4 APTER 2
HYNAMIC FROGRAMMING AND RISK FUNCTIORS

© 9 INTHRODUCTION

iIr recent yoears lot of work hes been ocarried out desling with
progesaoe in which the change in state from one stage to anotherstage is
~eeoribed in a stoochastic manner, the parameters and the farm of whioh
= sssumed to be known, possibly 1n terms of the deglsions as well as
the uncontrolled enviromment. Thie is the usual statistiecal approach
‘o the problem, However, thers are a large olsss of probleas for which
stoahastie desoriptions of the process are still walid, but whose form
A parameters Are uncnown. We shall consider here this subolssa of prablems,
namely, the process in wvhich the ppraseters themselves are subjeot to
ntoghsstic lave and they can be msdified as the information is gathored
‘rom stage to stage, These types of problems are ugually «nown s
‘adaptive programming problems’ (Bellsan / 13_7, Marschak / 69_/,
mite £ 94/ ), which sre of mixed loaraing and optimiaing type probleas,
~oet vugh aotign in the sequence is determinsd in two steps of data
croooosing, vise, (1) re-estimeting the probability distribution

nosteriori, and (11) computing the action on the busis of the new estimate.

suppose that sne wishes to control a oertain system for which come
waugure of performmnce exists. This may depend upon the decisiocns made
il %he nonditions assumed throughout the relevant 1ife of the system.

‘%t any time, the condition of the system may be described by two sots of
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rariables, namely g and xl

X, » whers x  may be a sot of n observations

-n
sxde on oartain variables, not subject to the ocontrol of the decisioa asker,
+vespt that the varisbles to be chosen and s represents all other nene-
asery variables required 20 ss to describe the condition of the aystea for
tha purpose of developing & model. For example, if we consider an inventory
svavem 8 snd x (0 a/e/, . L x.,] ) represents the present inven—
tarw level and the previous period desmnd quantity,

It is sasumed that the variable follows a certain probabiliastie
iaw. The problems which we consider here are those in which the form of
Lthe distribution of X is known, but, wvithin this form, there is an
unknown parameter € (in general, this ocan be a vestor) subjeot to
redoabllity density function OQ(O), initially, This probability density
tination of tho parameter @ 1s known as an & priori distribution. The
sistribution funetion for X given 9 , is then F,(x,18). ace wve
“ned the pricr dietribution af the parameter, 8 , and the variable x, ,
% san detersine the posterior distributions (Reiffs and Schlsifer [/ 79_7)
i ar both the parameter, © , and the next cbservatiom, x,,i , socording
1 daysn theorsm, Thus, we have

4G, (8} aF (x| 0 )

(2.1)
L 46,(0) dip(x, | ©)

daG,(8lx, ) =

J 4G (8) dF ,(x , x 41 @)
2 (2.2)

. =
ik l‘l( ’n*ll !l'l)

L dG,(@) aF,( x_ 16 )

* iatters with lower bars represent vectors.



“» 380 sev fros (2.1) that the posterior distribution of the parameter
# i propertional to the product of the known density aof X, and the

sirjar distribution of o .

The other main requirement now le that of specifying the prefersnoe
hatwesn the policles and our aim is to choose that policy which will give
*igy to the maximum expected valus ¢r the minimum expeated loas ot the

waths generatal by the policy under the gives eaviromment conditinns,
.2 3.GUENTIAL DECISION FUNCTION APPROACH

weld / 90_/ has considersd the following decision problem. 4
~aeinion funetion > is & rule for deaiding, at sach stage of the process,
hether to terminate (anl hence to choose one of the terminal acts) ar to o
on and take further cbservations, and if so, vhich nne to take. In order
vo find the best deoision mov (i,e., i particular vhethar to go oa

“ayther or mot), it is necessary to know the b:st deocision in the future,

If 6 1is the true state of tha mature wvhoes prior distribution
‘unation Ly Gg(0), then thers sxists a risk funotion rié, . ) vhich
repTessnls the expected loss (or gain), whioh can inclwie ths sampling
‘ pets anei the terminal losses (or gains), for each decision funotion .-.

