nqumsnaaule (Decision Theory)

8.1 UNU

nﬂﬁé’nﬁuﬁamsmqnaLhovlai'hﬁmﬂumm:é‘usﬁ’usﬁaumn v ulasems
oama wIaudualumssiniiauuuiou 9 o 9 wasrauLn Heudunsnnau
X (Y @ A ' o & | P o o [ PPy
mmmmamﬂrymmmmaulmw:mmumsama‘lmw:gnmaa m'mg}nﬂaaluwu
En F-y = -} ] d‘ v o 0'4
m'ﬂzwuﬂ'lumaqsnﬂnﬂa msmanmam:"l,mm‘hgaq@uuma

a- o d‘ Q s 1 1 & -] r-} WA ]
Iﬂ&iﬂﬂ@]umﬂ’ﬁﬂ%ﬂ’]mﬂﬂ’liEJEJ’Nv[iEJU’NWHG&JT]%&lLL%’m’NlWﬂE}ﬂﬂgﬁﬂ‘WE}
o 1} o ~ = A 5 1 Q 1 1

e ABmaRaniazauiivmimaladfiiuegiugifandazeiamaasazifan
ma'l@ﬁa:%‘uﬁ’umgmnﬂﬁﬁm'ﬁ@ﬁuhamﬂm XN mwmmriauﬁa:mﬁmww:ﬂgﬂ
3 v A A 1 a Qe [ d' L7 L | :
na:mmmﬂu'l,ﬁl'nw'mnﬂzt,m:ﬂQna:‘lm thipwannazdasinaniwwugmluns
dafulafe

1. FNWEURIIPE LU

2. IIATOINANAN PN BINE1 LTIuaU

-2 B w : AI L7y 1 £% - a a a r-}

lumsanwlusuduiine Wi nmsgdsaspenImuRsaTnafe
TadolwIoswasuSanmieuluggmamizygniu
o 1 -9 .; 3 3 1 [ ‘ﬁ
ARUAIT UTNIHUINY (6) 0193LNAAUNDY 2 FTALND
: ¥
8, HuANIUUIUE ARANGNIAUN
-3 v

9, USunuHuanuasuIn

(L%'Uﬂ 6 7 State of Nature)

14A9zRaNAUAUMT (Action) BAUNWATNT Tay 2 Mshe
A g A [ = :‘
a, Ugneay (Tanmznudiunmuduneaaunis)
a, Ugndzra (TamunzduyTunasindulen)
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RIVTWMUNLITY State of Nature WA Action 3LUTTNIA AN
07 6 = 6, LNWATNIAITILRON a, e )

81§ = 6, LNBATNTAITIZAREN a, T, @)

]
1 1

o - i [ = A A ol 1
NMINALRINIUUURLUN 1 WIah 2 SJQ'ﬂﬁﬁiﬂE]%m’ﬂ LTW\ISJE"TSJ'WIW]T]U
W A = X Qe 3‘, IJ i L
vL@l'T] 'luamm g, BI8 .6, NATU AIUU ﬁ’]LﬂH@?ﬂ‘iLaﬁﬂ Action ‘Yl‘hlﬂi\‘ml.l

] [

A a A a = A da & @a
State of Nature NILNAYU HRLRYRIYNITATNUN NﬂLﬂUﬂ']UﬂLﬂ@]?Juﬂ:l’ﬂﬂ’]'T] loss

d A A R o ,
Lmedm:wmsm’l@ia"lﬂmmumrm:gaﬂﬂﬂ‘igdg@ (Maximize profit)

' 1 d‘ | a we o . .
L57ﬁJ:gulumum%:ammmumulwmﬂq@tmu (Minnimize loss)

@087 loss table Aig3i1siundaglumsfinsasnsazRonuumisiag
J ¥ & s :5 | s Qw (g i G
W1zUgn Auad loss ﬁ):'lmﬂummwnwmnmuﬂgnuanumzwmﬂmwmﬂua’mty
i andadnesvaain aawela gay 1uau (lesunfienfiazldiaswiunauiu
AINATY 9 97 Ultility

A ) ad e ) & ) A o § WA W
ﬂjiﬂ%Laﬂﬂvlllﬁ')&njﬂﬂﬁ]:E State of Nature ’J’Iﬁ]:LiJuL"ﬂuvli Q\?ﬂqlﬂﬁmﬂﬂﬂﬂﬂ

[ 4 LY

o
AT aentutiioe

LY ] = A’ =t )
NTRY8IR18E19 B wRan a, WAL 0, LA loss 9067 0
=] -9 Z - B
O WRan a, WAL 6, LAATU loss 92 Ten 2
L = r=3 .&’ 1
DILRAN a, WA 6, LAY loss ATHAN 3

vooA a & ol
DN a, AT 8, LAATU loss ISUA 1

[ a A o ) - = A A
tuaziadaemanmyzesmItosriumsgayiennige launisfetoen
d' A Qe g | 1 l: [13 ¥ A ﬂ. 1 0‘ d‘ 1 d'
wwImaduaasnaealuil “1%ifan Action fif loss ifigaanuTIamigie
v '
YIWAH I loss b437 State of Nature 2si1/Asuuaslthgula (Minimax Criterior)”
= &) D aw g ] )
- Wowdugzduuuldasfifio Min of Max 1(a;6) 89431 Minimize of Maximum

losses
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AITWUIIINAIIUTTNBY

e -
a 6, 0, Max 1(a;6) Min of Max 1((a;9)
a; 0 2 2
2
a, 3 1 3

o 3 e
AIUULITAITICLNDN a,

= =) A3 1
NMIL88N Action LHELWINIIVEY Minimax Criterion 35538197 Minimax Loss

w1 A o wal ) d oA | e
AIDENA 2 AIWUA b action faziRanay 4 mMa Tuamuz#i3l state of nature

arﬂi 3 N3 ﬁiﬂﬂg‘]@’]‘i’ld loss ﬁ:ﬂﬁ 9491 action Iﬂﬂ%ﬁﬂ"ﬁ"ﬂﬂ@ Minimax Decision

States of nature

max {l(a,, 6]
Actions 6, 0, 6, 2]
a, 4 7 7
a, 5 2 4 @
as 8 6 10 10
a4 3 | 9

min {max {(A,B)]} =3
A '8

o« & o T

F9Hu A9 UVBI action T 1AAB a,

yuuuut 9 ldveanisden action logs

.. . L. &
Minimax Decision N8

ﬁ’mu(ﬂlﬁ}A = { a‘,az,....am} be the class of all posible aclions available 1o the

decision maker

6 = {6.,8,,...,8,} be the class of all states of nature

lia,.A) = the loss from using action a, when the state of nature is 8,
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GENERAL DECISION TABLE

States of nature

Actions 8, 6, ... 6 ... -6,

a, l{a,,8)) i(a,,8;) I(a,,6,) ... Ia,,8,)
a, I(a,,8,) l(a;,8;) ... I(a;,0) ... {a,,8.)
a, l(a,-, 9:) l(a,, 92) ..... I(a,‘, BJ) ..... l(a ,9,,)

a,, l(a...8,) I(a,., 62) N Ka.,8) ... I(a,.,6,)

% & qr ] v [ 73 o Iy ]
PNARNLNUNAINTITI99% L5713z8 T A DU lwnsdssunmen
WITITLAD T A%
[ 4 a ¥ o
A = Action Space Usenauagmnaad (a,,3,,...,4,) mmﬂuvl@nu d(x,X,,...,
X,) Iﬂﬂﬁ d(x,,...,X.) aﬂ Decision ﬁdﬂﬁdﬁﬁﬂﬂ’h Strategy
N x,,.x, WOINMITFUEIBNS (FUnnTnaaes)

v
Q.

