dj

Var(0) = Var[— ZH(Z U— (02 = Var()).
o WHRFHIAZ iid B9, WIEIIHERTT 2N
Var(f) = Var[— Z 0] = — x IF, IF = <1 +2) pk> ,
k=1

Ht p = Corr(09), 00HR)) RIS k& WA A REL
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MCMC HIFH ZME (Efficiency)

o MCMC A5 {00} | RAKM, AR
o WIRFHIL iid Y, U“J}:%iﬁﬁﬁﬁﬁ%dj

Var(0) = Var[— ZH(Z U— (02 = Var()).
o WHRFHIAZ iid B9, WIEIIHERTT 2N
Var(f) = Var[— Z 0] = — x IF, IF = <1 +2) pk> ,
k=1

Hrf p = Corr(0W,00FF)) &35 k IR EAHSE /AL
o IF M NIEXZEETF (Inefficiency Factor)
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MCMC HIFH ZME (Efficiency)

o MCMC A5 {00} | RAKM, AR
o WIRFHIL iid Y, U“J}:%iﬁﬁﬁﬁﬁ%dj

Var(0) = Var[— ZH(Z U— (02 = Var()).
o WIRFHIA iid {1, WJEIBMERITT 2N

o0
Var(f) = Var[— Z 0] = — x IF, IF = <1 +2) pk> ,
k=1

Hr pp = Corr(0W,00+R)) JE3 5 k& BAN B AHE /AL

o IF PR NAEZEEF (Inefficiency Factor)

o BUHMHAABE (Effective Sample Size): FSS = N/IF (Fx
MCMC FEARFEAE AARRIS, N A MCMC FEAH T ESS A iid #%
A, WARAAAETEMS, IF ALV D
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MCMC HIU 8kt (Convergence) Fi K

— R REFI TR AR DA, AN REIE ] H LSk

@ Trace B History: HLHEBEHA; 248 (ZAVIGE) LHFEA

VIR EIESE : SEAsTHE; A THER +20
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MCMC HIU 8kt (Convergence) Fi K

— R REFI TR AR DA, AN REIE ] H LSk

@ Trace B History: HLHEBEHA; 248 (ZAVIGE) LHFEA

VIR EIESE : SEAsTHE; A THER +20
Q JRI AN AL R~
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MCMC HIU 8kt (Convergence) Fi K

— i A R BT LA SR, AN REUE B WS

@ Trace B History: HLHEBEHA; 248 (ZAVIGE) LHFEA
WIBREHERE: S8 THE: fTHER £20

Q EWA I E R R

Q@ HHMXE: MCMC FEAREAALE H AR
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MCMC HIU 8kt (Convergence) Fi K

— M R R BT A AU, AN REIE B LUK

@ Trace B History: HLHEBEHA; 248 (ZAVIGE) LHFEA
WIEEHESE : ZEAGTHE: (STHER £20

Q ER MBI EE R ~EuE

Q HHIXKE: MCMC FEARBIEE EFK

© BGR &: Brooks-Gelman-Rubin W .
BGR= (Pooled Cl)/(Average Cl), Y&l BGR=1
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MCMC HIU 8kt (Convergence) Fi K

— M R R BT A AU, AN REIE B LUK

@ Trace B History: HLHEBEHA; 248 (ZAVIGE) LHFEA
WIBREHERE: S8 THE: fTHER £20

Q ER MBI EE R ~EuE

Q HHIXKE: MCMC FEARBIEE EFK

© BGR &: Brooks-Gelman-Rubin W .
BGR= (Pooled Cl)/(Average Cl), Y&l BGR=1

Q@ R-hat: 4aAl+, 5T 1 RRUsk
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MCMC HIU 8kt (Convergence) Fi K

— A BRI A G DA, ASREUE TSk
@ Trace B History: HLHEBEHA; 248 (ZAVIGE) LHFEA
WISREAESE . S THE: MIHER +20
Ja Ry BB R RO
HAHKE: MCMC FEAR BAF7E H AR
@ BGR : Brooks-Gelman-Rubin 3 Wk U :
BGR= (Pooled Cl)/(Average Cl), Y&l BGR=1
© R-hat: ZEik[N T, 25+ 1 Foniiesk
Q n.eff: ARFEAZE (effective sample size).

© 0
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HIWr Trace/History
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H|Wr Trace/History: Two Chains

3had chans 12

teraton

teraton
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Trace

alpha Al beta =28 EAE S

$8: Dynamic trace = N =
~

=] o
= o &
i 2 - Ylay
RO B e

= e a
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- T T T . T T T
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@
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Density

[= [=][=]
alpha sample: 3000 beta sample: 3000
T w
g3 Eo
T i
o o
ol T T T T ol T T T T
-10.0 -5.0 0.0 5.0 -1.0 0.0 1.0 20 3.0
alpha beta
sigma sample: 3000
o
E=
F-
o
o
o T T T T
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sigma
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HAHR

alpha I beta fEEMH R HAHIS, 1H sigma AELEH AR

:8: Auto-correlation

E=S (R

= alpha = beta ~
g9 52t
[y [T [y [T
Es |Ii|il" .......... T —— 5ot lin s e
£o £qf
"= "=
T T . T
0 50 o 50
lag lag
= sigma
=]
g2
=]
o
==
o
T T
0 50
lag
w
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BGR: alpha 1 beta 5 1 {5

:8: bgr diagnostic

o alpha chains 1:3 n beta chains 1: 3
w bl
-3 -1
ol oo . ol o - -
T 22 \,\/—'—a@
T k=1
i s
j= o
So| F=r=
= T T T = T T T
1051 1200 1400 1051 1200 1400
start-iteration start-teration
o sigma chains 1: 3
T
a
Sl
0 e e e
=
St
Sal
ol T T
1051 1200 1400
start-iteration
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FAAEEARSR: Btk

Q & thin HIME: F& & DNE—A
Q HAE LML

thin=10:

:6: Node statistics

mean sd MC_error val2.5pc median val97.5pc start sample
alpha -2.361 1.897 0.05555 -G.184 -2.35 1332 1004 3000
beta 1.31 0.4138 0.0122 05014 1.306 215 1001 3000
sigma 1.509 0.4435 0.008473 0.9107 1.423 2.659 1001 3000 v
i [= =] =]
mean sd MC_error val2.5pc  median val97.5pc start sample -
alpha -2.093 191 0.1408 -5813 -2.138 2133 1001 3000
beta 1.253 0.4189 0.03083 03427 1.264 2076 1001 3000
sigma 1.504 0.4359 0.01382 09193 1.422 2536 1001 3000
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Trace: thin=10

