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For the glory of God
The finpsrdance o Sompling
© s cleor inkiely Hak we shaukd, get some Somples o Hhe Trletesting o+ Fporonc Yegon
- For evowple, we ma) wonk +o sowple poicke whete Hhe Gausion dichthubion, hos sy highy prabalitile .

ﬂmhwmdw&mp&-h%’ M&%wﬁ#@%mmfshwwos X =[-10,10]

- This coud be beHer Hhon Jush tondowky compling .

- In Hie note. we win dive i 4 couple -P Sampling JechiGues -

Tnvese Hanshrm omping

) Whet & iverse hanslam Sampimg

* Twerce hanshim sonpling s @ bosie melhod, Jor genating comple mumbers of vandom Rom auy probabitiey dishehudon
giien s oumlaiie dihitudion Amekion

b) How dees A work ?

* As we discussed, COF mush be giien, o use He iiweice Hanslim Samping.

* lebus 4ok aw eporentin) Rnckion +o exphin 4 podite ;

1) Caladde Hhe OF Rom PDF

&IL

PFOD = e”* coFoo = | Yekdi =) -e*

2) lehs say Hhad yow wont o kow a5 Hew,

POF
[\ l —/_ ; o we K OOF, we cow Mo & benruse e knaw the Shuchion -

eq. u=o04 whw y=08

2 I we aw aladde Hhe iese COF, Hhen we aw obldin a 1andow sample Pom the dhibudion

3) Caladlhe +he e COF B nerce hanshm sampling.
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w i,
X OOF = 1-e™ x
-2 af A
It L W
° 4 08 |

i leb u=I-e*
2 M= - leg (1)

ez |-w & -N= 109 (1--u)

4) Hee, we head 4o Keep i wind, +hat Hhe verse hanshm sampling Holes it dishitsdion (1) behweew o ond, I

. 3P s ot wnthwn . 7 wand be hovd 4o 9 that x = P
5 The @ bemute unidwm dehthdow fus alweys Same PWL“LT"'%} )egamgsop X.

eqg. P U~ Gousiaw dehibudion

" _)Hu»wwld:ymm‘-dvldmwanix?
l T
w

N y
N

Reseckiow Sompling
o) What s the Rejeckion sampling ?

 Bosally, # s a bocic Jechuigue uced, o generele. cbseriations fom o dehhuben. (e mellicad esperiaily o mul-divenoml dishhdins )
" Suppese ek we wonk 4o sample Nom o dishbcdion Pou) Hhet ' dildiubt o Tupessibie o Sowuple Now clnelly

& Tusleod, leb's soy Hek we have o Sipler dehthudion §oe) Bowm wiich samping s ey .

The Wlow Lehimd, \efeckon sompling s Jo sample flom 4ou) and apphy sowe heTeckion /atseplance CileTen Such, Het

Hhe sanples thak ate aceepled, ate dwhithded, accordiig 4o poo) .

b) How doss # wotk ?
- To begit with, leb's assume ot e know Hhe piobubititey densihy Nuckion (POF) o pou) 5 bk s had, 4o somple

olﬁec«lld Dom de dehhdon.
Papeal. dchbdion whee s ey +o cample

5 whae 400 =
Mq(x)
P00 = Horgel pobalitly densrlyy Ruchin. where s st 4o cample
M = consland uced, B releckion sompling

- 400 musk aver /eniclope pcy dichibubion. (ThEs 7 why Mgov i oflew called, Jhe envelope dhiibudion )
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- This 7 generally dowe by Checsing o, conslack M > 1 such het Mgoo) > Fo) B att x
* letus walk Ahagh He pesadue ;
- Gererale o, somple X Do the poposal dishbudion §0x)

i lebs 929 we want 4o kww Xo whee PO hos B.

- Geerdde & To:1) andiim random wumber (behweon 0 and iAg00)

- Check whelher o not W < POO/Mgx)

pex)
Mgon’

P ow< acgph Hhe poud 0s a. somple
id‘, W> PoO/ugoo) , tesek them
5 Ths Yepesacks 5 o the 1ako & close do cne, P musk hove & large amouck o piobabitrey mass, creund x
iwhmrsmu. PO has tow prokalitiey moss atound, X
5 o be moe spacilie,
1) Sample the Xo Nom +he proposal dihitudTon

2) Gerede W mvdmb behweew o and Mqoe)

POV
3) Cheek Hhe adeon f Aazpk-dhe Mo F U < gy
x lh’ed-ﬂ-e)(.a\sasomplehpa):ﬂu<‘%

4) Ty with He ved sample pradk (6, )

- By repenting +he process R ail 1, Hhe 1efection sovping wouds provie He dhrludbiow by Hhe somple pods ;

I;_./ \\.I
fA 5 The duhhdion i qereded by Samples anddeded by 1exclion sompiing
P p(x)
A D
B X
¢) Adgplane prokoliirley
- The aceplmee proboliitily % defned, a5 Rllowiing 3
= poO .
p (aeph) J.(M‘”) qo) du m fp(x).b«, L
poo
. «—
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- The oeplance pikalstlyy T Twere poporind +o Hhe axshact 4.
- The mens Jhot we way veed 4o deliie the U os Swall o5 pusible T odet+o maiwie Hhe aceplance probabitFuy .