AIUU A = (di(Xy,. .0 Xy e Dil(X 1y ee 0, X0))

dxon... %) 1 IMWSTU 'uawTaLLU:L%\‘;@;&M%:ﬁﬂﬂﬂs:mmmwwwﬁma{
6 = Parameter Space
@ snaniluriiadeiiasmialuile
EEIL T ﬁmﬂﬂ%uﬁju X UN1IUWINUIILUULNG Ny, 1) State of Nature 1%
dathsiifae o - u
8= {u: - ©<p< oo}
A={i: - o<i<o}.
v .

wqiwmatha X1, Xas. 0 X,

a

oo 7 .. . A’ L jd
ﬁu&gﬂ'ﬂti"lﬂ’i’ld Decision function mum‘lmmuﬂa

di{X1,...,X) = X
X2

It

da(xy,..., %)

d3(xl!--'9xn) = z XIS

W ni o ooa gl = ] ]
WUMVDIUNTTIANOD ISLRDN Decision function lavdszanmen g ANVDY
. . w9 = 1) ade o $ ) 5 R R
Decision function ‘n"lmru.mm’rmmmlmﬂs:mmmmaawqﬁuma‘s (Point estimate) -
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Qs & ad ¢ A 3/ o s
6.2 ﬂﬁﬁﬂﬁu‘l‘iﬂﬂElilﬁﬂﬁ’lli)\imﬂmﬂ‘ﬂﬂﬂiﬂﬂ‘lﬁ)ﬁ‘l—!ﬁlﬂﬂﬁuﬂﬁgu (Bays

Decision Procedure Without Data)

W
v € [ [

@ ] ~ A g 4 1
loss function TFUNAW BMNUIT 1(2:8) %30 1( §:6) nytiliuagivyes many

[

a3n13u7 1Y

TeaBuou a8 99NNUIBATIT 9 V8 loss function KAIIXFUTET Toss
function Yinwifiasny 9 AuermyTaanugpiFefefadulumsauiiunsle g
A : 1 Qe { 1 ]

@aiiuag iunzmafiliuiuau

ﬁ'ﬂwm:ﬁﬁﬁﬁﬁyﬂlﬂd loss function

/

1. 1(a;0) 1u real valued non-negative function'

2. MDY 1(a;0) 11w 0 WFAITIN a 104 Action figneins®/

TeeBpaluwIadva9 loss function FTWLNRINTMANITANMIBANN LI
2 WInfa
1. Avoidable loss

2. Unavoidable loss

= - [ dl. vV oo /1 ag
A TNdadranalreiue lednau

P
717N 1

Action

State of Nature ——
. Increase rate  Usual rate Reduced rate

6, Prosperity - :11 T~ 3 5
8, S tability 30 Tl el 3
8, Recession 7 4 R B

qr A 13 Al ' A ﬂli & Q .
1 wiiRauadusaulian 1(a;8) 1udaule Seiuffe 1113 (profit)
2 lunadgymAtiTesuas Avoidable loss Linafgatosdad 2 erafouutasle
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NI LG

37 state of Nature 3ziTwtula)

Avoidable loss 81431 Action 10 9 Aazliawindy 1 (Bafnazsunsomsule

b2 o 1
G Avoidable loss 8 TUIUGI88190 88 Loss MAAINN Lenorance of the

State of Nature

A = d‘ d. = L d’ W At .
iwaLun sEuINaziian Action loudn iAo T895U Avoidable loss 457,

SYA T regret (Opportunity loss) tWa I T TMUUINIS UM 1887 Action LN loss function

k4 V1
8374 regret table 1631

Action
State of Nature ——
a, d; as
6, \KO\-“\\ 2 4
8, 2 \\“‘\\O\\*\\\ 2
93 6 3 \\"xx\ B

o~ - )
Lﬂmmsnmzﬂ‘s:qnﬁmﬁm Action Iﬂ&l‘?g Minimax loss ¥4 Minimax

W
regret WNW e

I@U‘ﬁ Minimax regret = Min (Max(a,;5),...,Max(a.;6))
& o o v=
A3IUU Minimax regret ﬁ?“iuﬂtyw'lﬁﬂﬁﬂ Action a,

[

trenazismiuguialyladi

regret function = r(a,#8)

r(a, 8) = la,, 8) — miRl(ak, 8)i=12..,m

1=1,2,..,n

AT state of nature 8,
Tuzeasaiudminslen
l(auej) = m’R [l(aksej)]
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F193U a1 = ¢ eonuazlddn
r@a.,8) = a,0)—-la,0) = 0

mM33: 1507319 loss WIBMN3719 Regret Tt 22 1WRNao LN 71800 action Wufiemng
<A [ A W 2V Q. ) i -:
WAL fumw:mmsmmﬂolug%ﬂﬂul'ﬁmammavlﬂu

LOSS TABLE Regret Table
States of nature States of nature
max {l(a,,9)) "max [I(a,,6)]
Actions 6, 8 8, 6 Actions 8, 8, 6, 8
a, 3 08 1 8 a, o 4 o (@)
a, 9 6 5 9 a; 6 2 4 6
a, 7 4 8 8 a, 4 0 7 7
a, s 5 6 (6 a, 2 1 5 s
min {max [I(A,O)}} =6 min {max [l(A,G)]} =
A 7] A 7}
< o - ) -
Ld8Naction N1 o LBAN action W a,

w s -y <
naaaule laedEmsveaus
(Bays Decision Procedure Without Data)

"Jﬁﬂ'ﬁﬂdﬂ&lﬂ‘ﬂﬂﬂ’]’]&d’lmﬂu’)ﬁﬂﬂﬂﬂﬂﬂ Action ‘[WHWOBQUHW‘LWWH 'ws&"‘ﬂﬁu'la
{Hen Action IQUY\VL&I‘I’IT’)URHHNVH‘ITLW NLAIE State of Nature LRE

L 1 - di ™ [ L. f i J [] 17
MININTNAINT I T 098N Bz 84 State of Nature fiasiududign W
- . v e oa X
88N Action 'lﬂgnﬂaamﬂm

Expected loss

Fuyd7 'w:{ ausumIdeaularananuiiszsitivues prosperity, = stability

[ -

¥
82 recession UFNAB p, = 7,p; = .2 URZ py = .1 AIUWLITIVENIAIVDS Expected loss
w o,
= E (1a:0) laasil
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L
T 2

probability State of Nature Action
p a, a; a,
pp = 0.70 8, i 3 5
p: = 0.20 0. 3 1 3
ps = 0.10 6, 7 4 1
Expected loss 1(a;8) 20 2.7 4.2

ABLIINTTATRITURAAD Expected loss
E(l(@u®) = E(l(c] ))

1(0.70) + 3(0.20) + 7(0.10)
= 2.0

E{(l{a,)) = 27

E{1 (03 ))

4.2

al

= . J1 v s P v & S
a, 1% Action AIIWAN Expected loss ANARBIALI 2.0 anuluTgwmitlisimas
lﬁﬂﬂ Action a,
- '3 .', = [ 1 ol
naninmuaa U lun518an Action louand AN¥89 Expected loss NP8

Minimum éxpected loss = Min(l(a,),...,1(a.)