:8: Dynamic trace

Wang Shujia
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HAH7%: thin=10

auto cormelation

1.0 00 1.0

10

auto comelation

-1.0 00

Wang Shujia
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(Shenzhen University)
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HAZE Ok

modelq{
for(i in 1:n ){
y[il~dnorm(mu[il, tau) #tau R M K, TR 7 £ !
mul[i]<-alpha+beta*(x[i]l-mean(x[]))
}
alpha~dnorm( 0.0,0.01)
beta~dnorm( 0.0,0.01)
tau~dgamma (0.1,0.1)
sigma<-1/sqrt (tau)

}
#data
list(n=10,y=c(3.4,3.8,9.1,2.2,2.6,2.9,2.0,2.7,1.9,3.4),
x=c(5.5,5.9,6.5,3.3,3.6,4.6,2.9,3.6,3.1,4.9))

# initial walues (chain 1)
list (tau=1,alpha=0,beta=1)
#chain 2
list(tau=1,alpha=1,beta=1.5)
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BAHR: BREF LML

16: Auto-correlation
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Outline

@ WinBUGS iZH]

o 7 R Hil§ ] WinBUGS
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7 R T H WinBUGS 151

WA R2WinBUGS
library(R2WinBUGS)

O 1f R PR HUEMBIME: list 52X
Q@ i R2WinBUGS: output<-bugs(¥¥fi, ¥IME, 4, #&KE,
ES &)
Q Hith&i A print(output)
Q FZREILEIR: plot(output)
© MCMC HtE: n.eff, Rhat
Q@ MCMC Yishtk:
» output.mcmc<-as.mcmc.list(output) (A 5E R HE)

» autocorr.plot(output.memc) ([ FHRALIE)
» traceplot(output.memc) (LR ZHRES)

o ek EiA:

@ library(lattice): xyplot(output.memc)
@ library(mcmcplots): traplot(output.mcmc); denplot(output.memc)
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7 R i R2WinBUGS 114t

#Load the data

n<-10
y<-c(3.4,3.8,9.1,2.2,2.6,2.9,2.0,2.7,1.9,3.4)
x<-c(5.5,5.9,6.5,3.3,3.6,4.6,2.9,3.6,3.1,4.9)
#Call WinBUGS:

library (R2WinBUGS)

data<-list ( . 5 )

parameters<-list ( s s )

# inits

initsl1<-list(tau=5,alpha=4,beta=1.9)
inits2<-list(tau=0.74,alpha=-2.33,beta=1.31)
inits3<-1list(tau=3,alpha=0.91,beta=3.32)
inits<-list(inits1,inits2,inits3)
# Call model
output<-bugs(data,inits,parameters,n.chains=3,n.iter=2000,
n.burnin=1000,n.thin=1,
model.file=
bugs.directory= )
#W B h BT RE P WinBUGSFT £ 89 L& 1 1 !
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PR AL 45 %

= print{output)

Inference for Bugs model at "F:\Baiduvun‘Teaching‘Rdata‘\rRegmodel.txt", fit using winBuGs,
3 chains, each with 2000 iterations (first 1000 discarded)

n.sims = 3000 iterations saved

mean sd 2.5% 25% 50% 75% 97.5% Rhat n.eff
alpha -2.31.9 -6.3 -3.4 -2.3 1.2 1.3 1 3000
beta 1.3 0.4 0.5 1.0 1.3 1.8 2.1 1 3000
sigma 1.5 0.4 0.9 1.2 1.4 1.7 2.5 1 1700
deviance 35.8 2.8 32.6 33.8 35.1 37.2 43.2 1 960

For each parameter, n.eff is a crude measure of effective sample size,
and Rhat is the potential scale reduction factor (at convergence, Rhat=1).

pIC info (using the rule, pD = Dbar-phat)

pD = 3.3 and DIC = 39.1

DIC is an estimate of expected predictive error (lower deviance is better).
=
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P25 FE7R: plot(output)

Wang Shujia

Bugs model at “F\Baiduvun\Teaching\Rdata\Regmodel tet', fit using WinBUGS, 3 chains, each with 2000 ferations (first 1000 discarded)

80% interval for sach chain

R-hat

1 15 2

(Shenzhen University)
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H AH < Wr:  autocorr.plot(output.memc)
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W8kt traceplot(output.memc)
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iz A4 lattice: xyplot()

library(lattice)
xyplot (output.mcmc, layout=c(2,2), aspect="fill")

1000 1200 1400 100 1800 2000

Geviance

0

1000 1200 1400 1000 1800 2000

Heration number
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iz FH ¥4, memeplots: traplot()
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iz A4 memeplots:  denplot()
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Outline

© WinBUGS i&ff

o MR MLt IEBDAHE 2R -0 A
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AR Ab AR ) S R

o TEUIMHIMIA b, USSR AITE(E B5E%, B REAREM T 51%
SRR TR A5 R — 2
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AR Ab AR ) S R

o TEUIMHIMIA b, USSR AITE(E B5E%, B REAREM T 51%
SRR TR A5 R — 2

° %ii’l‘é%‘fﬁ;‘ii”%?ﬁlj, 5 3 M R AH R %R S At
B2
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AR Ab AR ) S R

o TEUIMHIMIA b, USSR AITE(E B5E%, B REAREM T 51%
SRR TR A5 R — 2
° %iz/l\é%‘fﬁii”%?qj, 5 3 M R AH R %R S At
B2
> ARG B, BCEORE AR
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AR Ab AR ) S R

o fEUIMHA R rh, IFRTCIE BIL, B RBONRZEA T 51%
SRR TR A5 R — 2
o EIXANERMEMMGITrh, 5 3 MR AR A AR R UL
B2
» ARG Tk MIER, BCEEE AR
> DUMHT59k: BONfE, RVFRZEIN A E KR, EEFR
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A IER

o
S

£ 1(2)

2

Aii

modelq{

for(i in 1:n ){
y[il~dt (mul[il,tau,2)
mul[i]<-alpha+beta*x[i]
}

alpha~dflat ()

beta~dflat ()

tau~dgamma (0.001,0.001)

sigma<-1/sqrt (tau)

}
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FRAEIER S 1(2) 4
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R R RO RBUE T LF B R

= print{output,digits=3)
Inference for Bugs model at "F:\Baiduvun‘\Teaching'Rdata‘Regmodel.txt”, fit using winBueGs,
3 chains, each with 20000 +iterations (first 2000 discarded), n.thin =5
n.sims = 10800 iterations saved
mean sd  2.5% 25% 50% 75% 97.5% Rhat n.eff

alpha 0.284 0.404 -0.5326 0.063 0.282 0.506 1.090 1.001 7700
beta 0.598 0.095 0.417 0.545 0.595 0.647 0.797 1.001 9200
sigma 0.235 0.113 0.101 0.161 0.210 0.277 0.507 1.001 8200
deviance 16,449 3,133 12.900 14,150 15.620 17.880 24.640 1.001 11000