"nen the over-all risk ror a partioular decision funection > is given by

~
-»

M) = J r@, »)ds (o) (2.3) -
)

s declsion function . 1is seid to be admigsible (Wald L[907)
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there exists no other deoision funution .> which is uniforaly bettor than

"y L,e,, 1f there oxists no decision function .: eatislying

r{d ") =~ rlie, ) (2.4)

tar al)l 9 and any ¢, and

{;gc D)

rle, % - ri@, -}

‘e at losst ome & and any Y , snd is essentially concerned with the

~~1srminstion of complote classes of admisaible deolsion iunotions in

~¢ gange that if .» 1s say deoision funotion not in the ¢lass, then

i ~a 1s 8 " 1 the ocless such that r(8, .*) < r(8, .» ) for all @,
:x1{fa und 3ohlaifer /[ 79_/ have studied these problems in which the
i »ior distribution, G,(@), 1s known to exist, and a decision funation

~nish ainimiges r( .» ) 1s eaid to be a Hayes solution relative to G (8.

. % DYNAMIC PROGRAMMING APPROACH

In decision theory probleas, it is the ides of ocomsentrating
rraptlon not on the optimum procedurs itself but on the ainimisation of
e axpeuled risk obtained from the optimum progedure, Once the minimum
“ink bua Deen found out, 1t is usually a sisple problem to .ind out that

roeovgure which will produce this risk, We shall use the dynmsmic programm-
i technigue to obtain a recurrence relation ior the miaimun risk so as

"2 solve the problems analytically or numeriocally.

In moat of the casos, it 1s posuible to seperate the risk funeotion

¥
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~nts the sum of costs dus to sampling and terminul rieks so that we cun

< 1y the prinoiple of optimality (Bellmae /[ 11_7). Lot olx, 8) be the
~osxarvational (or sampling) cost of x (x = (x;3, Xgs s.e, X)) and
#are ® specifies the manner in vhich x 1is cbtained), and if r(e, )
© ¢ the terminal riak of taking action J when the true state ie © , we
~5:1d sompute F(x, | v, @) (which ie the dietribution funstion for the
‘irorvations X, e prior to teraination of the process , given .'and @),

|+

gl ) = J Loltems » £(8, wix /)] dF(g,e; 5, @) dG, (0} (2.6)
& x

Houever, once wo have obaserved x and the correspoading s, then
» wlll be choosing our naxt decisions e0 us to optimise our future per-
v manco. If the new posterior distribution of € , aftor vbsorving x
- aorresponding e, 1s dependent only on x and @, &nd 11’ thie
intribution is denoted by Gn(ﬂ i Xy o), then using the principle of

piimality, we get ‘

i ain . | r(e, < MG (@) x, a)°
'.‘ o Ju n b J

v(x, 8) = ain .

Mol ) | Loly" o) -oly, o)+ vig' ¢%)

e L > I 4

QS8 | goasdF (5" | & o75 ®) (2.7)

sare w( % , 8) is the expected risk, beginning with conditions x , s
~t using an optimal policy, s muy be equivalent to 'obsarvations -

!
Looaves X have been taken; e" aight then be equivalent to ‘s plus

TRABOVE X eees xs«' . A ;', X s s" , 8) is tha diatribution funetion



v g given g , o" and 8® is the combination of s and the new

o 1ing decialon.
> 4 St OF SUFFICILNT STATISTICS

A ntatistic 2, (may be a veotor also) 1s said to be a suificicnt

. latie (Wapen [’J} for the parameter o , if
dﬁ'\'n(xlg seey an 0) = dq)n {Zn[ 9) dxn(lly veeyp lnj (2.3)
e X, does not depend upon Lhe paramster 9 .

inf't'fcient statistica play an importaat role in dynsmlc programming
- anch npd scmetimes, it helpa to raduce the dimensionulity of the
- wilume  In enses where the observatlons are independently distributad,
sig M w suiTicleat statistios exlate, it 1s possible Lo use this Lo
nonasnt Lhe complete set of obsurvations in the functional ejustion
rviwwl by the dynsalc programaing techaigue, and hence this may reduce