Expected regret
n13\T Expected regret ﬁLﬁaomnmquaﬁnénumﬁ'ﬁmé’ulm?awaa

o ¥ a
Avoidable loss SIHULT192RON Action 1ae1TWANN17289 Minimum E(r(a;6)) WN4

probability State of Nature Action
P ‘ a; a as

p. = 0.7 8, 0 2 4

p. = 0.2 8, 2 0 2

ps = 0.1 8, 6 3 0
I 1.7 3.2
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o
134N 3

RNITUIINANT1INLH ISHUAN Expected regret BAMNTURUE AU Expected
< N 1 1 W L) 1 ar
loss il LT MIIWAN Expected loss BELED AIWENA1U89 Avoidable loss WNaanan

ANUBY Expected loss WARSANAAZ 1GA Expected regret

(¥ o o 4 ' ) &
et 1 AwualiaI9 loss uazdrvasnudaniueay 9 (prier

distribution of 8) (udeih 2997 action ﬁﬁﬁq@

State of Nature

Aclions a, 6, 8,
a, 4 7 3
a, 5 2 4
as 8 6 10
a, 3 1 9
1

5 8 =0,

. PYB) = P(8=9) = % =8

% 9= 0,

then the expected loss for action a, is

Edi@,0) = 3a,6) + J1a,8) + 1 1(a6)

1 1 1
= 5(4) + 3(7) + (—3(3)
29
6
For actions a,, a,, and a,, the expected losses are
1 1 1
Ell(a:;,8)] = 5(5) + 3(2) + 5(4)

23
-6

1 1 1
5(3) + 5(6) + 5(10)

46
6

Ee[l(abe)]

ST 411 165



Eqll(a., )}

1 ] 1
3® + 30 + ZO

20
6

o 2", R a ) et . 4 LA o |
AJUU action NIZLAD ﬂhl’ﬂﬂi] action a, LWS']:’J’)'lMﬂ‘l E [l{a., 8] aANLTTeN
action D% 9

w 1 d W oA v & & w e

AN 2 lufqumqﬂﬂlﬂ\‘m“\‘]“uﬂﬂadﬂ"ljﬁ):ﬂ\‘lﬁ@?ﬂnﬂuﬂ'u.]'f:mﬂl.ﬂ'sadﬂu

v A - s 4 5 A v a1 o ; o A

HU2 1'3%“@?]'][]1“{]@]““’]'}1’1?:“'“10 ‘ﬂﬂﬂqfa@lﬂﬂﬁuﬂﬂlfﬂzuafﬂf 4 IO UANTITAUNK
1 Qe - A ) W 1 G ~ ;

E]Qﬂ'ﬂﬁ'ﬂ"l“@lu'v:hﬂqﬂqﬂ ‘Ifdﬁl:l;ﬂuﬂ.ljvl@ﬂg 3 IZOU NMIRADNVIULITRINTITO RS

Q- Al - W A ;d
AT loss amuaammnﬁmwmuﬁwmmﬁ vlﬂﬂduﬂﬂ
States of nature

91 61 63
Actions  P(8=6) =} P(®=6) =1 P(6=0) =z El(a.0)]
a, 4 7 3 29/6
a, 5 2 23/6
as 8 6 10 46/6
a, ] 1 9 20/6

20
]

=

min {EJlA01} =

u: 4ld‘=: -
Eﬁu?ﬂﬂ’]\l‘?i 3 AMVIUAAISIY loss AU AW taction ﬂﬂwqﬂiﬂﬂﬁﬁﬂﬂﬂ

Minimax gaq Eg(l(A,Q))

9. 62 93
Action:

volume  Excellent Good ' Poor max [(a,,0)] El(a, 0]
onhand Pg =05 Py =04 Pg =01 48

a,:high -20 -12 6 -6 @

a:med ~16 —16 -8 -8 -15.2
a;low -12 —12 —-12 - 12 -12.0
min {max [l(A,G)]} =@
A 6
min {Ee[l(A,B)} = —15.4
A
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f U311 535989 Minimax 32165090091 action Fazidania a, uednsn

W . W . P P |
1"11 Bays decision ?DZVL@‘J'W action NIZIRENAD a,

agunguasnlumsl¥ Bays decision
(Bays Decision Without Data)

Step 1
Use the prior distribution of € to calculate the expected loss for each action
a, withi = 1,2, ..., m. That is, let
: n .
Ella. 6)] = Z] l(a,,6,) - P(6=6) fori=1,2,....m
J =
Step 2

Select the action that has the smallest expected loss. Stop.

ATSLRAN Action mummmamﬂunm’uaamwaaulwnﬂﬂ@ﬂmam
aumﬂs NOLLIWHG loss K38 regret table AUWsIFUAININIz TUT8 State of Nature
1’\58 2] HHLEI\‘] L?’]LSUH’]ﬁﬂ’]ﬁL'H%WJ’] “Decision Without Information”"lﬁ?ﬂ No Data

) A 4 A ad o o .:a' A ad '
Problem Ualunaufinanfaitnsdadulalunsfazidondsnisus surmewnsn

[ [ & aa -:i' [ 1 ,
e ﬁlttﬂuﬁﬁﬂ‘ﬁﬂagluﬂﬂﬂ‘ﬂﬂd ““‘Decision with Information’’

L o Pl
TWINAMKa [T J State of Nature 6,,6,,....6,

a . a4
N k Action 918 a,,a,,....a,

o P o a & w | = -
IWUV] 6; MIﬂﬂ']ﬁﬂ?ﬁtﬂ@’l]u@?ﬂﬂqquu"]'ﬂzL‘LJ‘H p; LINASLTHN LN (Pi,..-,0)

W% prior distribution of 8 1@BA X p, = 1

o ¥ o ¥ X vao o
IUULTIRIVUITONITHINY Risk vl.@@ldu

—

R(a,) = Expected regret for a, = X p, r(a,;0)

; :
R(a,} = Expected regret for a, = 3 p; r{a.;6)

Lg
A

Decision rule ﬁa'lﬁlﬁan Action a ﬁmaﬁ'uﬁau"[,w ﬁﬁ

Minimum risk = Min{R(a,),...,R(a,))
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Table Generalized regret for the no-data

Gl’l‘iN‘ﬁl 4
A priori probability State of Nature Action
- D ]
P 6, r(6:a.)
P2 _ 6. r(6;a,)
P 6, 1(6a:) r{6sa.)
Expected regret R(a) = R(ay) R(a.)
= pr(Bia) = Ipir(Bsa,)