For each parameter, n.eff is a crude measure of effective sample size,
and rRhat is the potential scale reduction factor (at convergence, Rhat=1).

pIC info (using the rule, pp = Dbar-phat)

pD = 3.7 and DIC = 20.2
DIC is an estimate of expected predictive error (lower deviance is better).
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@ U AR

© WinBUGS &M

© RStan i2H

© %445 (Change Point) A58 1 DU i1

@ Riitit



© RStan i2H
o N
o AL UM Stan LAY
o /fE#% Stan %I NEE
o W H Stan M%7 A il HURE A
o MRAYLE I KRS ShE



Why Stan?

o BEJIGE: Stan BEMRIRLE A, eg.
Multilevel generalized linear models
Interacted predictors at multiple levels
Nonconjugate coeffcient priors

Latent effects etc

v vy VvYy

o JREMR: Stan stands for No-U-Turn sampler, a variant of
Hamiltonian Monte Carlo (HMC), ®JPLizHIHTia®H, #T C 5k
C++, THEEBEE AR B IR g B TR RO

o INREX: Stan B J R&H T ARSI, KRETTH G
BRE N B R R E (—FreE0, EERANM AR

o SEME/": Stan B AT WUH-HELAY, 4 v] DL T SEAR A 1) 8

) 2% B U -

» https://mc-stan.org/users/documentation/

> https://github.com/stan-dev/stan/wiki/Prior-Choice-
Recommendations
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RStan )22 3B AT %%

e RStan M4
» https://github.com/stan-dev/rstan/wiki/RStan-Getting-Started

o H

» library("rstan”) # observe startup messages

o R} Windows £ % CPU HAEW, WULAIHMTIER, JfiTis
SR e 2 VIGIPNi:
» options(mc.cores = parallel::detectCores())

o HAIMRAF IR, FRAFAIE, BT HH W iF

» rstan_options(auto_write = TRUE)
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iz RStan H—Mite

Q JyiE&—A Stan ARSI

Q HEF M ALK,

Q MJE I oA h A HUFEAS 5

Q 36 /R AT RBE WS

Q TR A RIFEASREAT DU Hr e b o
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Outline

© RStan izH]

o FA DU M LAY FN Stan fAHS
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J\RRG T SEG H o

T — TN ZRTTIEXT SAT-V GHHIEEIA (effects), XF )\ A& HE T
XTREZHBENLARTS . BRI ZRRCR ) sl Th y FARHE R o R R,
RIS — N ZZ T (meta analysis) B8, XHZIIZR 7 AT 25
G .

SR () T (y;) BRI (o))
A 28 15
B 8 10
C -3 16
D 7 11
E -1 9
F 1 11
G 18 10
H 12 18
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) Rt 8

Q I\ AR Z AN I BRI RCR R R AAAERE 2R
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(SRR

QO /\NEFERZ AN T IE R e AR E R
» AG BURBIF (KT 18), C. E A, HERE—#%.
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(SRR

QO /\NEFERZ AN T IE R e AR E R
» AG BURBIF (KT 18), C. E A, HERE—#%.
> 1ERfE?
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) Rt 8

Q I\ AR Z AN I BRI RCR R R AAAERE 2R

» AG ZCREUF CKF 18), Cv E RBCE, HEHR—#MK.
> 1ERfE?
> KA 95% EAE X
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) Rt 8

Q I\ MR RIS TT IR R R AR 2 7 ?
» AG BURBSF KT 18), Co E RBUR, HEBR—m.
> IERR?
> KA 95% EAFIX ]
> B 04 ~ N(28,15), T P(0 > 28|y) = 0.5, L5 TI%E
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) Rt 8

Q I\ MR RIS TT IR R R AR 2 7 ?
» AG BURBSF KT 18), Co E RBUR, HEBR—m.
> IERRG?
> KA 95% EAFIX ]
> B 04 ~ N(28,15), T P(0 > 28|y) = 0.5, L5 TI%E

Q WA THZINZRINEAE )\ B AR AR BOR ?

8

/52
EmeEZZ?/Z2=z7

i=1 £wj=1 1/03‘
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) Rt 8

Q I\ MR RIS TT IR R R AR 2 7 ?
» AG BURBSF KT 18), Co E RBUR, HEBR—m.
> IERRG?
> KA 95% EEX (A
> B 04 ~ N(28,15), T P(0 > 28|y) = 0.5, L5 TI%E
Q WA THZ ISR I IEAE )\ TR A AL AR AR 2
» PR\ ZERCR A — 2, FrART AR v SR A TH
—MNER LK N(u,0?),

8

yi/U-2
Efly) = —r =77
Z-Z—; Z?:l 1/‘7]2‘
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) Rt 8

Q I\ MR RIS TT IR R R AR 2 7 ?
» AG BURBSF KT 18), Co E RBUR, HEBR—m.
> IERRG?
> KA 95% EEX (A
> B 04 ~ N(28,15), T P(0 > 28|y) = 0.5, L5 TI%E
Q WA THZ ISR I IEAE )\ TR A AL AR AR 2
» PR\ ZERCR A — 2, FrART AR v SR A TH
—MNER LK N(u,0?),

> ERENG?
8

yi/U-2
Efly) = —r =77
Z-Z—; Z?:l 1/‘7]2‘
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) Rt 8

Q I\ MR RIS TT IR R R AR 2 7 ?
» AG BURBSF KT 18), Co E RBUR, HEBR—m.
> IERRG?
> KA 95% EEX (A
> B 04 ~ N(28,15), T P(0 > 28|y) = 0.5, L5 TI%E
Q WA THZ ISR I IEAE )\ TR A AL AR AR 2
» PR\ ZERCR A — 2, FrART AR v SR A TH
—MNER LK N(u,0?),

> AHENG?
8 2
yi/0~
E@ly) =) —stto=11
38 1/0?