Low dimensionality problex to & vonsiderablie axtent,

If the cbservations are indeperndently distributed, then, from (2.1,
i) ond (2.8), the posterior distributiom of the parameter € and the

ot abeervation Xne1 given x;, oy eees Xpp respectively, are

d @ li(&n.a) dxn(xlpoo- .In)duotgi

dﬂn(e PXypeees %) = - (2.9)

Jy 49,Zps00axplxy ey 1 )dG (8)

AF X, 0| Xyp eeey Xp) = ,} dF (X, 0y 1 9240, (8 ) xgpeey x ) (210)
a8
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e '.‘n(xl. “evs Xp) 18 independent of 9 , (2.7) and (2.10) reduces to

d(}o(il) dq'sn(.-'.n y 8)

dé'}ln(a\ xi’ [ XX N ] xnl = lf (30 111
Jﬁdq;.n(zn » 9)du,(8)
jo dQ (2 ,0) dF . (9) 4o, (0)
(1P']n(xn_‘.1\ x]" see g xn) = e I‘l a E*l d (2. 12)
j aQ, (ay, @)da (0).
o
o is the aurficient astatistic for o,
Let 4(9) be a resl valued parametric fuoction of the parameter
ind let

» - the loos incurred vhen A(9) is astimated by o function g{x, of the

coargetions, We esll T as the loss function,

s Bayesian uetimator of 4(@) with respoct to the loss tunction ie

tunt gtetistie g (x; whieh, for a glven x, ainimizss the axpected losa
L o= L gixs, ales ] ag, (8] x) (24 14)
-# Lt exiets, where .- is tha parametric spaoce,

7€ s wnd n are sufficient statistics for the dymamic prograsm-

¢ (ormulation, then the functiomal souation given by {2.7) oaun bae written aas

‘%“ 1 J L La(x)s A(8) 4G, (8| syn)> -
. ('!."'U =z . .0 J ‘ xJ Lo . (2. 15)

L o+ ij a8 (x,,, | son) C(sex, ne1)



wine @ L(m,n) 1s the expsoted minimun risk and o is the unit saaple ocost.
a0 AUARATIC LO3G FIRLTION

Generslly, in problems involving estimation of a real parameter &,
++« loms fusction L 4s speciiiei as a quadratio function (nobbins / 81 /

~ad Marits /[ 69,66_7) so that

2
L (aix), 4807 = & [g(x) - 07 (2.16)

;oma X im = poaitive constant and g(x), e runction of x, is un

timatar of @,

Thus, for the guadratio loss lunction given by (2.16), the functional

sration (2,15) can be written ss

' 2
min : "’ ' . - Ly
3(:‘)% Jiiz gl{xj- 6_7 dunﬂﬂl dynj

f{apn) = min (2.17)

!
1]
;' _-
k /

c 0_) dx"n(lln.l | 302 f(s+*x, n+1)
x

sow lot ug suppose that x  1s an obsarvation, vhich say possliily
© 3 rancom veotor, whosa conditional probabllity deasity “unotionn whaen
% is av(,/8). Ais usual, let dG,(@) denote the prior probability
‘nalty yusction of @ and let dG,(. / x) deacte the posterior probability
augity tunction of @ when x = 2. The Bayes sstimator g° and the
.o riax L° for the quadratio loms function given by (2,16) can be
e ted  (Logroot [33_7) us follovs 1 Oor uny nbservad x = X, the Dayes

S imator s

g (x) = s{e|x (2,18)



{®]| %) is the mean f the postarior distribution of the persmeter
shlck oan ba (ound to be & function of the sufficient statistios,

“iirtharmore, sl'ter the valus x bas been cbserved an: the satimate g*(x)

.. bmen choaat, the risk is k.Ver(8 | x) vhare Var (¢! x) 1s the

- rlanoe of the posterior distributicn of 9. Honce, Saywe risk 13
<+4'iled by the eguation