Minimum risk ﬁnﬂm"lél?umh Bayes’ risk Action LG Bayes’ risk 3¢

' ! a y i 1/ | A '
V38N Bayes’ action 31nd2aen9luan3199 37 22’1677 Bayes’ risk Jandu 1 qu
Bayes action N8 a, WWLBY NILHAN Action 108 I TRANVE risk (W30 Expected regret)

[ B u', -
NNRELANALNNITHN Expected disutility (Expected negative utility) BUe8 Bayes’ risk

R

al a

ﬁaaﬁﬂﬂit(ﬂﬂ’l ﬁ"iJ N7 Minimum expected disutility ‘vﬁa Maximum expected disutility

2 3

-l

1 Qe A & -~ (¥ A o Py A W« S v
¥nannm nuwuanmuauﬂumnaamﬁmmumﬂmml%mmu(mnm"l'a‘)uau

P el a s =) o = A a o ] o a
ﬂgﬂ uuﬂﬂaﬂﬁ‘iﬁ’sdﬂﬁvl‘a“&l’mﬂQQWHLad (Lﬂuﬂ’lﬁuadﬁdmﬂ’aﬂuLL@lwadﬂuﬂuﬂ:ﬂ’m)

1/
R(a) = pa@s8) + par@ct:) + par(a;6y)

0.7(0) + 0.2(2) + 0.1(6)

= 0.4 + 06 = 1.0
R@,) = 2.17
R{a;) = 3.52
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Loss Function

gﬂﬁﬂwmzmaaﬂa%‘umaa loss Taovialiusnaaniiu 3 uuydie
o UBH = o8 (6 B
Tag?t (o) >0
Lfllﬂ e = 1 Sunan Squared-error loss function
2. 1(9;2?) = (B | 9—-?7 | ;c(8) >0
Sunin absolute error function

A A
3. 189 = A;0> 6 +k,

I

A
B; 8-k, <8<6+k;

A
C N g< 8- kz
Step error loss function

Risk Function

cad a & 9 i A A
ﬂtym'lummnmmnmu'lum 319 loss function %38 regret function NONNI

et | = & e a & | o o s v YR Y)
nag mgmamﬁumuﬂﬂmqu (VUBYNY X, X, X, mﬂ‘lﬂaﬁmumumw)

[

4 = Qur 1 nll G
aaduIndsda iuaulaluaadoued loss %30 regret unw 1S AN oL

R(8;d) or R(8;a) WNUNITWVDY risk

R(8;d) E(1(8;a))

= j_: I_Zl(e;d(xl,.,.,x")) f(x,;6) ...f(x.;08) dx,...dx,

LNTAN N TR NAIUTZNIRAIBS 6 (Action or Decision) 398087 R(0:d) LT
LHINIea by
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HUURNYR

P ﬂ‘ [ ] : W W ® 4 Qu v - la
1. Lssawkdand ot ndud i ler Fanuussestanata s i ialua
A o L U =3 o A d‘. -

3 WULRIE I mmm”flm:umﬁm;;nwacﬂs:maag’lumq:wwlmmawumnm

N Qi o , a ' PO & [P}

a9z 106 mmmmmuﬁn_ilag'lumQ:ﬂnmmawuﬂﬁﬁmw:mu"l.mﬂ
R 1 o oo dl - & W
MATTIWINIINITA T FNee T asriiamiaw ez e lea

° [T & ={ A -ell .v A‘ A L% -:

Aual a,.a,a, WWunsfazdon 3 mslumsiesaaadassniiun
I1%UNE

6,,6,.0, AANIE wiwgfivvaslszme ﬂam'rmwanwnm MEATH§AY
Un@ wazniiz Lﬂﬁjﬁﬂim ANRINY

TWuaRaz 130 (Pay off or Utility) vasus¥nfaz lasulunisaniiufony
o o e
LuaIline

Pay off table (u(6;a))

State of Nature Action
L'ow price model Regular model Deluxe model
a, a, a,
Recession 8, 5 4 | t
Stability 8, 4 8 5
Boom 8. 3 6 10 ]

k2 9/ a L . .
a. DLTRSTLNTUNVEY  Minimax ﬂmﬂmmm siranadiiunialalu
AITNAATUAN
v R o 4 L. A v W - 5 -
b. tAlTRANLNUHIUEY Maximin Lwalﬁ'lﬂm‘lsgaqﬂ gaanasiianauiiums

nala

tumadfifervamsfinae IdSuraunsamidanmadhfesudana .
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° ' -l a a o 1
2. 1fTgwilude 2. Sinmualfanuiraniufiesienniziare gisdind e
p(a) = 0.2, p(ay) = 0.5, p(a;) = 0.3
o o ] ° 2 ¢
a. 9IW Expected pay off RIWTUUARIULILIIADIVEITUAT

v
b. 11&1&’1 Bayes’ action W8Y Bayes’ pay off

3. ninfymluda 1 dwualvmafieslady (Duldawensne
Pay off 1(8;a)

State of Nature Action
a, as as
a,, 1 4 7
9, 3 2 5
8, 5 4 3
. N

g A L3 \ = o - )
a. m’l’nmnmm‘nmm Minimax loss ﬁﬁlﬂﬂ’TS'il:LaE)nﬂ’]Luuﬂ’]ﬁﬂ’Nlﬂ

b. I8 T4 Regret table W¥AIRzIBANAWHAUMIMIlE

4. 'lu’iTmﬁ'@wnaﬁQu widnwusvasauinamealdiduarnadioafa Huannia
s lalan ﬂuﬁawﬁuag’lwﬁmﬁﬁ%ﬁmnﬁanaq 2 srhariawluvnemde tiReriu
aaen 1y wiolhinly Arvuelimsfessid et ddmseldnealdAams
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Wuan 4, 2 _ 6
Huldan g, s 0

A A A o W a o a & ] '
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loss function 3En1vvasudfiteaivanyssuavamniifine’ TeudAidauds

o PRV [ L
Y Izunne NES1ITUITADS Minnimize Bayes’ risk (B(d))

Tauvia 1) R(B:d) = E(1(8:)

il

B(d) E(R{6;d))

& = g I
UNIATIIUTHN Bayes’ risk f Expected risk
- A 2 o & o 1 d‘ It [ | G4
nIAN¥ 30389 By laultnididuasWitusaailoatludatreez a9

B(d) = E(R(6.d))
= [_R(&:d) p(&) d6

[2e] ==} (=]
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Bd) = [__..J__{J__UBd(Xy....x)g(Xs,.... 5/ Op(6)dO} dx,...dx,
(1)
wITUN

(@) g(x0,-...x./0)p(B) = h{x,....X..0)

g(Xn,-n,xn/e)p(e)
k(X1,.00%0)

J__hxy,....x,,0) d8

(b) h(8/x,,...,x,)

(©) k(xy,...,x,)

LSWUN h(@/x......x,) 7 Posterior density
p(® ’3"1 Prior density

e

FUNITA 1 RUINUIBAIWT d 71 Minimize WITHAINGT (B(d))
; L4 B .
N11792 Minimize WITUA 1 UWL31390192 Minimize (W32
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WUENG
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I8N 1 NMRUAlR X, X, Wueudsisguinunaindssanyhil pat.