- T yow gel ey hgh, eTedan wade .
= Yow may weed 4o chawe edher M o Hhe poposal. dishThabon

Gitbs sompling
a) What s +he Gibbs samplig ?
- Grtks sampling wos proposed T -Hhe ety 14905 .
- The Gitks Sawping Wi cvgue ity Hhe e of Mlehopoit Hockngs algpriihm o e Jine
- The Grbbs sompling propeseds 4o use ouly & doiged probalatte) i - s gitew T order o Sample petisks.
- The MM algoethm handles both @ Horget and poposal dizhihidions  wherens. e Grbbs sampliig ouly ses @ Jeiget.
= Tor M Yeosow, Hee Grbbs Sampling s onsiied, as 2 Special case o Mehopulis - Haskigs .
" Giths Somplig &5 o MCUC algoist Hhat tepertedhy somples Pom condrimal dzshibedion o one unviable of
Hhe dorget dichtluTow P, giiew al of- Hhe ober varables.
b) Wy Grbbs sampiig ?
- Evew Hhough, the AIH algorthm works well 4o sample posds Nom o dngel diehbudiow,
- The A algoithn tequiies @ phoposal dishbution,
- The AH olgorethm il vot work well o ligh - diwensionel. Cases

" The Gibbs Sampling s Vew| athackie bemuse & could, Sample/ handle Hhe High - dimensina) aes.

* While 4he UH olgorethm erther ocepls o Vedeok Hhe peidk bosed on CHlera , Hhe Grbbs Sumpiing always
agepls the peidt as ove of somple povichs
- For s veoson, Hhe azeplne polalitrly o Gitks sampling 7 always Ggual o ore.
"~ Erew thagh we acepls ail he fine . s ok Lemwse we aie ot +o burw e poids Nom the Legining.
¢ How does 7 work ?
I ordet 4o undershand, & podure, ek us dake aw exomple of Grbbs Sampling with, Hhiee Uatables . P(2%.2s)

o begiv with, we need, 4o make sure Hedk e dishbidiow has +o be o Fll condiionad. Jouck prokolitiy
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)

- he 1ol onditionel lAsualﬁ arees i e coned "P MCHC o Gbbs Sompling .
- Essevrhl/ﬂ.  onditiont @ Bayestan am@sfs s ﬂene\-n/@-‘heall—slh o .,F porameler § = (61,62, > Bic)

gien He dakw = (9. Ya, =~ ) a8 fbllowing ;
P80 021 Bic| Yoo Yar o Yo )

- Houever, whew we Sowple R porizular polamelers i Hhe Gitks Sampling, we consider e dishituckow o folaus 5

PLO5| BirBarOKsYirYar=S)

g, +he procedure T as Potlaws 5
V) Grien ull Goick probobitrhy P (222, 22)
2) Sawple 2, ~ p(2:|24% 2%) > oblow & vae of 2
2) Somple 2o ~ p (22|27, 24%) S obkim o valie of 2%

4) Sawple 23 ~ P(Z) 2™, 2M) > bl o valie f 2

‘The&e.%ﬂﬂkwdufwwwﬂlooklﬂe;

4) Bemple ond demo o Giths sampliig
1) Bumple
" Lebs sy ok Here s o dibuion P(2122:25) oter Hhee Uariables .
- Suppose et we wank-+o Sample owe peiick Pom the dishihudiow Usig e Gbbs Sawpliing
+ The Priek slep = 4o select @ ok tandomby sucky as 2° = (2%, 2.°, 2.°)
~ Nedt, Slating Nom e Tirkal poct, we ave qeiig +o omple & hew posd 2'= (2., %', 2 )
* How o 2 Leks dake & look He Sleps as below 3
- Reploce 2,° by new value 2,' obloined by Sampimg Dom P (2'12.°2,°)
- Replace 2.° by vew value 2. obloined, by Sowpling Bom P(2:'12/',25°)
- Replace 25° by hew valve 2;' oblaimed, by sampiieg hom P (2! ' 2')
* Fivolly, we cauld okl 2' = (2'2.),23') 5 whith T cnsidered 0s one B Somple pods.

© We oe g o \epent Hhe plocss il Hhe Uakoy Ao s convaged. o e Sletonary Slabis -
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&> Thow. We @i buiw Hhe sowple poids hom Hhe by suck 0s 2°, whidy T nof o ample poiek anjwiske
Jfas posstble bosed ow -the chotader@iic of Morkov v Hhek Hhe evedk 7 ouly
dependack ow Hhe preins ove
2) Demo (Hom el )

Lok us Hoke aw example with wo - dimensinal Gaussiw dishilidion as below 3

7.5
5.0 5 Bow T i T 2D, note et ihs possible B Grbbs 4o handle Iighet din.
;2.5
0.0 plence vole Hdk 3
0.0 25 5.0 7.5 .
X1 the PoTAA’ 13 WP‘QJI Ly CDVIST&H_Hj P()(| | ){J.n)

* lebs Su that our Wil pondk & (XuXe) = (0,0) . Leks walk Hhiogh how +o sample the Mish pasict.

75 10} 75 () > ® o3 ®
5.0 5.0 A ATQMWW 5.0 W"JMB ‘S‘mw 5.0
= @S’ Fred whew =0 He ok
25 25 25
N )
00 @ Invial po 0.0 00
0.0 25 5.0 7.5 0.0 25 5.0 7.5 - == 0o 25 5.0 75
75 ® 75 ® 75
5o 5.0 ! 5.0 whew %5 =0 Poeed;
25 25 N 25 W dehibdiow Wy ook ke Hhek
00 - : 00 - = 0ol - ! beone of He giiew dehihdion ®
0.0 2.5@ ‘)sg‘e‘br.s 0.0 2}:.)(I 5.0 75 0.0 “x, 50 75

: Hhe process, Hhew we wi get
p
7.5 7.5

5.0 5.0
- -

2.5 P “er 25 . ‘:_.; i
e . o 0.0 -\_/‘/7

0.0 25 5.0 75

Xy
¢

u)emgwm#%w#mf'.’
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