L(x) = ko 7 i Var (8] x) - (20 19/

Tea wxpoetation dn (2.19) 1s caleulates with respest to the msrginal

roonaullity tunetion Pg af x wvhere
p,ix) = | dFix|8) ddy(e; (2.:204
‘e PARTICULAKR Cas+d

+ ¢ shall conelder soms » priori disteributions far the ramiom

~wrinnle end for the unknown persaster axi obiain the rollowing useiul

PEEY R AV
v. el rapeoted Hisk Tor the Norsal Distribution

fwt X1 Rap seey x, ba a randa sanmple drawvn from a narmal popvlutionm
Lty mamn X and unlt vrdcnc, vhors the valua o the puram-tar 1 19
uk nowne. Howevar, wo snall assums shat tha apriori distrioution of - Ll

e pormal with known meen 4 and unit varlanoe. J90, w2 have

-
- (2= ) /2
Wik o ) a i o dx (2.21)

Jan
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2
1 - L= 4 ) /2
Fig{ ) 3 == @ 4 (2.22;

(2m
n
Lst 8 = ( ) x,)/n be the surfioient statistic for the
i=]
iacdwn (e rameter £ o Theu, the a posteriori distribution ¢ o~ givan
sad n (ueing (2.11) ) o

(e w2 o Belem o
o [*] d .-

i { A|apn) =
o n 2 R
J @ ] " ® = / a

‘4'\
t wlirying (given in ippendix), we got

X - n',',l.(
,n‘i- - * {n’l) LKK - ———
-Jfrnl 4| 8yn) = J  * n+l A 12.28)

The aposteriori distribution oi the next obsorvetion x .. given

wney B \Using \2.12J)/ 18

&

2 2
1 J"--;-('- *’a"%""n?t"“*‘““‘“’
thzr_' 01 A "(
bt ) 2 et
J K R

Lwlilying (given in Appendix), we obtain

2
ne} - nge ot
& 2(re2) ‘ *ne1” TR0 '7
. nsl . C.
d:‘ﬂ(:nqbll ‘ln) E ";:'i;— o dxll’l. (302‘}

Janm

Hance ths aposteriori distribution of the paramater . is normal



sith mean (am + “ )/(ne1) and varisace 1/(aei). Also, the aposteriori
sLatribution of x;,. 4is norml with sean (nae “)/(oel) and variasce
2+2)/(n+1). Thus s,n are sulticient statistios for the dymamic pro gramm-
i Sormulation, and for the gquadratic loss function considered in the
unotlonul equation (2.17), the Bayes estimator g" as defined in

sation 2.5 i given by

ns + ‘tk
a.'(x P oo ) X ) a ""-""—-f- (2-25)
1 n o+l

-n: since the variance of the aposteriori distribution of the purameter

is independent of s, the Bayes risk (as given in equatiom (2.19)) ig

L (x) = —%—m (2.26)
nel

iease, If k /(nel) < o , the optimal solution is to take no further
“basrvation and to choose g(x) = (ns+ -~ )/(ne1) and f(s,n) = k/(ne1),

-hich i3 independent of s. Let N be such that

D S (2.77)
Ns1 - N
" I k
f{syn) u £(n) = o for n . N (2.28)
} “nel
f(n) = min { forn . N (2.29)

:L o ¢ f(nel)

Thus, the optimal solution is of the farm ; take & sample of sire

o+, detsrmine the corresponding s and take g (x) = (nse “ )/(ns1).

Yable 3.1 belov gives ths decision procedure tor specific valuss

W ok nnd @ .



Let

el

k.,

k=8 and o=1, Then

gives N=T

-3
[P

Table 2.1 Decision procsdure for normal distribution

S : |
1 1 aef(n+)) 11 1 k/(n+1) sin({, 11, liwoleion

4 e i 1.0 1.3 iy

2.9 f 1.14 1.14 7

2.14 1,33 1,33 T

%.33 1. 60 1o 8 T

2,60 2,00 20 K v

3,00 2.67 2,67 T

3.67 4.00 3,97 C

YY) 8. 00 5¢ R C
] ! ]

T = Terminate and take g'(x) = -3:-%-?-
ne

C =

Continue further with a sample.

