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1 �o´ MC

3��dÚO©Û¥§��ÚO�.���¹n�Ü©§Äk´k�©

Ù π(θ)§Ùg´��©Ù£½ö¡q,¼ê¤p(x|θ)§Ù¥� x ´��§θ ´�

�O�ëê§��´��VÇ©Ù π(θ|x)"ùnÜ©ÏL��d½néX3�

åµ

π(θ|x) =
π(θ)p(x|θ)∫

Θ π(θ)p(x|θ)dθ
∝ π(θ)p(x|θ)

@o·�ÒU�� θ 3�g��¼êe���d�O�

θ̂ =
∫

Θ
θπ(θ|x)dθ

=

∫
Θ θπ(θ)p(x|θ)dθ∫
Θ π(θ)p(x|θ)dθ

.

½öéu θ �¼ê g(θ) ���d�O�

ĝ(θ) =
∫

Θ
g(θ)π(θ|x)dθ

=

∫
Θ g(θ)π(θ)p(x|θ)dθ∫

Θ π(θ)p(x|θ)dθ
.

�´���þ¡�ù
�O�§ÒI�O�þ¡ªf¥�È©§�ù
È©Ï

~´éJ��äNL�ª�"3�Ø�w«L�ª��¹e§XJëê��ê

Øp§��±ÏLê�È©�{�ê�O�§,
3ëê�Ýé��§ê�È

©�{�éJ¢y§ù��ÿÒI� MC �{D� MCMC �{Ñê
"

Þ�vf§'X·��O� g(θ) ��O§nØþ·�´�ÏLeª5O�

�µ

ĝ(θ) =
∫

Θ
g(θ)π(θ|x)dθ (1)

ù��O�Ò´ g(θ) ���þ� E(g(θ)|x)§XJþ¡�È©¦ØÑ5§·�

��±^e¡��{5¦Cq�µ

ḡ(θ) =
1

m

m∑
i=1

g(θ(i)) (2)

Ù¥§θ(i)´l θ���©Ù π(θ|x)pÄ����§XJù
��Ñ´Õá�§

@od�ê½Æ§���þ� ḡ(θ) �VÇÂñ� g(θ) ���þ� E(g(θ)|x)"

Ïd§����Ä�v
õ§·��±��?¿¤I�°Ý"ù«�{Ò¡

� Monte Carlo �O"8c§MC �{®²¤�
��dÚO©Û¥��~^

�Cq�{"

3



2 2\�� MC

·�w�§3 MC �{¥k���¦§@Ò´Ä����Ñ�¦´Õá

�§�´3�
¯K¥§l π(θ|x) ¥Ä�Õá��´�~(J�"ù�Ò�

� MCMC �{Ñê
§MCMC �{�Ä�g´Ò´�,ØUl π(θ|x) Ä�

Õá��§�´�±�O�«üÑ§Ä��X���Õá/��01§ù
�

�Uäk�
�~Ð�5�§§��l π(θ|x) Ä��Õá���5�´��

�§@oÒ�±UY^þ¡� MC �{CqO�
"±þ�OüÑ�L§Ò

´ MCMC �{¥1�� MC ¤��¯�"

¤±o(å52`�H§MCMC �{Ò´§�
3Ã{Ä�Õá����

¹eUY�¯/¦^ Monte Carlo �{§I��O��üÑÄ��
�Õá�

/��0§ù
��Ù¢Ò´ Markov Chain§§�äkÐ�5���Õá�

�kÓ���^§,�Ò�±^ù
���OÕá��UY^ Monte Carlo �

{"

3 ��o MCMC �±

MCMC�{�OüÑl π(θ|x)Ä��X���¿Ø´�¿Ä��§Ä��

��ó {θ(0), θ(1), θ(2)...} �U
¦^§´I�ù�ó÷véõ^��"ù
^�
�)ê¼5!²­5!�~�5!Ø��5!�±Ï5!H{5"ù
^��

½ÂÚ5��ë���Öj§ùpÒØKã
"�Ä����ó÷vþ¡ù


^��§e¡��
½nlnØþ�y
 MCMC �{��(5§4�[�±

�%�ÿ/^"

½½½nnn 3.1 � θ(t), t ≥ 0 ´�Ø����±Ï�ê¼ó§π ´Ù²­©Ù§π0 ´

ÙÐ©©Ù§Kkµ

πt → π, t→∞. (3)

Ù¥§πt ´ê¼ó3�� t �>S©Ù"

ù�½nL²§�ê¼ó$1¿©���m�§θ(t) �©ÙCq� π"�,�k

éõÙ§�½n�å�y
 MCMC �{�nØ�(5§ùpÒØõ`
§a

,��Öö�w��Ö"

1î�5ùù�X���´,«�ÅL§3�
G�e��
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±þÒ´`3 MCMC �{¥§·�I��OüÑ�E��±��©