> P(QA —bc < 0|y) =0.5
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J\BARE AL DU J= o6
DU

y;j ~ Normal(0;,0;), j=1,...,8
0; ~ Normal(p,7), j=1,...,8
p(p,7) ox 1,
oy RIS y; BORRER) WD
XD
o B RSty M 0; CHRMED, WAL,

H

~

yj =0 +¢j,e5 ~ N(0,05)
o BJRR 0; X p CECFIIRD, 2L AR
0j = p+7njm; ~ N(0,1)

o 1N 0, WHIE, T 0; HIRFHER, CATRBH 6, (5%, It
(u, 7) A ZEL (Hyper parameter).
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H—b: R A Stan BRGSO

— Stan ALY OB H LS 0 AR O ARAEAR):

@ functions, where we define functions to be used in the blocks below.
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A R —A Stan BAEURHE ST

—A Stan B SCARIE A S I IR O A REAR):

@ functions, where we define functions to be used in the blocks below.
@ data, declares the data to be used for the model

Wang Shujia (Shenzhen University) Bayesian Statistics 58 / 115



A R —A Stan BAEURHE ST

—A Stan B SCARIE A S I IR O A REAR):

@ functions, where we define functions to be used in the blocks below.
@ data, declares the data to be used for the model

© transformed data, makes transformations of the data passed in above
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H—b: R A Stan BRGSO

—> Stan REARLACHD ST H AL S I AR O AN BEAR )
@ functions, where we define functions to be used in the blocks below.
@ data, declares the data to be used for the model
© transformed data, makes transformations of the data passed in above

@ parameters, defines the unknowns to be estimated, including any
restrictions on their values.
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H—b: R A Stan BRGSO

—> Stan FEAUARRS SCARIE LS G0 R ERER QBT AREAS):
functions, where we define functions to be used in the blocks below.
data, declares the data to be used for the model

transformed data, makes transformations of the data passed in above

© 000 _

parameters, defines the unknowns to be estimated, including any
restrictions on their values.

©

transformed parameters, often it is preferable to work with
transformations of the parameters and data declared above; in this
case we define them here.
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H—b: R A Stan BRGSO

—> Stan BAUARES SCARIE AL S W R OFAREAR):
functions, where we define functions to be used in the blocks below.
data, declares the data to be used for the model

transformed data, makes transformations of the data passed in above

© 000 _

parameters, defines the unknowns to be estimated, including any
restrictions on their values.

©

transformed parameters, often it is preferable to work with
transformations of the parameters and data declared above; in this
case we define them here.

O model, the log probability function is defined.
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H—b: R A Stan BRGSO

—> Stan FEAUARRS SCARIE LS G0 R ERER QBT AREAS):
functions, where we define functions to be used in the blocks below.
data, declares the data to be used for the model

transformed data, makes transformations of the data passed in above

© 000 _

parameters, defines the unknowns to be estimated, including any
restrictions on their values.

©

transformed parameters, often it is preferable to work with
transformations of the parameters and data declared above; in this
case we define them here.

O model, the log probability function is defined.

@ generated quantities, generates a range of outputs from the model
(posterior predictions, forecasts, values of loss functions, etc.).

Wang Shujia (Shenzhen University) Bayesian Statistics 58 / 115



J\RAR AL Stan ARAEH AR

O data: {8 VM- 5 5070 A1 A Dy 2 A ) e S
(interger,real,vector,array). JG[. #AFE——FH.
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JUBARAL ) Stan AAHSH Y
@ data: HELUUHHIYT R B4 o AE 24 PRI i

(interger,real,vector,array). Jufl. #FE——%H.

> J: L IREH
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JUBARAL ) Stan AAHSH Y
@ data: HELUUHHIYT R B4 o AE 24 PRI i

(interger,real,vector,array). Jufl. #FE——%H.

- i R, ESM
b (Y. )s EEREBCRIE, R
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J\RAR AL Stan ARAEH AR

O data: HLULIHITIE B/ A o 1 9 AR A MK
(interger,real,vector,array). JulH. ZFR——%H.
> J: L IREH
> (Y1, y0), SFERRIRCRAIHE, AR
> (01,...,00), FEREERMTHER RHER, M8, 1ESes
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J\RAR AL Stan ARAEH AR

Q data: T VUM 556 73 A A E 9 ok AF RO B 2R 1Y
(interger,real,vector,array). JulH. ZFR——%H.
> J: L IREH
> (Y1, yg), BFREBCRANHE, ME
> (01,...,00), BEREECRMTHERbRHER, W&, 1B
Q parameters: fREFHLSHE, XH 0, WATKENZH, HNE R
By, BT ANSES L, IR TR BRI S5
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J\RAR AL Stan ARAEH AR

Q data: T VUM 556 73 A A E 9 ok AF RO B 2R 1Y
(interger,real,vector,array). JulH. ZFR——%H.
> J: L IREH
> (Y1, ys), BFEREGCRMEIHE, W
> (01,...,00), BEREECRMTHERbRHER, W&, 1B
Q parameters: TREMMESH, XH 0; WAHRENSE, HNE R
B, IR T S, BIE T RS
> E’%Kﬁ s ﬁ?/ﬁ% T
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J\RAR AL Stan ARAEH AR

Q data: T VUM 556 73 A A E 9 ok AF RO B 2R 1Y
(interger,real,vector,array). JulH. ZFR——%H.
> J: L IREH
> (Y1, ys), BFEREGCRMEIHE, W
> (01,...,00), BEREECRMTHERbRHER, W&, 1B
Q parameters: TREMMESH, XH 0; WAHRENSE, HNE R
B, IR T S, BIE T RS
> E’%Kﬁ s ﬁ?/ﬁ% T
> PRAEACHI AR (1, 1)
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J\RAR AL Stan ARAEH AR

Q data: T VUM 556 73 A A E 9 ok AF RO B 2R 1Y
(interger,real,vector,array). JulH. ZFR——%H.
> J: L IREH
> (Y1, yg), BFREBCRANHE, ME
> (01,...,00), BEREECRMTHERbRHER, W&, 1B
Q parameters: TREMMESH, XH 0; WAHRENSE, HNE R
By, BT ANSES L, IR TR BRI S5
> RN s brifEZ T
> PRAEACHI AR (1, 1)
© transformed parameters: R IISEL, DB R, EFHE
BN ZHL 0; THAERX B, AT AR THEMRIETH R ROR .
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J\RAR AL Stan ARAEH AR

© data: I DI JE 56 73 A AR A SR AR i S Y
(interger,real,vector,array). JulH. ZFR——%H.
> J: REL, IEEEH
» (Y1, yg), BFERIBCRANVHE, 1A=
> (01,...,00), FFRMBRMITHERPRHER, &, ESEH
Q parameters: TREFMMMNSH, X 0, BEIRENZH, WK ZZ
B, RTINS, IR T A B S5
> RN s brifEZ T
> PRUEFCII RN (.. m)e
© transformed parameters: R IISEL, DB R, EFHE
B ZH 0; HEXHE, 7R THERE TR
> (91,...79J): 9j:,u—|—777j
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J\RAR AL Stan ARAEH AR