.8.2 ixpeoted Kisk for the Sxpomentisl Distribution

we shell now suppose that X5 Xos eaes Xy 1o & runiom smple

‘+uwn from an exponential distribution with the parsmeter 6 , wvhoae

e Ly unknown.

laCep

dF(x | @)

(7. 30)
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va% the prior distribution of © be of the fora

- L\ﬂ
. 1 /
digle ) == e de
. ]
o - u/a
e ]
RSN . 48 (2.31;
il{r,,/) e S |

waa ' and Y are known gonatants., The prior density of the fora (2,31)
ca known ua invertsd gemma density function,

n
Let o = > x, bo the suificient statistic for the purameter &,
i=1

Aayn 8 has the gamne distributlion with n degrees of freadom.

The posterior distribution of the parameter € 1s given by

U
o’ /e L, - afa
n
el de
4i,(€ | syn) =

. -% 4 o-,“/ad

s

3

A wiifying (glven in Apuendix), we get

nev = (&8s Yifg

(9 ¢ ) e ,
43 (8 8gn) B —mmmieee S do 2,32,
h LR , ne "”I’l
; {n+ ) 9

hip diastribution aleo belonga to the inverted gamma [axzily. -
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The pasterior distribution of Xpey Elvemn x4, ... , x;, 1a

R A Wl
Jg @ 3 o'l 4
dF (2 0y | w0} = -%a 4 -/e aey
SR S . a8
Jg o e "1
i2211fying (given in Appendix), we bave
1
[T{n+ v+ 1) Tae
anhn-ﬂ” a,n) = o d Xy, (2,33
[M{ne v} (1. X,,q B*7et
g+ ¢
The mean and the variance of the posterior distribution of the
st ameter @, respeotively, are
g+ "
mean = 4(0) x) T ——— (2,34
n+ v —1
(s o S .
variance = ¥(8|x) =T ~e—eeenee (2.35)

3
(n+ V=1)"(ne v =2

Thus se,n are gulficlent statisties for the dymamic programming
-nreulation, and for the quadratic loas function considered in the funotiocoml

uation (2,17), the Bayes estimator as defined in section 2.5 is given by

g‘ktll' XEEERE) !n) = ""'r:“:-"::;.- (2.36) - -

Clrsa '4‘1]1] 9) = 3, for 1 E ] 1’ enap Ny it fol].w. thlf-

LA

:"11) = &i‘iy [xl 0_7? = LE(e) = -—-— (2.37)

.y -



i hence irom (2.19), (2.35) and (2,37), the Bayesa risk is

k _uz

LJ ‘) = 3 (2.38)
(Va1 (ne V2

Using (2,.38) in the functionsl squatioca (2.17), we can conalude

ot §L 2

k)

(‘9-1)2(now‘)-21

$ C (2.9

“h oy optinal solution is to take no iurther cbservation and to shoose
Ged o= s o‘“) / {n +9=l) und f(ayn) = k",uz/[( 17-1j2 (me Va2 7,
i ue such that kr,unf(@-l)a(ﬂw?-z) 4 e <k uz/’(@-l)z(ﬂo’ﬁ-aj,

aony doropo> K

o2
. k-
f(l,n} = f(n) - - iBCWJ
(7 w13 (ne V=2
cvar o < N K s 2 -
(Vewl)® (nev =2}
f(n) = min (2.41)
c e+ f(n+ 1) J

Table 2,2 glves the dsoision procedure for apecific valuea of

by v oand o .
let k=6, "‘»\A = 1, V=2 and ¢ = 1. Then

4

x 2 x M
: : ‘ givea HN= &

L
]
»

[ -1)3 (Ne 722} {v -.‘L)3 (He Va3



Tuble 2.2 Deoision procedurs for exponential distribution.