fix/8) = (-6 x =0,1, 0651

] 9 . A A
ﬂ’muﬂl‘ﬁ‘l'ﬁ Squared error loss 1(6;8) = (6 6)*
WRT & INISUINUAIMLURNNENUTI9 0 < 6 < 1)

A9 6 @aedT N va Ll

g(Xy,..., X,/ 8) = 92“(] _ 9)1172\“

p(& = 1

k(xy,...,x.) = f(,)GZx,(] _ e)n——Zx,'l 49
_ ) (n-Ex)!
- M+ 1)

hO/x.. %) = g2 - @ Ty 2 (-2
(n+1)!
3x,
= (n+DIETU-6 -2 [(ZX)! (n- ) ]
% = d(x,,...,X,) a posteriori risk

m+1) 651 -9 "4

(zx:)1 (nﬁzxn)'
v o A (e e —g "
T Bk = 320065 T d6 = 0

a6
\ ‘
0 = (x+1)/(+2)

A A
Bayes’ estimator 8 An e = (Zx,+ 1)/(n+2)
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f(x/“) — V_Z;e 2(7( )

1 ok o 2uEx s e

E(X 0K 1y Ko/ 1} = ——xe 2( X, + nut)
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i

1 1 = 1 .
k Al X2y eaay Xy = e TeT o —_ = . —_—— 2
(X1:X3, 024y X,0) @7 exp(—33x) J__exp{ ~5(n+1)u*~2unx }du
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(2142 exp —-;- [2x2 + (0 + Dp® ~ 203]}

h(p/x,Xa,...,X) = T e
2m)-tn -1/2 - 2
@ny~tvnn+1y 12 exp | > & ]
_ (n+ 1)12 _1_ _ l'l;q.l 2
Qn)'? exp { y @+l Lu n+1l I}

:Lﬁuh‘l"i’l Conditional distribution of y, given x,,...,x,
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A o A
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1 .
8=0)=_1 -12(x—8p/10) =
Qx(xI8 = 6)) NIV f  for6;=5,10,15

¥ ' A =
#9%U codition distribution of x given 8 11 prior distribution of 8 7B

BAYES DECISION WITHOUT DATA
STATES OF NATURE (MEAN DEMAND)

Actions: 8, 4, 9,
volume
to stock Py(5) =02  Py(10)=0.5  Pp(15) =03  E(i(a,0)
a,:high -8 ~-12 —20 C13.8
a,:medium —10 —14 —14 —13.2
a,:low —-12 -12 -12 —=120
; mha?Ei!(A,O)]%: —13.6
A {0
- !
a331nIN

U (xi8 = 8,)FPg (8))

ho (01X = x) =

Iprfe

Ox(x16 = 0,)Pg(0x)
k=

Lo em120(10-8)IV/1017 p, (g

V2 /10

[l e 1™

e-V2GOoN 1 p (Bk)‘

1
t{V2r /10

k
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Forg=48,=35

e L VLI e

V2r /10
hg (SIX = 10) = Van 3
I T
B Jio k;] e 112110301017 p (g 3
(0.2)e™ 1/32.5)
= (0.2)e 1225 4 (9 5) + (0.3)e-172(2.5)
= (108G
For6 =40, = 10.
0.5
9( I ’ (0.2)6"1/2(2-5) + 05 + (0.3)€|/2(2.5)
= 0977
Ford =6, =15,
Ay (151X = 10) = (0.3)e=%(-9

(0.2)e7%5) 4 0.5 + (0.3)e" % (2D
= 0.134

The postenor distribution of 8, given X = 10, is then

(0.039 §=5
ho (61X = 10y = { 0.777 6 = 10
0134 6 =13

BAYLES A 'ALYSIS WITH DATA

Actions: 5, =35 G, == 10 3, =15
volume _

tostock  hg(SIX=10)=0.089 Ap(10(X = 10)= 0.777 hu(15/X = 10)=0.134

a, high -R —i2 =20
a,.medium 10 —14 -4
a,:low --12 —12 —12

min 35[!(,4.9;% = —-13.644
A 0

=
anNnNao a,

=
DL

e
AIVU action Yk
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1. tﬂl.i'ﬂ.‘n Squared error loss function nmimsa%’wmﬂ‘::mm'[ﬂumﬂu
- [ 1A
35nsveaul 921030 6 Ao Expected Bayes risk

V(B X1yeeXa) = f_w(G—ﬁ’h(elx,,...,x.)'dﬂ
2 - A
B xend = 2J 7 (0-BhE/x,..x) 4= 0
28
A 0
6 = J _on@x,...x) a8

4 L4 ] = [ 1 k%

2.1 n'ﬂ'ﬂ Absoluted error loss function ©1U83 Bayes estimator NIziUUUTY I
(Median) 984 Posteriori function (Iiaaiiidhunifimia Taverdunmiafian Wafidu
X|x,—a| srdiiangandeiiie a fo Jsugu)
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Tufife
A
8 1
7 herxixa...x)d6 = ~

- Q0 i 2

Touft & vz fife TBUFMUBY h(O/x,%s,....%) luﬂtymﬁ fFuenInseddy
BB/ Koo IRTMZUMTUINUIIINRTE MIM) 8 Ansszlidrunnitn uadua
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ladEmsaealbidusunsidises SwauiagnoléinTaamuwiuns
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AR AN IAUB K(x,, Xa-..,x) B2 TU

exp [— V2 (Ix? — nx )] { ]
@em™? n+l @en'”?

x>

I e[~ lfz(n+1)(u———)]d
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k(xllxlv-l X..)

h(u/x,,X3,...,X,)

It

' 1

1/2 niz

—_—  _exp [— A ExF ~ n* iz)]
m+1) "(2n)

n+1

_ @exp{ -'n I+ 4+ D)W - 2nxu))

em "+ 1) exp [ 1a(Zx2 - n2x2 ]
(n+1)

(_n% exp { -'an+1) [u - E—-x—“]‘}
@2n) n+l

U ld Conditional distribution of u, given x,,..., X,

-l Aﬂld " d" &) -— )
Unrsuanuasnuudnanienatotu n Xu/;m+ 1) wazauudsdTamu

(n + 1) ULy Squared-error loss function 32161 AurzinmleeismIvasud

o i A d [ o ot N
nAaa1wes o Taluwiintuaay XiseesXs T Minimizes v{ p; Xy5.004 X,)

A
V(M Xiy.e,Xa)

38/d i = 2,4

A
l"‘Ba.yf:s.
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A
f_m (p —Wih {Wx,,...., x,) du

1/2 -
-(—n—ﬂ—f (m'—u)’EXP{—"2(n+l)(u-%)’}du
o o

(21'[)”1

u - 2uxn o by e
n+l n+l (n+1)?
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(n+1)
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danaaninvasitnsdeiulalaiTnsvaaud (Algorithm - Bays Decision

Procedure with Data)

Assumne the distributions

Py(8)) = prior distributionof8 j=1,2,...,n
Qx(x|8 = 8,) = conditienal distribution of X given 8 = 8;

Step 1
Determine the posterior distribution of 8. That is, let

Qx(x16 = 8;)F4(8;)

o (B1X = x) = —
2 [Qx(x18 = 6,)Ps (6:))
k=)
Step 2
Obtain a reliable value of the random variable X, say x*
Srep 3 ‘
Use the posterior distribution k(81X = x*) to calculate the expected loss for each
action g; withi=1,2,...,m.
n
£1¥a,.8)) = 2 ha (81X =x*)i(a,8) i=1,2,.. m
/=1 :
Step 4

Select the action that has the smallést expected loss. Stop.