© data: I UL 5 58 43 A1 A D 21 R Bl 2R 2
(interger,real,vector,array). JulH. ZFR——%H.
> J: REL, IEEEH
> (Y1, y0), SFRISCRMATHE, HE
> (01,...,00) SFRIIRMHERIRER, W&, ESEE
Q parameters: TREFMMMNSH, X 0, BEIRENZH, WK ZZ
BRI, BISKE T NS, R E T8 24,
> RN s brifEZ T
> PRUEFCII RN (.. m)e
© transformed parameters: R IISEL, DB R, EFHE
B ZH 0; HEXHE, 7R THERE TR
> (91,...79J): 9j:,u—|—777j
Q model: FEEMBRAYP) AT EUIR R PN £, v ERL: FE Stan W3R
N(u,0) H, GHIEREZE (—RIBRAERRET 2%, M
WinBUGS %5t [1A5 ) !
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J\RAR AL Stan ARAEH AR

© data: I UL 5 58 43 A1 A D 21 R Bl 2R 2
(interger,real,vector,array). JulH. ZFR——%H.
> J: REL, IEEEH
> (Y1, y0), SFRISCRMATHE, HE
> (01,...,00) SFRIIRMHERIRER, W&, ESEE
Q parameters: TREFMMMNSH, X 0, BEIRENZH, WK ZZ
BRI, BISKE T NS, R E T8 24,
> RN s brifEZ T
> PRUEFCII RN (.. m)e
© transformed parameters: R IISEL, DB R, EFHE
B ZH 0; HEXHE, 7R THERE TR
> (91,...79J): 9j:,u—|—777j
Q model: FEEMBRAYP) AT EUIR R PN £, v ERL: FE Stan W3R
N(u,0) H, GHIEREZE (—RIBRAERRET 2%, M
WinBUGS %5t [1A5 ) !
» TR, SRS — R RS, ARG ES)
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J\RAR AL Stan ARAEH AR

O data: {8 VM- 5 5070 A1 A Dy 2 A ) e S
(interger,real,vector,array). JulH. ZFR——%H.
> Jr EREL IR
> (y1s--o,ug), BERIIBCRAETHE, A&
> (01,...,07), BFRIPCRMIHERRHER, W&, ESLH
Q parameters: fREFHLSHE, XH 0, WATKENZH, HNE R
By, BT ANSES L, IR TR BRI S5
> RN s brifEZ T
> PRHEAHISA AR RN (1, mg)e
© transformed parameters: R IISEL, DB R, EFHE
BN ZHL 0; THAERX B, AT AR THEMRIETH R ROR .
> (91,...79J): 9j:,u—|—777j
Q model: FRERAL oA BALUIR BB B, & £E Stan B0 AT
N(u,o) H, ZHPRbEZE (—RIERS R E,
WinBUGS 45 i g ) !
» TR, B B ETE G, A EE A
» 1n; ~ Normal(n|0,1); y,; ~ Normal(y|6;,0;)
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J\RASE AL Stan HAYAHE

//Save as shools.stan

data {
int<lower=0> J; // number of schools
real y[J]; // estimated treatment effects
real<lower=0> sigmalJ]; // s.e. of effect estimates
}
parameters {
real mu;

real<lower=0> tau;
vector[J] eta;
}
transformed parameters {
vector[J] theta;
theta = mu + tau * eta;
}
model {
eta ~ normal(0, 1); # diff with 'dnorm'
y ~ normal(theta, sigma);
}
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Z

y

58

7.
=8

o MARIARHS — M ORAF A —> rstan S

o W —ATWARTAT, MM EAEMFERF, WiETHK

o Stan THIRZ % (WEHp A, HFFIZHS), 5 R 1 BUGS f74E
e

o MARTHFEIHIGIWHERE, model BIAT LS RN
"target” Fun HEREEEL, "Ipdf” stands for "log probability density
function”:

model {
target += normal_lpdf(eta | 0, 1);
target += normal_lpdf(y | theta, sigma);
}
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Outline

© RStan i2H

o k%% Stan M A\ £
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0 R EEESIR

Stan EHERZ — ML (ist), FTRVEEFERAIR, M. @il
PSR 2 PR A7 AE AT A

schools data <- list(J =
y =c(28, 8, -3, 7, -1, 1, 18, 12),
sigma = c(15, 10, 16, 11, 9, 11, 10, 18))

Wang Shujia (Shenzhen University) Bayesian Statistics 63 / 115



Outline

© RStan i2H

o NH Stan MJE g A R A
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F=20 WrSAn B AS

AT 45 BAEEE rstan ) stanfit Xt % 4 o

library(rstan)
fit <- stan(
file = "schools.stan",#Stan program
data = schools_data, #named list of data
chains = 4, #number of Markov chains
warmup = 1000, #number of warmup iterations per chain
iter = 2000, #total number of iterations per chain
cores = 2, #number of cores
refresh = 0 #no progress shown

)
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Outline

© RStan i2H

o EAULEIR L Fp U Sk
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VU K5 MCMC WSt & 45 25 R

2e R BZR BH O
o Mprint()4s th e ShtEIWT 2 24t v 45 2R
o Hiplot()4h 4 R EIE
> plot(fit)
* plot(fit, show_density = TRUE, ci_level = 0.5, fill_color = "purple”)
* plot(fit, plotfun = "hist”, pars = "theta”, include = FALSE)
* plot(fit, plotfun = "trace”, pars = c("mu”, "tau"), inc_warmup =
TRUE)

* plot(fit, plotfun = "rhat”) + ggtitle("Example of adding title to plot™)

o Mtraceplot()FIWr 2 &R SIE (RGES)
o Mpairs()4s i Z %74 HLJ7 AR B2 1) O HUR B4 &
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Rstan HF ggplot2 1 K

stan_plot
stan_trace
stan__hist
stan_dens
stan_scat

stan_diag

stan_rhat
stan__ess

stan__mcse

stan_ac

Posterior intervals and point estimates
Traceplots

Histograms

Kernel density estimates

Scatterplots

Diagnostics for Hamiltonian Monte Carlo and the No-U-Turn
Sampler

Rhat
Ratio of effective sample size to total posterior sample size

Ratio of Monte Carlo standard error to posterior standard
deviation

Autocorrelation
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Q shinystan: 2 E/REE R MCMC (52, HEANZH

@ bayesplot4s & Fggplot) MCMC 27, J5 50 /047 45 S KA 2 I
@ rstanarmfilbrms % [EEHE%) (LT SRR F stan SR
Q looH TR EL AL

@ tidybayes: Tidy Data and 'Geoms' for Bayesian Models
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Stan 45t IFEAEE IR print(fit)

I)I'i1113 (:f it, I)EII'S:=(3("1311€513€1", "Inll", "tau" , ll]_I)_-__||) ,
probs=c(.1,.5,.9))

Inference for Stan model: schools.
4 chains, each with iter=2000; warmup=1000; thin=1;
post-warmup draws per chain=1000, total post-warmup draws=4000.

mean se_mean 5 90% n_eff Rhat
0. 3071 d

4816

3257

4637

4243

3747

3621

2917

1731

1213

26 -36. 1297

8

6

6
6.
6 . B4
6

5

5

2

RFRERERRRERRR R

[=N=NoNeoNo oo lo o]
WO VINO WY~ O

w

samples were drawn using NUTS(diag_e) at Mon Mar 11 10:32:02 2019.