-
b

] 2 ‘
T 1 eefmer) | 11 k_,M‘/('f"-l) {ne) «2) min(I,11; | Deoision

7 1.0 | 1.0 1.0 | T
2.0 | 1.2 1.2 | I \
| ':
2.2 ‘; 1.5 ' 1.5 T
| .
2.5 2.0 2.0 T
| ; L
3.9 %0 3.0 _ Tle
4.0 6.0 4.0 ;
7.0 7.0 '; E J
e | | .
., . a ’."u
T =z Termipute and tuke g (X/) = —eee—eew
ne /=l

L = Continue further with & sample,

6.3 :ypected Hisk for the Polisaon Distribution

let us assume that Xis roereay X is 5 random sample drawn from u

n
i saon distribution with unknown parsmeter / . Let the prior distributinm

the parametsr ) be a gamms distribution with known parumeters < and S,

Ty W have -/ x
e N
dif{x | ») = —— (2.42)
x|
15-1 - A
A (A A) .
dag( A = a A (2.43).
1 A
RAVES
n

et 83 ) x, be tha sufficient statistic for the unknown
i=1



woamster ) . Then the posterior distribution of the parumeter ) given
i
=(n+ L) N @e il

. a /’" d Kl
dﬁn( A ’lsﬂ) =

[ winex A Be el
Jo i d A
TA

implifying (glven in Appendix), ve get

{n J..P -(ne X JA g =]
dG,( A|#pn) o ceeee e A

g ~ (f’. 44)
(8¢ 3)

wi.my the posterior distribution of the purameter ) given s also beloags

2 the qemms famlly. The posterlor diatribution of Xpel given Xgreses X,

dvun by wiDele <) A Bex . il
1 onel
ir (xp g1 | 3ens = Tnet 22
r @ I - —
n'“nel e(rexiy ses-1
j a A d A4
A
iwplifying (given in Appeaniixj, wve get
B+ o #eP Maex . ¢ S) 1 1
al (x “ | sym) = ‘ .
n I'I"J("‘. ’I (n.:!’ ; x']'l (n’J.I} n’l
(2,45,
~avah Ly af the negative biaomial prabability density [unction.
The mean ani the variance of the posterior distribution of the
.. agater A are yivan by Y e
Se a
mean = E(2)1x) = e———— (2.46)
A+ n
varisnce = V( ) |%} T emmen 2 (2.47)
(K¢ 8
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~aspect.ively, se that for the quadratioc loss {unction considered in

c:ztlon 2.5, Lhe Bayes estimator l‘ is zZAven by

. P8
s (!1' cangy In) ax u( . o (30‘8]
Py (‘Ili J Al = )\’ for 1 =1, ..vy Ny, 1t t0llows that
sg)ma Ely | A=A A) s -7- (2,49,
Honce from (2.19), (2.47) and (2.49), the Bayes risk 1s
. K
L ( X ) iz —me ‘ (‘50501
Alxe n)

Thus 8y, n are sut'fiolent statistics {or the dynamioc progreamming
“nemalation, Using (2.50) in the functiocnmal oquation (2.17), we have, if
- f » (Xe n) = ¢, then the optimel solution is to take no further

wiervation and to choose g(x) = (2+ a) / (x+ n) and f{ayn) 2= k5/ x{~+ n)

It # 4is sn integer such that

k?“; F 3 15
- il e n % [ <
« {4+ N) X { A+ B=1)
oy o n 2R
k .
X{Xe n)
A -!f‘.. [ .
v For @A < N k> “
f{n) = umin A of* nj {2.52)
c + finey)

In table 2.3 balow, we give & decision procedure for specific values



Y, Loard 0.

Lt k=9, = >= ] and ¢ » 1, Then

Kk
e s <8 < N
e N) Al x e N=1)}

¥ 39 ¥y¥a8,

Table 2,3 Deoision procedure for Poisson Distribution.

