
Intro to MCMC



. What is Bayes Stat ?

Statistics about uncertainty of
the parameters given data

.



Y : the observed data
.

a : the parameters ( the values we are interested in )

L ( YIO ) : the likelihood function

( the density function of y given a )

TICO ) : the prior function of 0
.

posteriordistribution.TTy ) =
NO , Y ) =

PC Ylottco )
Pty ptak Ylottco )



• The uncertainty of 0 is measured by

the posterior distribution of 0
.

If we @the posteriorDistributionof 0 ,

We fully specifythe uncertainty of 0
.



1
.

when we know the partial density function

of  the distribution
.

ex )

pk ) x exp { - ¥ } ⇒ NCO ,
l )

pcx ) x exp { '

'¥5 } ⇒ NC 2,2 )

pcx) x exp { - x } ⇒ exp ( 1)



2
.
What if  the density function is Complex ?

ex )
Pax x2e×p{ - ⇒



I.Whatif
 

thedensity$a*#onis
Complex

?
* '

pyx xzexpt  ¥3 ?
We can draw it !

x2exp{ - I }

A- ×
0



3
.

What if the dimension of 0 is greater
than 2 ?

It's impossible to draw the density function
.

4
. Alternatively

,
What if we can generate

a billion Samples from the distribution ?

Problems Solved !
.



.Why do we need MCMC ?

To generate random Samples from

the complex posterior distribution of 0



. What is MCMC ?

Markov Chain Monte Carlo
.

. What is Markov Chain Monte Carlo ?
he
random number

generation
MCMC : random number generation

using Markov Chain
.



. Intuition of MCMC ( Metropolis - Hastings Algorithm)

t÷Ee"



° Intuition of MCMC

f ( x. )

f±pftnne.
Xi

1.
.
Generate Xi based on Xo ; ex ) X ,1x°~N( Xo

,
0.1 )



° Intuition of MCMC

f(xo|¥Kiko...#Xo Xi

1
.
Generate Xi based on Xo ; ex ) X ,1x°~N( Xo

,
0.1 )

2! Can we say X , is from FGD ?

Accept x , or Reject X , ?
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° Intuition of MCMC

f(xo|¥Kiko...#Xo Xi

1
.
Generate Xi based on Xo ; ex ) X ,1x°~N( Xo

,
0.1 )

2; Can we say X , is from FGD ?

Accept x , or Reject X , ?

3
.

If f CxD is large enough Compared to FCXD
, Accept X , !

4. Go to step 'L
. by replacing Xo with Ki

,
if accepted .



• Formal description of Metropolis - Hastings Alg

f (xpfiAn¥€↳, ×

(
proposal dist

.#xo Xi q( x , IX. )3;Eaennerwatesayxjgbghsedgronmss;; ed xilxo -NixAccept xi or Reject x ,?('f §hYH%qYYgY,goX
,

> u
.

3
.

If f CxD is large enough compared to fcxo) , Accept x , ! UNUIH 91 )

4. Go to step 'L
. by replacing Xo with Ki

,
if accepted .



Examples in 2

dimEat,÷oit±:O.



Examples in

2dim⇐%EBMM.it?Hltn#ueo:m



Examples in 2 dim
.

:#i¥£EHI.io#eI:ie:ie:ikiii:iii

Jump to Hi ' '
.
oi ' ' )

.



Examples in 2 dim
.

H⇐IEEH.IE?iIEItnn



Intrinsic Scatter Model
.

Y ;
 = ftp.X.ie ; ,

where E ; ~N( o
, Eta )

for °n = |
,

- ' :

,
h

.

parameter t={ 130,131
,
a }

.

Llyilo ) ~ N( pot pix .

,
Ata )

13 :
~ Cauchy dist ; t÷p÷

02 ~ In - Gamma ( a.
, BD ; @Y%→exp{ - tobs }



Diagnostic of MCMC Chains
.

�1� Trace Plot

⇐ oak

f€ No good



Diagnostic of MCMC Chains
.

�2�

Acceptance Rate
.

Higher Acc rate a good