For each parameter, n_eff is a crude measure of effective sample size,
and Rhat is the potential scale reduction factor on split chains (at
convergence, Rhat=1).

Horp “lp__7 )RR AT LRI (AEFRHEL) .
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Stan £ R IX[H: plot(fit)

mu 1 ®
tau ®
eta[1] 1 — e ——
eta[2] A ———
eta[3] 1 ———
eta[4] A — e ——
———
———
———
———
0

eta[5] 1
eta[6] 1
eta[7] 1
eta[8] 1
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.
2

SHN 5 B L R AU 95% R X [8]

plot(fit, show_density = TRUE, ci_level = 0.95,

fill_color = "skyblue")

10 15 20
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MCMC W&tk traceplot(fit)

traceplot(fit, pars = c("mu", "tau"),
inc_warmup = TRUE, nrow = 2)

mu
30
20+
10
04
~104 chain
— 1
0 500 1000 1500 2000
— 2
tau
— 3
— 4
40
20+
04
0 500 1000 1500 2000
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pairs(fit)

pairs(fitl, pars=c("mu", "tau", "lp__"))

0 10 20 30 40 50
| | -

- 30

mu L %

rn - -

50
40
30 A
20 "
% il
0] .
|p - -35
- -40
I -a5
- -50
T T T T T T T T T
-10 0 10 20 30 -50 -45 -40 -35
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Shinystan

library("shinystan")
launch_shinystan(fit)

R -
*
B DAGHOSE ESTIATE @ EXPLORE HORE -
NUTS(pots)  HMCNUTS 6505 Ry gpsen Alocomelatin  PRcheck
All chains Parameter Transformation

. > - ey -
Bymodel parameter s

" 4 o aleg Ll Lo Ll
M B ——————-—
- e

Parameter: a

Energyinformation

reedepthinformation

Stepsize nformation

s
£
2.
& £
25

H @ TR\ GEEFRINE
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@ VTS

© WinBUGS izH

© RStan &/

@ 445 (Change Point) %L DL 7 6t i

@ iinitit



Outline

@ #1455 (Change Point) H7ffy D11 fity 1
o M4l (Change Point) 7%
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Bl 2: RELRTETTIET AR S BAG T

F£7% (3£%) October 2001 % January 2007 7EFT & 1T % H BT A%

(BaM: data(afghan.deaths)) &7, IEFIE U B 500 1 B SR 0%

3 5 4
3 1 6
7T 2 4
3 9 b}
2 6 19
4 0

—_
o

I NI N

12 14
8 4
6 8
3 4
29 2

0~ J ©

12
11

12

=N N W

N W w N o
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RELE BT IR NEL

30
|

20

0 5 10
|

Index
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4 i (Change Point) [7]

W RS . BERNBIEAT 2 I fi o4 A M S 1) 2
W Dy Rt MHARIBETAB (t=1,...,n), W
o HHIHIE: Dy, Do, ..., Dg|\ ~ Pois(\)
o Jili¥¥i: Dypy1, Diyo,. .., Dpléd ~ Pois(e)
o TEANTHEM AT IIIE X, ¢ FFEHR S (change point) k
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Outline

@ #1455 (Change Point) H7ffy D11 fity 1
o Mtk mi ) WinBUGS W H
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DU SR A —

D(t) ~ Poisson(u(t)),t=1,...,n
log pu(t) = by + d(t — k)b
Hrp

by ~ N(0,1E — 6)
by ~ N(0,1E — 6)

k ~ uniform(1,n)

RGN = exp(br), ¢ = exp(b1 + bo)
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B @ — BUGS REAACRY SO

// Save as ch6_cp_model.bug
modelq{
for(year in 1 : N){
D[year] ~ dpois(mulyear])
log(mulyear])<-b[1]+step(year-changeyear)*b[2]
}
for (j in 1:2) {b[j] ~ dnorm(0.0,1.0E-6)}
changeyear ~ dunif(1,N) #is continuous Unif
lambda <- exp(b[1])
phi <- exp(b[1]+b[2])
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Hob EEREIEIIER

# MK

library("BaM")
data(afghan.deaths)

D <- afghan.deaths

N <- length(D)

# HERHIESIE (WinBUGS HAKHE)
data = list("N","D")

# HERVIR(E

inits = function() {list(b = c(0,0),changeyear = 40)}
# FRYIR S 4

parameters <- c("changeyear","b")
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|

=P 1217 WinBUGS #4T7 MCMC s

output <- bugs(
data,
inits,
parameters,
model.file = "ch6_cp_model.bug",
n.chains = 4,
n.iter = 10000,
n.burnin = 2000,
n.thin = 5,
bugs.directory = "C:\\WinBUGS14\\"
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VD K MCMC sl K45 i 25

print(output, digits = 3)
Inference for Bugs model at "ch6é cp model.bug", fit using WinBUGS,

4 chains, each with 10000 iterations (first 2000 discarded), n.thin =
n.sims = 6400 iterations saved
mean sd 2.5% 25% 50% 75% 97.5% Rhat
changeyear 42.331 0.486 41.140 42.090 42.3%0 42.700 42.970 1.001
b[1l] 1.587 0.070 1.446 1.541 1.589 1.633 1.721 1.001
b[2] 0.886 0.117 0.654 0.807 0.886 0.964 1.116 1.001
deviance 376.053 2.484 373.500 374.200 375.300 377.300 382.500 1.001
n.eff
changeyear 4900
b[1l] 5200
b[2] 6400
deviance €400

For each parameter, n.eff is a crude measure of effective sample size,

and Rhat is the potential scale reduction factor (at convergence, Rhat=

DIC info (using the rule, pD = Dbar-Dhat)
pD = 2.6 and DIC = 378.6

DIC is an estimate of expected predictive error (lower deviance i$ better) .
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SRR 4R

B <- output$mean$b
lambda <- exp(B[1])
lambda

phi <- exp(B[1] + B[2])
phi
output$mean$changeyear
[1] 4.887069

[1] 11.85329

[1] 42.33081
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MCMC U8t traceplot
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Outline