!rl ! ; . r-(-mu I1 1 k */«(xe+ n) ;I win(1,11) Deaision 1
2 1.0 1.0 1.0 T
2.0 1o13 .12 ¢
2.13 1.29 1.7 roo
2,29 jr 1. 50 1. 50 ’
2.0 1. 60 1. 40 T
2,80 2.25 | 2.25 ¢
9,25 3, 00 3, WU T
4.9 : 4. 50 L VY ;
5. 50 9,0 : 5, 50 ;
L | |
v = Terminate and take g (x; = 'J‘: :

¢ = Continue further with « sample.

“.&.4 [Fxpeetwl Hisk for the Binomial Distribution

We ashall now assume that X;, X3, «.sy X, 3is & rendom saple drava



tron the binomial population
dF(x J A} = (: ) /l’: (1 - .4) (3.53)

sare 4 1s the unknown parameter, Lat the prior distribution of 1 be a
+ % distribution, so that

o« - 1 t:‘-l
A (1= 1)
dG( A ) = d A (2.54)
B(L"(:. [{’ )
n
Let 83 ) x, be the sufficient statistic for the parameter .
i=1

“,4ny, the posterior distributiom of A given s 41s (using (2.11))

‘l lin-s .:(-l 2 -1
A (1= ) A (1= 1) d 4

4a,( 1 )ssn) =

N Nh-s (=1 el
JA (1= A) v (1= ) d s
4
Cimaldfying (glven in Appendix), we obtatn
R LEE S Nns+ ,‘S- s =1
A (- »)
da, { /1] s,n) = d A (2.95)

B{ X+ 8, Nn ¢ * = 8)

4 Is wlso s beta = type distribution. The postericr distribution of

vaun xl’ snceep X is (“.1“‘ Ka.“’)

n
(¥ )t Nn-s Xp,y Mg oot
Xael J/\ (1= A) A (1= ) b= g
af 'l(xn-oll an) = ! . - o1 — -3
j: A (1= 4) A (1= n) 4 i

A

O
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imn1ifying (glven in Appendix), we got

N B(ax + 59 N(nol} ¢ ~a-x_ )
o) = (_ ) et - 2t (256

| @» ‘
nel a1 Blas <, ¥n + = = nj

tﬁ*“n(l

"r¢ gean and the varlance af the posterior distribution of the pareameter

nE
wes
Nn ¢+ ¢

(A+ms (Hn + P =3

variance a ¥ ajx) = — (2,58

2
(Nno.-\&'r‘) (Nae ¢ - »1;

~upeotively. Therefore, for the guadratie loes function consldered in

stlon .5, the Bayes estimator g. is given by

o+ )
g.(xp assenp In) = {2.39)
~ ‘.
in » x4 -
)jlmﬁ h‘.-‘!i\ /)} = N A » lfor ‘ = 1’ vensp 0 1ts fo].lm- tnh.t
e . N o
t':‘xi) LI [11,/‘..7 3 a lh( 1) B ——— (2. )

Thus using (2.60) in the funotional equation (2.17), we oconclui« that

k o

v
~

(e {D)I(nn’ e 1)

“n optimel solution is not to take any more obssrvations and te chooss

L4 e (;gu A} / (ﬂnf e (") and f(l.ﬂ.,lf =R o, / (""(*_ ! ,3 (Hm x4 ,.”1‘)-



1 X' ie an integer such that

k A l) k u\' 1.;

I o<
2} (M exs »e 1) (-mwa[n(s'-now o1/

k
f(a,n) = f(n) = WY
. 2
(x5} (Nne e2¢ 3 )

I
kg o oo M ‘_
I k. :

———— gare. ———

(u(* :5)2(1‘:11 ez 1,
f(n) = .’.n | \u «/

c ¢ f(n 1)

It 1s possible to obtain e set of decislion procedures for speciiic

wtiag ol ky 6y oy > and N

A FUTRAR program is included in Appendix so that the numerieal
# *Litions obtained here can also be obtained vith the help of & camputer,
Ye w4 o computer will help ua to obtaln these results for different
-ty o walues of coastants and paramoters. The program has been tested

- ran on  IBH 1820 ocomputer systam nttached to the University.