Ù π(θ|x) �²­©Ù�ê¼ó§�,��mØ´Õá�§�4§$1v
��

�m�2�ù�ó��§Ò�±Cq��Õá�^
"

4 MCMC æ�{� Gibbs æ�

Gibbs æ��@d Geman JÑ§¿^u Gibbs �f:©Ù§dd�

¶"Gibbs æ�Ï~A^u8I©Ù´õ��|Ü"e¡±�?{ü��ª`

²eù��{��n§b�ëêÒ´ 2 ��Ð
§θ = (θ1, θ2)§Gibbs æ�|^

��ëê�÷^�©ÙS�æ��Ú½Xeµ

- �½ θ1 �Ð©�¶

- l π(θ2|θ(t)
1 ,x) ¥æ� θ

(t+1)
2 ¶

- l π(θ1|θ(t+1)
2 ,x) ¥æ� θ

(t+1)
1 .

­E�¡�üÚÒ�±���� θ(t) = (θ
(t)
1 , θ

(t)
2 ) �ê¼ó§�ù�ê¼ó��

²­G��Ù�Ò�±À�léÜ©Ù π((θ1, θ2)|x) ¥���Õá��"

Ð
§þ¡Ä�þÒ£ã�Ù
 Gibbs æ��Ä�g�"�u�o´ëê

�÷^���©Ù§·ú�ÒØ�w¤>���©Ùj"ØL\ATé¯ÒJ

¯§XJ,�ëê�÷^�©Ù�´Ø�N´æ�qTNo�Qº��5`Ì

�k±eA«)û�Yµ

- XJ÷^���©Ù÷véêþà�§K�±^ Gilks Ú Wild JÑ�g

·AáýÄ��{?1Ä�§�ÇÛp"

- Metropolis-Hastings �{"

- ÏLÚ\9ÏCþ§
©��©Ù¥E,��§¦�9ÏCþ��.ëê

�÷^���©ÙC�N´Ä�§ù¢Sþ´�«ëê�m*¿��{"

- �¡Ä�(Slice Sampling)§ù´,�«ëê�m*¿��{"

þ¡ù
�Y¥k
´éE,�§'X�¡æ�"ùp·��z�{ü�


)e§Ï�ù
{ü��{®²�±)ûý�Ü©¯K
"
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5 MCMC æ�{� Metropolis-Hastings �{

Metropolis-Hastings�{£{¡MH�{½öMHæ�{¤§�kdMetropo-

lis �<JÑ§�d Hastings ?1í2"þ�!ù� Gibbs æ�{Ù¢´�«A

Ï� MH æ�{§e¡20�n«AÏq~^� MH æ�{µMetropolis æ�

{!Õá5æ�Ú�ÅiÄ Metropolis æ�{"

MCMC �{�°�Ò´�EÜ·�ê¼ó§¦�Ù²­©ÙÒ´�Ä�

�8I©Ù"3��d©Û¥d8I©ÙÒ´��©Ù π(θ|x)"Ïd MH �{

�Ì�?Ö�Ò´�)÷vþã�¦�ê¼ó θ(t), t = 0, 1, 2, ...§=3�½G

� θ(t) e�)e��G� θ(t+1)"¤k MH �{��EµeXeµ

- �EÜ·�ïÆ©Ù£proposal distribution§q¡a�©Ù§jumping

distribution¤q(·|θ(t));

- l q(·|θ(t)) �)ÿÀ: θ′;

- U�½��ÉVÇ/¤�OK�ä´ÄAT�É θ′"e�É§K θ(t+1) =

θ′§ÄK- θ(t+1) = θ(t).

ïÆ©Ù�À�´ MH �{¢y�'�§nØþ5`§?Û3ëê�mþ

��)Ø���±Ïê¼ó�ïÆ©ÙÑ´�1�§§�¦��)�ê¼ó�

²­©Ù�8IÄ�©Ù§3�©�¤?Ø���S=��©Ù π(θ|x)"�´

3¢S¥§ïÆ©Ù�Ð�¬K� MCMC æ���Ç§§�±��ÏL�É

VÇ���5�N"`
ùoõ§e¡Ò�Ñ MH �{�)ê¼ó�L§µ

1 �EÜ·�ïÆ©Ù q(·|θ(t));

2 l�,�©Ù¥�) θ(0)£Ï~´���½�¤;

3 l q(·|θ(t)) �)ÿÀ: θ′;

4 lþ!©Ù U(0, 1) �) U ;

5 �äµe

U ≤ r(θ(t), θ′)
.
=

π(θ′|x)q(θ(t)|θ′)
π(θ(t)|x)q(θ′|θ(t))

, (4)

K�É θ′§�- θ(t+1) = θ′§ÄK- θ(t+1) = θ(t).