[ - A Gt AN
Nnndanedfiunszdaiuls Teuntlsiud

Ihwndsudulysunsuldsifian
o ' ¢ o o > v o oda
nmnemg  zveundisgaaiTuiasl Funesudaiing

Qx(x10 =8, = o=V (x-8pT0]?

1
V27 /10
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Y ar

A = =, o a'.. dyd
o duddsladsiiag

QX T)=EXP(—(X—T)/SQRT(10))**2/2)/SQRT(20+3.1416)
legh T @0 dwaoﬁ‘mﬁu%aiw 8

Tusunsufiaz 1 e na 40 action & 50 state of nature 108% M 3=HAumINBi

TUIU action RS N ﬁﬁﬂ state of nature

a 3 7 [ dy AI. . Wl
AITH mmfu:muﬂ;ﬂﬂmnwmwammu action W&2 state of nature W)

& = 1 e o ar A A o a o
AN LILAE S RBUAF 9L AT adaaa tUT .

DIMENSION A{M,N),P(N),EL(M), I THETA(N),ELPOST(M)
INTEGER XSTAR,THETA(N),TJ,X,T

Tdsunsnitazlaite 48 k bytes
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L0

BELEEENZ PPN NS USSR C LD NS SR SR FEN SR UL NS EEREP I SRR AR EN n TSI E A SO RRY

..‘....Q‘..Q...’.Q.I..l...'........“"II.....Q.....'I'.....

FISROITHFRENSENRRNIOI NP PR PR PR 4SOV RE ARttt st i b bR ORI OO PO RORNSPREGEO oD

THIS )5S A GENERAL COMPLTER PROGRAM TO CARRY CUT THE BAYES DECISION

®4¢  ALGORITHMS 10,1 AND 10.2 e»e

BAYES OECISION PADCEDURE WITH AND wITHOUT DATA

PROCEDURE wiTH AND W{THOUT DATA.

THIS PROGHAM 15 SET UP FOR A MAXIMUN OF 40 COURSES OF ACTION AND 30
STATES UF NATURE. TO MODIFY THE PROGRAM TO MANDLE LARGER PROBLENMS

MITH
DIMENSION AND INTEGER STATEMENTS TO

M COURSES OF ACYION AND N SYATES OF NATURE, CHANGE THE

OIMENSION AR N) PNV ELIH), ELPOST(N) HTHETA(N}
INTEGER XSTAR, THETAIN}, T4, X,

THE PROGRAM,AS WRITTEN, OCCUPIES 48 K BYTES OF CORE STORAGE,

IT

Is

[ £+

T0

10

DESIGNED

READ

CARD 1 CCL3 2-80 TITLE OESCRIPTION OF THE PROBLEM USING

ANY CHARACTERS ON XEYPUNCH

¢+ COLUMN | MUST BE LEFT BLANK w»

CaRD 2 coLs 1-5 NFLAG FLAG YO [NOICATE PRESENCE BR

ABSENCE OF CATA: O WITHOUT DATA

1 WITH 0aTa
CARD 3  COLS 1- 5 M & OF COURSES OF ACTION  (I5)
6-10 N # OF STATES DF NATURE (15}
carbbs « TO ¥ ACl,J) .LOSS MATRIX
READ DATA ROWWISE IN 8FLO.O FORMAT
IF N>3, CONVINUE ON A NEW CARD
START EACH NEW ROW ON A NEW CARD
CARD Tel  PLJ) PRIOR DISYRIBUTION OF THE STATES OF NATURE
READ 1N BF10.0 FORMAT. IF N>B, CONTINUE
ON A NEW CARD,
CARD Te2 THETALY) STATES OF NATURE (81i0)
IF  W>8, CONTINUE ON A NEW CARD
CARD Te3  COLS 1~10 «XSTAR SAMPLE VALUE DF X (110}
TD SOLVE NORE THAN ONE PROBLEM AT A TIME, REPEAT THE
READ SEQUENCE, ANG STACK THE DATA ONE BEMIND THE OTMER

CALCULATE
HTHETA(J) POSTERIUR ODISTRIBUTION OF THE STATE OF NATURE
THETALJ) {Jmle24eaneN)

ELLL) - EXPECTED LOSS FOR EACH COURSE OF ACTION BASED ON
PRIOR DISTRIBUTION (Iwlo2ypcesm)

SMALL MINIMUM OF ELC(T)

INDEX ACTICN CORRESPONDING TD SMALL’

ELPOSTEI)  EXPECTED LOSS FOR EACH COURSE OF ACTION BASED ON
POSTERIOR DISTRIBUTION (lely2y..a¢M}

SMPGSTY NINIMUN OF ELPOSTI(L)}

INPOST ACTION CORRESPONDING TO SMPOST
PRINT

ECHO CHECK OF DATA

ELIT), SHMALL, INDEX

ELPOSTII}, SMPOST, INPOST

HTHETALJ)

QIMENSION A(40+50)P{50),ELI40)HTHETAL{S0),ELPOST(40)
INTEGER XSTAR THETAISC) sTJeX,T
REAL®& TITLE(20) .
C DEFINE STATEMENT FUNCTION TO BE USED LATER
QUX e TI=mEXPI-{{X=T)/SQRT(10,))%%2/2)/SQRT{20.%3.14164)
C  READ IN DATa
5 READES L0 END=Z00)TITLE
FORMAT (2044)

WRITE(6,6)TITLE

6 FORMAT({*1',20A4,//)
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.
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.
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.
L]
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[
»
]
L]
L]
L ]
.
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-
.
.
.
.
*
.
»
*
L ]
L]
L]
.
]
*
.
L
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.
L ]
.
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20
25

130
99
100

103
110

[a¥ 2 Y aNala N al

LR

30

[a¥a N o Naks

[a N oAl 1

150

180
112
(S %)
115

[a¥a TR Yol al

175

170

READ(3, 15 INFLAG

FORMATI21S)

READ{S ¢ L5)MoN

0D 20 I=1.M

READIS,250(AlT sd)sdml N}

FORNMAT{BF10.0)

READIS 25 (P LI sd=] N}

IFINFLAG.EQ.0) GO TC 99

READIS,13Q)ITHETACJ) ydm]l,N)

READIS,130)XSTAR

FORMATLAI10)

WRIVE(6,100)

FORMAT{9X,* STATES OF NATURE'/' ACTIGNS'/)

DO 105 J=1,M .