@ #1455 (Change Point) H7ffy D11 fity 1

o Hef rif M) Stan MH]
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Dl Ay —
o FWIH¥#E: Dy, Dy, ..., Di|\ ~ Pois(\)

o FWI¥E: Dpi1,Dito, ..., Dr|d ~ Pois(d)
VL RaiiE

A ~ gammal(a, ()

b ~ gamma(7, )
k ~ discrete uniform on {1,2,...,T}

Q LIS UL F
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DU A =

o FWIH¥#E: Dy, Dy, ..., Di|\ ~ Pois(\)
o FWI¥E: Dpi1,Dito, ..., Dr|d ~ Pois(d)
SR A

A ~ gamma/(a, 3)
6 ~ gamma(y,6)
k ~ discrete uniform on {1,2,...,T}

Q RS NIEE
> FITH 40 NMEHERIBMEN 4.95, JETH 12 NMHEIIIE 10.66, FHEilt
Al SIS A IR S 4L
»a=1,=027v=4,§=04
Q W E M) Stan AL ?
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DU A =

o FWIH¥#E: Dy, Dy, ..., Di|\ ~ Pois(\)
o FWI¥E: Dpi1,Dito, ..., Dr|d ~ Pois(d)
SR A

A ~ gamma/(a, 3)
6 ~ gamma(y,6)
k ~ discrete uniform on {1,2,...,T}

Q LIS HMIIEFE
> T 40 MR IBME N 4.95, JETH 12 MEEERIHEN 10.66, I
Al SIS A IR S 4L
»a=1,=027v=4,§=04
Q s KA Stan A2
» Stan AZFFEEHMSERIAMFE (KN Hamiltonian Monte Carlo &1
E27)
» BB JEERARUARE R kB gl L
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U (k, D) MBS DA DLEA, 25 k:

N

p(D’)\, (b) = Zp(kv D‘)‘a ¢)

k=1

m(k)p(Dlk, X, )

M= 114

T
[Uniform(k:|1,T) H Poisson(Dy|t < k?A : ¢)
1 t=1

B
Il

HA 2™ Stan BREL:

0 x1 If cis TRUE
CiTr1 : o =
YT 4, I cis FALSE
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ALLER BRI 2

log p(D|\, ¢) = log_sum_exp}_, [IogUniform(k‘\l,T)
T
+ Z logPoisson(Dy|t < k7 : qb)} ,
t=1

HrhF A T Stan KIWTT R

n
log_sum_exp;t; A; = log Z exp(4;).
i=1
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Stan A5

data {
real<lower=0> alpha_e;
real<lower=0> beta_e;
real<lower=0> alpha_1;
real<lower=0> beta_l;
int<lower=1> T;
int<lower=0> D[T];

}

transformed data {
real log_unif;
log_unif = -1log(T);

}

parameters {
real<lower=0> lambda;
real<lower=0> phi;

}

Wang Shujia (Shenzhen University)

transformed parameters {
vector [T] 1p;
1lp = rep_vector(log_unif, T);
for (k in 1:T)
for (t in 1:T)
1p[k] = 1p[s] + poisson_lpmf(
D[t] | t < k ? lambda:phi);
}
model {
lambda ~ gamma(alpha_e,beta_e);
phi ~ gamma(alpha_l,beta_1);
target += log_sum_exp(1lp);
}
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(ML ed
VL Ip I T SUBARERIEA), BEAE T A0k

transformed parameters {
vector[T] 1p;

{
vector [T + 1] 1lp_e;
vector [T + 1] 1p_1;
1p_e[1] = 0;
1p_1[1] = O;
for (t in 1:T) {
lp_el[t + 1] = 1lp_e[t] + poisson_lpmf(D[t] | e);
1p_1[t + 1] = 1p_1[t] + poisson_lpmf(D[t] | 1);
}
lp = rep_vector(log_unif + 1p_1I[T + 1], T)
+ head(lp_e, T) - head(lp_1, T);
}

}
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AT T SO AT K2

TERHR MCMC ke, FEARKRE GRS p(\, ¢|D), FHiH5 T Ip fH.
ic

p(k|D) x q(k|D) = Zexp Ip(7, k)]

H Ip(i, k) B AN kI, SRR MAIMBAEE i &~ MCMC FEA
B Ip H. HTERDN p(\, ¢|D), EILXFrE MCMC PR
FHE (N, ¢) WM ET . ﬁﬁxﬁ:ﬁﬂm, AT LA G305 K ()5
B0 AT : D)

q

kD) = —/———M——
PP = Gy
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Softmax FRZY

N TS p(k|D), Stan €T —HEREL Softmax.
&« A M 4k simplex & (T2 EZMET D, &N

softmax(z) = ;Xpi
Zizl eXp(xi)
AR,
M
log softmax(z) =y — logz exp(yi)
i=1

=y — log_sum_exp(y)
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PN K H9 Stan A4S

HFEAE Stan BRARAD A& 538 0— 1 generated quantities #&bk, Binf
LIS R 556504 p(k|D) B MCMC FEA
generated quantities {
int<lower=1,upper=T> switchpoint;
switchpoint = categorical_rng(softmax(1lp));
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s — N EIEIER

data(afghan.deaths)

D <- afghan.deaths

T <- length(D)

al e <- 1

be_e <- 0.2

al_1 <- 4

be 1 <- 0.4

data <- 1list(T=T, D=D, al_e=al_e, be_e=be_e,
al_1=al_1, be_l=be_1)
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M5 56 53 A HH 3 B A

fit <- stan(
file = "ch6_cp_model.stan", #Stan program
data = data, #named list of data

chains = 4, #number of Markov chains

warmup = 2000, #number of warmup iterations per chain
iter = 5000, #total number of iterations per chain
cores = 4, #number of cores (could use one per chain)

refresh = 0  #no progress shown

)
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R 6 MCMC WsihE J 25 H 45

print (fit)
Inference for Stan model: changepoint_model.
4 chains, each with iter=5000; warmup=2000; thin=1;

post-warmup draws per chain=3000, total post-warmup draws=

mean se_mean sd 2.5% 25% 50%
e 4.90 0.00 0.34 4.26 4.66 4.90
1 11.83 0.01 1.09 9.78 11.08 11.80
1p[1] -301.54 0.25 26.70 -360.74 -317.91 -299.40
1pl[2] =297 2% 0229 2E.0% =33d.T% =313.09 =2%5.17
1p[3] -294.72 0.24 25.26 -350.84 -310.16 -292.70
1p[51] -238.25 0.05 5.73 -250.82 -241.84 -237.73
1p[52] -234.84 0.05 5.49 -247.02 -238.19 -234.24
switchpoint 42.83 0.00 0.41 42.00 43.00 43.00
1p -185.77 0.01 1.01 -188.44 -186.18 -185.44

Samples were drawn using NUTS(diag e) at Sun Mar 17 22:29:

For each parameter, n_eff is a crude measure of effective
and Rhat is the potential scale reduction factor on split
convergence, Rhat=1).