6 t→ t+ 1§£�1 3 Ú­E.
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þã�{��ÉVÇ�

a(θ(t), θ′) = min
(

1,
π(θ′|x)q(θ(t)|θ′)
π(θ(t)|x)q(θ′|θ(t))

)
. (5)

Gibbs æ�´�«AÏ� MH æ�{§Ù¥�z��ÿÀ:Ñ¬��É§

e¡0�A«,	�AÏq~�� MH �{"

5.1 Metropolis æ�

Metropolis æ��ïÆ©Ù´é¡�§=÷v

q(X|Y ) = q(Y |X). (6)

�A��ÉVÇ�

a(θ(t), θ′) = min
(

1,
π(θ′|x)

π(θ(t)|x)

)
. (7)

5.2 �ÅiÄ Metropolis æ�

�ÅiÄ Metropolis æ��ïÆ©Ù�

q(X|Y ) = q(|X − Y |). (8)

¢S¦^��kl q(·) ¥�)��Oþ Z§,��ÿÀ:� θ′ = θ(t) + Z"'

X§l©Ù N(θ(t), σ2)¥�)�ÿÀ: θ′ �L«� θ′ = θ(t) + σZ§Ù¥ Z lI

O��©Ù¥�)§σ2 > 0 ®�2"

5.3 Õá5æ�

Õá5æ�{3�ïÆ©Ù¥¿Ø�6c¡�{¤�§= q(·|θ(t)) = q(·)§ù
���ÉVÇ�

a(θ(t), θ′) = min
(

1,
π(θ′|x)q(θ(t))

π(θ(t)|x)q(θ′)

)
. (9)

2(1)d���5�§��©ÙÏ~Ñäk�Ð���5§Ïd~~ÀJ��©Ù� MH �{

�ïÆ©Ù§Ùþ��þ��G���§
�����û½
¤�ê¼ó3ëê�m| þ�

·Ü§Ý"ÏdïÆ©Ù�Ð�~Édëê�K�"

(2)3�ÅiÄ Metropolis æ�¥§�Oþ������§�Ü©�ÿÀ:¬�áý§���{

��Çé$¶
�Oþ������§A�¤k�ÿÀ:Ñ¬��É§ù�ÿ���óÒA�

´�ÅiÄ"ÏdïÆ©ÙL�½L����Ñ¬���{�Ç�$§Ï~��{´3¢�æ

��i��ÉVÇ§k;[ïÆ�ÉVÇ3[0.15,0.5]«mS�§óäk�Ð�5�"
3(1)�¢yAÛÂñ§ïÆ©Ù��Ü7L'8I©Ù��Ü�þ¶(2)Õá5æ�{N´¢

�§�=3ïÆ©Ù�8I©Ùé�C�Ly�Ð§Ïd3¢S¥é�üÕ¦^"
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6 MCMC Âñ5�ä

Ø+´��� MH æ��{�´AÏ� Gibbs æ��{§ÑI�(½¤�

��ê¼ó®²Âñ
âU¦^æ�����§=I�(½ê¼ó��Âñ�

S��gê£�c��ãó¡� burn-in ��¤"ùÏ~vk���UÚ���

{§3k
¯K¥ê¼ó�Âñ�Ý¬éú§AO´õëê��/¶k
�ÿ

Ï�Ð©:ÀJØ�¬�)JbÂñ5§Ï�ê¼ó�U�\8I©Ù���

ÛÜ| þ"�NþÂñ5�äÌ�küa�{§�´lã/�Ý�ä§�´

lêþþ�ä"

6.1 Âñ5�äã

nØþ§MCMC �{æ����ê¼ó�²­©Ù�Ð©��À�Ã'§

�ê¼ó�Âñ�Ý¬éÐ©:�¯a§Ïd�±^e¡ü«ã/�{5�ä

Âñ5µ

£££1¤¤¤������´́́»»»ããã

ò)��ê¼óUS�gê�ãÒ´ù�ê¼ó���´»ã£trace

plot¤3"lØÓÐ©:�)õ^ê¼ó§ÑxÑ5§����´»ã§XJù


��´»ã3�ã�m�Ñ­½e5¿·3�åÃ{«O§Ò�±@�æ�

®²Âñ
"

£££2¤¤¤HHH{{{þþþ���ããã

MCMC �{�nØÄ:´H{þ�½n§Ïd·��±i�H{þ�´Ä

��Âñ"ò¤)¤�ê¼ó�\Èþ�éS�gê�ãÒ´dó�H{þ�

ã£ergodic mean plot¤"��²­G���H{þ�¬ªu�^Y²���"

Ó�§�±�ØÓ�Ð©:õxA�"

6.2 Âñ5�I

Ì��{Ò´µ£££1¤¤¤MC-ØØØ��� £££2¤¤¤Gelman-Rubin {{{

w�ùp§XJ�´{ü���g�§�O®²éJ÷vÖö�I¦


§¤±�
ØØ�Öö§��[�´�ë��';�Ö7j§cÙ´í�

+(mǎo)�tPk)�5��dÚO61���1ÔÙ/��dO�0§ù�@

´Ï�´Ã§�\fÑ§qk�þ~f�Ïn)§r�í�"
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