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This course focuses on the concepts of (1)Markov chain Monte Carlo
(MCMC) Convergence Diagostics: A comparative Review. (2) Discussion on
the Gibbs Sampler and Other MCMC Methods. (3) Bayesian Computation via
the Gibbs Sampler and Related MCMC Methods.




ARAAKFIHRE RS T AL AL

-~ P EREBGER
(=) Tz (Cogmtlve M HCA l 2 ~C2 Bfz2~C3 &* ~C4 ~ 47~
Co #=#~C6 £l
¥ Pl #7 ~P2 8 E B P3 B HEIE
P4 B33 it ~PH pd it ~P6 £]iF
Al £ ~A2 F B ~A3 £4R - A4 R
5 pit ~ A6 7B

(=) "t ; (Psychomotor # #EP)AR

(=2) "HR , (Affective f§ FA)AR S

REPERe TpEEE ) ~ THA LKA | 2
() FAMgA RS P EA BT T, ~ THR & THRL ) 98 P k%

gﬁi:ﬁﬁ?pﬁi Wi 4tEC-P~AH P - 5 o

(COFHE"P A % F1~62 F P WIS E B /é] BT (blde t iuw TP A &
HEFC3I-CH~CoxpF» 2 ZHEANCOTF » iy &2 F‘ PRk sTk) -
(z)E IK%“T’T* Jﬁ?{? AR S T r?iéj‘ S HEAREPREHE T
AAhARA 3 5HEPESRTVESNNIE TEAAANS | (blde: THEAHAA54 |F
¥ &A ~ AD ~ BEFRF » RI3B3 5))
B , . ) . AP B
piR(? = piR(E~
: KEPRC ) P RGE) TYNir [
1|2 % f£ 7 #AMarkov chain Monte | Students are able to C4 ABCDEF
Carlo (MCMC)7 /%, the Gibbs understand the concepts of
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1 | 09/13 | Stochastic Simulation 1.2 , 1.3
2 | 09/20 | Stochastic Simulation 1.3, 1.4
3 | 09/27 | Stochastic Simulation 1.5, Bayesian Inference 2.2
4 | 10/04 | Bayesian Inference 2.2, 2.3




5 | 10/11 | Bayesian Inference 2.4, 2.5
6 | 10/18 | Bayesian Inference 2.5,
7 | 10/25 | Approximate Methods of Inference 3.2
8 | 11/01 | Approximate Methods of Inference 3.3
9 | 11/08 | Approximate Methods of Inference 3.4
10 | 11/15 | Approximate Methods of Inference 3.5
11 | 11/22 | Markov Chains 4.2
12 | 11/29 | Markov Chains 4.3
13 | 12/06 | Markov Chains 4.4
14 | 12/13 | Markov Chains 4.5
15 | 12/20 | Markov Chains 4.6
16 | 12/27 | Markov Chains 4.7
17 | 01/03 | Markov Chains 4.8
18 | 01/10 | Markov Chains 4.9
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Markov Chain Monte Carlo: Stochastic Simulation for Bayesian Inference,
¥ kA Second Edition (Chapman & Hall/CRC Texts in Statistical Science) by Dani

Gamerman, Dani Gamerman, Hedibert F. Lopes
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Related Books and papers in MCMC methods

Fregiv ¥ e T kR B Bl s A > o
e b (AP % P TR O (TR 2 SR RFFHLR)
L L SR ENOY % @Y F AL IR 2N %
SR YE LTS 9%
P x

&L (K4E) 1000 %




% % %y ! http://info.ais. tku. edu. tw/csp & 9 KirAe

r %g;’l-% * ’g L
% x AR (%3 : http://www. acad. tku. edu. tw/index. asp/) ##+Fn " &®E 4
v - F L AT A
K2 B EniTE o ‘:‘?’Lfé * ggﬁﬁsl%— » p R W A FiE o 1Y é'uﬁﬂy‘é .
¥ 48 /24 F 2010/9/20  13:51:37

TSMXD1S0762B1A