MRITEL64110)[ACL dd,J=1,N)

FOANAT( BFLO.4)

WRITELG+ILIJIP(JIyu=1,N)

FORMATL //* PRIOR DISTRIBUTION OF STATES OF NATURE',/ @8F10.4)
SEENSIINNR I AOELO NI ERIER AN EE POt RO It UOROURERRSEDLISREREROIENSRSERE

*  STEPS 1.2 .
. CALCULATE THE EXPECTEC LOSS FOR EACH ACTION BY USING THE .
. PRIOR DISTRIBLYIONS OF THETA. »
4 SELECT THE ACTIGN MAVING THE SMALLEST EXPECTED LOSS .
L L L L R L Ry
SMALL=]D.ELO

00 30 f=).,¥

EL(1)»0,0

0O 3% Jm] N

ELCII=ELI) ¢ PLUI®AL],J)
IFLELI] ).GE.SMALL) GC TO 230
SMALL=ECLY)

INDEX=1
CONT LNUE

l‘.‘.."..Uilill.l"i...'l“l..".‘.‘."."’......‘.t.“i‘l'.i‘ll.‘..‘.“.
s STEP 3 ) .
* LF PROBLEN HAS DATA, GO TO STEP 4. OTHERWISE, PROBLEM IS *
. COMPLETED, S0 PRINT RESULTS .

FEES LSS AP RENF RS ORI IINIEINEESA RN RO NN P RIS RN ER R NN SR USSR E OO PISERUEERINRRR

IFINFLAG.EQ.0) GO TO 101
LAt L A L e AL A T R L Iy Yy Ty TP T T Y T T YY)

* STEP & LSTEP 1 - ALGORITHM 10.2) .
. CALCULATE TME POSTERIOR DISTRIBUYION OF THE STATES OF NATURE L]
EVEISSS NSNSV NN IEISIN AU IS IEN BN IR REIT SRR AR LRSS ENNOSEIFC AP RSERNEREER
Gx=0.0

00 150 J=l,N

TInTHETAL J)

GXuGX+QIXSTAR, JJieP(J}

DO 160 J=],N

TJeTHETAL J)

HTHETACJInQIXSTAR,TII*P(J)/GX

WRITE(6,112)XSTAR

FORMATL /77° SAMPLE VALUE OF X [S *,110)

WRITE(&: LEIMITHETALJ) s dm 1 N)

FORMAT( 7/ 0 STATES OF NATURE', / 8110}

WAIYE (02 L1SICHTHETALL ) v dm i, N)

FORMATL s/ POSTERICR DISTAIBUTION OF STATES OF MATURE®,/8FL0.%)
PRSI SESIILERRINIICR RN ORI PO RS ORISR SR NIN AN OO ERRESSSNSENINRERITPESR L

¢ STEP 5 (STEP 3,4 - ALGORITHM 10.2) .
LA CALCULATE THME EXPECTED LOSS FOR EACH ACTION USLING THE .
. POSTERIOR DISTRIBUTION s
L] SELECT ACTION MAVING SMALLEST EXPECTED LOSS L

BISCLIANSISNELGIN RN ERNES S EPEP LS EIIP PN RO RSN IR ANEISLONISSSESSNASE
SMPOST=|0.ELD

0O 170 I=1,M :

ELPOST(11=0,0

00 175 J=1.N

ELPOSTUI)=ELPOSTII ) eHTHETALJI®ALT, I}

IFLELPOST(1).GE.SHPOST) GO TO L70

SMPOST=ELFOST (L)

INPOSTa}

CONT I NUE
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® STEP & PRINT RESULTS

[a R aNal

101 WRITELS,L14)
116 FORMATU/Z/' RESULTS'/'+*, TLO M1/
WRITELG,40)LELILY, =), M) '
40 FORMATL' EXPECTED LOSS FOR EACH COURSE OF ACTION BASED ON PRIOR
*DISTRIBUTION',/ BF10.41}
WRITE{6,45)SMALL, INDEX
45 FORMATI(//710Xe*THE MINIMUM EXPECTED LOSS USING THE PRIOR DISTRIBUTI
#ON OF*/1OX, *THE STATE OF NATURE IS*,F12.8//14X,*CHOOSE ACTION AL',
*12,'1")
IF(NFLAG.EQ.0) GQ TO S
WRITE(S6,180) (ELPOST(L )12 M}
180 FORMATL //¢ EXPECTED LOSS FOR EACH COURSE OF ACTION 8ASED ON THE
* POSTERIOR DISTRIBUTION',/ BF10.4) .
WRITE(&,185)1SHPOST, INPCSY
185 FORMAT{//10X,*THE MINIKUM EXPECTEO LDSS USING THE POSTERIOR DISTRI
*BUTION® 710X+ *OF THE STAYE OF NATURE [S§' F12.6,//L6X,*'CHOOSE ACTLIGN
AL, 12,000
GO T0 5
200 STOP
END

/DAT A

EXAMPLE 10.23.1

0o
4 3
. 7. i.
5. 2. 4.
8. b 10.
3. la 9.
0.5 «2333330 0O.lb6b667
EXAMPLES 10.3.2 AND 10.4.1
1
3 3
~8. 12 =20,
-10. -14. ~l4.
-12. ~12. -12.
[ 4 0.% 0.3
5 10 B S
10

EXAMPLE 10.3.1

STATES OF NATURE

ACTIONS
~.0000 7.0000 3.0000
5.0000 2.0000 4.0000
8.0000 6.C000 10.0003
3. 0000 1.0000 ¢.0000

PRIOA DISTRIBUTION OF STATES OF NaTURE
0.5000 0.33132 0.14667
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EESULIS

EXPECTEN LOSS FOR EACH COURSE OF ACTION BASED ON PRIOR DISTRIBUTION
4.8313 3.8333 T.6667 3.3334

THE FINIMUM EXPECTED LOSS USING THE PRIOR DISTRIBUTIUN OF
THE STATE OF NATURE 15 3.333359

CHOOSE ACTICHK AL &)

EXAMPLES 10.3.2 AND 10.4.1

STATES OF NATURE
ACTIONS

-4.0000 ~-12.0000 =20.0000

=10.0000 ~=14,0000 ~-14.0000
~12.0000 -12.000C =-12.6000

PRIOR D{STRIBLTION OF STATES OF NATURE
0.2000 C.5000 0.2000

SAMPLE VALUE OF x I§ 10

STATES OF NATURE
5 10 15

POSTERICR DISTR1BUTION OF STATES OF WATURE
0. 0881 0.7773 0.1338

RESULIS

EXPECTED LOSS FOR EACH COURSE OF ACTION BASED ON PRIOR DISFRIBUTION
-i3.6000 -13.2000 =12.0000

THE MINJFPUM EXPECTED LOSS USING THE PRLOR ODISTRIBUTION OF
THE STATE OF NATULRE [5 =~13,599999
CHOOSE ACTICH Al 1)

EXPECTED LOSS FOR EACH COURSE OF ACTION BASED ON THE POSTERIOR D[STRIBUTION
=12.7126 -~13,6437 -12.0000

YTHE MINIMUV EXPECTED LOSS USING THE POSTERIOR DISTRIBUTION
OF THE STATE OF AATURE 15 -13.6430605

CHODSE ACTICN AL 2)
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1. Consider the decision problem with the loss table below. What is the minimax

action?
6: states of pature

A:actions 8, 8, 8,
a, 5 3 3
a) 8 6 3
a, 9 4 2
a, 8 34
a 7 1 10

8: states of nature

A:actions 8, 6, 8,
a, 3 2 1
a, 2 1 9
a, 6 3 7
(¢} What is the minimax actign?
(b) 1If the prior distribution of @ is
PB=6)=<05 8&=0,
0.1 g = 93

What is the Bayes decision

3. The first thing each morning s college student must make a decision; should he
roll over and stay in bed, get up and go to class with an umbrella, or get up and
Bo to class without an umbrella. The student has determined the loss
cerresponding to each decision and state of nature to be:

States of nature

8, ‘rain 8, :no rain
a, :skip class 4 4
a,:go—take umbrella 2 ]
4,:go-do not take 5 0

umbrells

The local weather report has predicted rain with probability 0.7,

{(2) What is the minimax action?