Wang Shujia (Shenzhen University) Bayesian Statistics

12000.
75% g7.
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chains (at

5%
61
09
64
78
37

65
93

18

n_eff Rhat
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oA H AR

stan_ac(fit, pars=c("e", "I"))

1.00

< o
13 ~
=} a

Avg. autocorrelation
§
(5}

0.00

Lag
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et AL T

=1
{r}
print(fit, pars=c("switchpoint™))

Inference for Stan model: ch6_cp_model.
4 chains, each with iter=5000; warmup=2000; thin=1;
post-warmup draws per chain=3000, total post-warmup draws=12000.

mean se_mean sd 2. 2 97.5% n_eff Rhat
switchpoint 42.83 0 0.4 42 ¢ : : 43 11863 1

SampTles were drawn using NUTS(diag_e) at wWed Mar 20 23:27:04 2019.

For each parameter, n_eff 1is a crude measure of effective sample size,
and Rhat is the potential scale reduction factor on split chains (at
convergence, Rhat=1).
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Outline

@ #1455 (Change Point) H7ffy D11 fity 1

o Hffu fUIAYIY Gibbs iR A5 5E N H
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REAERT & TR T N 3 e A A

o HHIMYE: Dy, Dy, ..., D\ ~ Pois(\)
o JEMA¥HE: Dyi1, Dita,- .., D¢ ~ Pois(¢)

S o ARk :

A ~ gammal(c, 3)

¢ ~ gamma(y, 6)
k ~ discrete uniform on {1,2,...,n}

o i 40 NMME N 4.95, J5 12 MY N 10.66
o a=1,=027v=4,§=04
o Gibbs 7 B4 S H 2 f5 56 43 A
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Fe e B TS AT A A e B o A
R A1

p(A; @, klz) oc L(X, ¢, klz)m(A)m

gt L ] e e

X )\O‘+Zz 1751_1 —(B+k) >\¢7+Z —k+1Ti— _(5+n_k)¢

WA JG 84y A (full conditionals):

k
A, k ~ gamma(a + Z xi, B+ k)
i=1

@A, k ~ gammal(y + Z zi, 0 +n — k)
i=k+1
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Fe e L) 2 R B o3 A
b B4

[ Ne—A n i_—¢

sl o0 = |1 ;][II¢;]
[.n ¢$ie*¢ a A Z?:N”i
[

= h(z, ¢)L(z|k)
EAmEE kR, DEESARECN kAR S, SRR
p(k) =1/n, XHMERE— k*, R4 DI E 2,
E*)p(k*
e = L)

2t M, @) L(z|l)p(l)
_ L(=[k)

Zl 1 L(z|l)
LG TREIOERA, kTE {1,2,...,n} FHUERIMER.
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Gibbs Sampler Algorithm

0 4Ehi: 00 = (A0, 40 k)
@ kUHE 00 = (\D), o) kD).

L(i—1)
AD ~ gamma(o + Z xy, B+ kD)
=1
¢~ gamma(y + Z 21,6 +n— kD)
I=k(E=1 41
for (jinl:n)
i Z{:l Ty
pj = eIV A) <A(.)>
(@)
(4) Dj
p;” = n
! D=1 P
KO = sample(1 : n, size = 1, prob = (pgl), - ,pg)))
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A B Gibbs 1 RHMAE T R BRIZL

gibss.cp <- function(theta.matrix,y,a,b,g,d) {
n <- length(y)
k.prob <- rep(0,times=n)
for (i in 2:nrow(theta.matrix)) {
lambda <- rgamma(l,a+sum(y[1:theta.matrix[(i-1),31]1),
b+theta.matrix[(i-1),3])
phi <- rgamma(1l,g+sum(y[theta.matrix[(i-1),3]:n]),
d+n-theta.matrix[(i-1),3])
for (j in 1:n) {
k.prob[j] <- exp(j*(phi-lambda))*(lambda/phi) “sum(y[1:j])
}
k.prob <- k.prob/sum(k.prob)
k <- sample(l:n,size=1,prob=k.prob)
theta.matrix[i,]<-c(lambda,phi,k) #storing the set of parameters
}

return(theta.matrix)

3
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e iR Gibbs JHIFERY R AXAS (52

library(BaM)

data(afghan.deaths)

y <- afghan.deaths

my.alpha <- 1; my.beta <- 0.2

my.gamma <- 4; my.delta <- 0.4

tot.draws <- 2000 # Total number of samples

# initial values for (lambda, phi, k)

init.param.values <- c(5.95, 10.66, 40)

init.theta.matrix <- matrix(0, nrow=tot.draws, ncol=3)

init.theta.matrix <- rbind(init.param.values,init.theta.matrix)

my.Gibbs.samples <- gibss.cp(init.theta.matrix, y=y,a=my.alpha,
b=my.beta, g=my.gamma, d=my.delta)

# remove first 1000 sampled values as "burn-in":

my.post <- my.Gibbs.samples[-(1:1000),]
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Fe i Gibbs AR R AURY: 81745

> summary (my.post)

Vi V2 V3
Min. :3.573 Min. : 8.073 Min. :39.00
1st Qu.:4.650 1st Qu.:11.464 1st Qu.:42.00
Median :4.873 Median :12.201 Median :42.00
Mean :4.882 Mean :12.224 Mean :41.85
3rd Qu.:5.106 3rd Qu.:12.964 3rd Qu.:42.00
Max. :6.321 Max. :16.983 Max. :44.00

# Posterior medians for lambda, phi and k
> apply(my.post,2,median)
[1] 4.872718 12.201327 42.000000
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Fe B Gibbs AR R AURY: BT
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25 R

WinBUGS Model:

lambda; phi; changeyear
4.89; 11.85; 42.33
Stan Model:

4.90; 11.83; 42.83

Gibbs Sampler:
4.90; 12.37; 41.86
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© WinBUGS iz

© RStan i2H]

© 445 (Change Point) A1) UL i1
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Bl 1 A A ]

BEXIBI 1 VA AR i R
Q S UMy
Q@ S XN Stan fRFY, JZH Rstan HEATRME, FHIGUFUSCSITE;
Q HREIHCN t 70Aii, HEHIZAT RStan I LLELEITER
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