(b) What is the Bayes decision?

(¢) Suppose the weather report revises the forecast to indicate that the
probebility of rain is 0.6. What is the Bayes decision?

sT 411
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4. In problem 1 if the priar distribution of the mean demand equipment is changed to

02 6=0 =5
9 (@)= {05 8 =0;=10
03 O=0y=15

What is the Ba{ys
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6.4 1WSuumaudsnsveugnuITEs UM

(Baysian Versus Classical Estimaiion)

meﬂumnﬂmumumﬁmsﬂnmmﬂﬂﬂmwaamu wazis Classncal
Estimation 1vswmsm’uﬂmumuumnmamma"lﬂu

v - d 1 [

Mg 1 NMITANENDIAINNENITAMNEIRT et IWISU TN MYad 6 1510

wwIasdadaniue? maauuaaﬁﬁtﬁum 10 61 18 X,..... X, BIMAS a8 a
“ - ﬂ'.y o a a a0 - =t

asaLARan lapfn x A3ale InTwInuasLuLLnG Jauads o leudauuwdsisiu

*

=10 ﬁ"\fﬁmmawﬁm 10 @7 WazAnadl X = 20

v
UMW Classical 95% Congidence Interval ¥1%3Y 8 o

il

8 X + 1.960/\/ n

20 + 1.96

W& Point estimate ‘IIE}\‘I 8=X=20

da

Ale019n 2 ndinen1@3sunuinanusreNa i suanuasuulng
i d ‘ o )

laefienafe oo = 25 UALAMALLIUTIN of = 4 WHUEAII Prior Distribution UDIRE

Wwmswanuasdn@ e ° N (6, 03

.a.; ;‘: 1 o ] e + P L. ¥ — P —_
muuﬁﬁqumamatmmmmnqwml,m’nﬂmwu’n Q:vlﬂ X IQUYI p{X/9)

hd . . . - A
= N(8, ¢*/n) ’1)31@ Posterior Distribution €8

N (WX + w,B,, 1

po/x =
W+ W, W+ W,

1
W = —_— W

1/03
o*/n

i
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o’ =10,n = 10,0} = 4

w, = 10/10 = 1,w, = 1/4

W X+ W,0, - 1(20) + 1/74(25) - 9
W+ W, 1+1/4
> p(6/X% = n21,0.8)

fAMUAAMANIT 19 Loss function 4T quadratic loss AUBY Baysian estimate
anturils (45 20%00u 95%)

WO p8/%) TnTuInuIsuunUné

Tepiisadoiu 21 auudsUsu .6 danudatiu 95% ¢ saglugag
= 21 +1.96/8
= 21 £ 1.76

alf) s A A . . - - ~
HANIATUR A0 Baysian estimate JATHUABURY Classical estimate (20 = 1.96)

I al w R . - 1 . . - >
%:mmwaﬂ‘lmma Baysian estimate @077 Classical estimate 1uu.om'1'lnm'm
gnAganNTy

L X . .. Ce
NIRNTIZTT AU TUTIUYBY Posterior dist™ IEHBENTT dist™ 189 X WUy
53NN

v‘n'nnn Posterior variance lﬁ a= l{w,+w;)

=> 1/a = {(1/(c%/n)} + 1/0}

W099N oit o > 1/02#0

=> 1/a > 1/(o¥/n)

a < o¥n
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6.5 Yo lanfSuvuazi@enIevlunislyisn1sve s
(Critique of Baysian Methods)

16@V89 Bayes' estimate nﬂaujmrm7mmnm’lwslmmgaaﬂmn-uaua
A& udne acvasmaneeal Wi suse smafions e (Loss function) umm'nqﬂ
uﬂwaumﬂnmmaemnumwﬂunaemmamm'nmmms'mmas (Prior
distribution) WRT Loss function el o1

L4 A al  F 1 - el ¢ 3 '
a’msuuan‘lﬂmmnm‘s1]::mmmmznﬁmwaomzﬂnmaﬂs:mmwum’]

[ ﬂll I ' L 1w o o -t 8 L] -
uﬂ:mmanamgnnaam’mw’mmwao Classical Method anmnmm'lﬂmaaun

HEOINUALAUIERY AT

#

-~ - L - 8: .
ﬁmwmmﬁmmznunumaaaﬂumaafua:qma NIUHBITINIUNIRSS
a"mﬁ’ma'wﬂiwmunq'uﬁ":azhafiauiwtﬁn

JoiRnve s’ ‘lﬂ'lT'HENlUU

lawun@ Loss function W8S Prior dist® YodWrTlwes Unazliaoemsw
A o » - W ¢ 4 - ' v v
-neum:waatmtm'[ﬂumﬂu-um‘{a'luﬂs:aumsmnau 9 ThunToimiy uazdiadre
Loss function %38 Prior dist™ AAWAANIEIIWAIW Baysian estiamte ARWR1aY lUS L
-~ ) -~y L [ > J ] ‘
uAlWITMIV89 Classical Method uidBadsBsdrddrmlefinsanliudosvaanudian
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1. Let ube the true I.Q. of a certain student. To measure his 1.Q. he takes a test, and it is
known that his test scores are normally distributed with mean iand standard deviated 5.

This student takes the [.Q. test and get a score of 130. What is the maximum-likelihood

estimator of .

2. In prob. 2, suppose that it is known that the true I.Q.’s of students of a certain age are
distributed normally with mean 100 andvariance 225; ie., assume that is distributed
normally with mean 100 and variance 225. Thus f{/y) in prob. is n{x;u, 25} and p(y) is
n( ;100,225). Find q{x,u) and k(x).

3. In prob. 2 show that the conditional density h(u/x) is normally with mean .9x + 10 and
variance 45/2.

Using the loss 1(g;4) = (u—w)? in prob. 3, find the Bayes estimator of y, the

student’s 1.Q., if the student’s test score is x=130. Note that it is not the same as the

maximum-likelihood estimator in prob. 1.

4. The fraction defective in a day’s production of a certain product is 8. Let X be an

observation on one of the items of a given day’s production. The distribution of X is
fx/ 8y = &(1-6"x=0.1;0<I

where X = 1 is identified with a defective item and X = 0 is identified with the item if
it is not defective. While the proportion defective remains constant for a given day, it
is noticed that 9 varies from day to day and 8 acts as a random variable with density

function
p(&) = 66(1—8);0<6<1

Find the estimator of 8 by using Bayes’ Criterion Given the Squared loss function

196 ST 411



