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ARG Abstract
: According to the established requirements, the distribution that
. g minimizes the Kullback-Leibler divergence is chosen using the
BOMSR minimal likeliness distance (divergence) metric principle. This
D fundamental principle generalizes various approaches that have been
m put forth independently and cover a wide range of distributions.

Additionally, we point out that the Lagrangian approach is a
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Published online: 28/09,/2025 with a uniform posterior distribution. To provide much-needed

particular instance of minimum distance (divergence) metric (MDM)

clarification, this study is done in intuitionistic fuzzy environment
thatgives us the analytical solutionand the direction which highlights
this link.
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1. Introduction

For every uncertain decision, estimating the underlying probability distribution of
the decision options is a necessary step [4]. For instance, the distribution of profitability
is necessary when making investments, and the probability of failure for each alternative
is necessary when constructing an engineered solution. The minimum distance
(divergence) metric approach was put forth by Edwin T. Jaynes [5] as a way to establish
prior probabilities in decision analysis. The Kullback-Leibler [6] divergence is the
objective of entropy methods, which rely on the optimization of an objective function.
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The optimization problem, which has also been solved by Verma [11, 12, 13, 14, 15]
incorporates the available information as constraints. In decision analysis, both directions
of the distance metric approach are frequently employed, especially when combining
expert opinion [1]. The (divergence) metric [10] assesses how closely two probability
distributions, Pand Q, are connected. It can be used to determine the distribution P that
satisfies a set of requirements and is closest to a target distribution Q using the notion of
minimal (divergence) metric (MDM), where the '"closeness" is determined by the
Kullback-Leibler divergence [6, 7]. To find the solution to the probabilistic problem
presented above, Kullback [7] first maximized a measure of directed divergence owing to
Chernoff [2] concerning the relevant parameter. The seven optimization problems have
been solved by Kapur's [8]and Verma’s [11, 13], and the solution is dependent on the
Kullback-Leibler divergence's measure of directed divergence [6] for a discrete reference
distribution Q calculated with a discrete distribution P is

D(P,Q) = Xi;p;Intt

To find the solution to the probabilistic problem presented below, Kullback [7] first
maximized a measure of directed divergence owing to Chernoff [2] concerning the relevant
parameter. For a discrete reference distribution Q estimated with a discrete distribution P, the

Kullback-Leibler divergence is D(P,Q) = Y/, p; In %, and Kapur's [8] and Verma’'s [11, 12, 16]

solution relies on this measure. We are now given three probability distributions, P =
(p1, - Pn), Q@ = (q1, -, qn) and R = (1y, ..., 13,), each of which hasap; > 0,q; > Oand r; > 0 with
Yripi=1,2%5¢=1 and X' r; =1Let P = (py,..,pp) be a probability distribution.
Shannon's [9] provides the measure S(P) = i~ p; Inp;.

We take into account the following optimization issues:

Problem Find the probability distribution that is closest to Q (or R) among all those
that are equally distant from Q and R.

Here, the term "distance of P from Q" refers to the directed divergence of Havrda and
Charvat [3] of Pfrom Q, i.e.,

1 _
D(P,Q) =E(Z?=1p{xqil *—1),a#1.

To find the solution to the probabilistic problem presented above, Kullback [7] first
maximized a measure of directed divergence owing to Chernoff [2] concerning the relevant
parameter. The seven optimization problems have been solved by Kapur's [8], and the
solution is based on the Kullback-Leibler [6] measure of directed divergence of Pfrom Q,
which is

D(P,Q) = Xi-1pilogp Z_Z-

1.1 Measures of Distance (Divergence) Metric
If ())D(Q,R) =0,

(ii))D(Q, R) = 0iff q; = r;, for each i
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(iii)D(Q, R)is a convex function of both ¢y, ..., q, and r, ..., 13, then D(Q, R) will be taken into

consideration as a measure of directed divergence of the probability distribution Q from the

probability distribution R.

1.2 Intuitionistic Fuzzy Set

If F be a fixed set then an intuitionistic fuzzy set [10] S in F is an object having the form
S = {< x,us(x),vs(x) >/x € F}.Where the function ps(x) and vy(x) define the degree of
membership and degree of non membership of the element x € S to S © F respectively. The

function pg(x) and vs(x) satisfy the condition (Vx € F)(0 < ug(x) + vs(x) < 1).
2. Our Results

In light of the fact that Havrda and Charvat [3] measure

D(B,C) = =30 (1 () (e () ™ = 1) + =2, (v () ((ve ()™
satisfies each of these requirements.
2.1 Arrangement of the Problem

The aforementioned issue must be reduced, subject to

1 . a -a -a
— > (aC0) (500)' ™ = () ™) +
i=1

- (Vc(xi))l_a) =0

and a(uaCx) +valxy)) = 1.

Using Lagrange’s method

—1),0:;&1

i))“ ((#B(Xi))l—a _ 1) + ﬁZ(VA(xi))a ((VB(xi))l_a B 1) _

a i 1 ;(“A(Xi))a ((Mc(xi))l—a — 1) + ﬁ;(%(xi))a ((Vc(xi))l_a B 1)

Z(MA(’CI)) (“B(xl))la +—z(vA(xl)) (VB(xL))la )

Ma@-1)7! Z(uA(xl-))“ (e e) ™ = (@) ™) +
i=1
Ma—-1D1 Z(VA(xi))a ((VB(xi))l_a - (Vc(xi))l_a)
i=1

% <Z HalGe) - 1) +2 (Z va(xp) = 1)
i=1

i=1
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Now,

n n

N (CTIE) R CED) 12 (Cae) ) ™)+

i=1

oL
Opa(x) «a

hala = D7) (1aC0) " (s Ge)' ™ = (ueGe)' ™) +
i=1

hala =D B (vaG) T ((a@) T = (ve () ) + 22 = 0.

Then, we achieve

1

[+ 20 ()™ = A (e )
pa(x;) = =

[ [(1 + 1) (up (xi))a_l - Al(ﬂc(xi))l_a]a

1

A+ (vp ) =2y (vela)) %t
and va(x;) = [SENTIC) 1(ve) ] —.

Z?zl[(1+)“1)(1’3 @) A (Vc(xi))l_a]E

Now, setting 1 + 4; = f = —4; = 1 —  and this implies that

1

[B(1s ()™ + (1 = B) (e )) ™
S [Bs ) + @ = B (uc))

pax;) =

1
@)+ =B (ven) T
and va(x;) = [ e0) A rer) ] -

51 [B ) T =B (vete) T

Thus out of all the distribution

a
n

i a-1 1— i 1—0(%
Pleuo)”+ 0 pleeo) ] ‘ (s G) ™ = (e) ™) = 0

m [Bus )+ (= B (e () ]

i=1

1 a
and g, | LECeE T am ) T (pG) ™ = (vex) ™) =0.
Zln:l[ﬁ(vB(xl.))“_l+(1—B)(VC(xL'))1_a]a_1

Letting,
n [ B )™ + (1= B ) ™[ e e
6B=) [pluste) : ) 1] ] (s G0) ™ = (e @) ™)
Sy [Blus @) + A= B (reG) ]
| [Bse) ™ + A - ) ]((v (D) ™ = (ve@)) ™) = 0
1 B\A{ - c\Aq -
Fnn [Bve () + (= B (ve) ]
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Then, G(0) = (a — 1)D(C,B), and G(1) = —(a —1)D(B,C). If 0 < @ <1 then G(0) < 0and
G(1) > 0. Obviously, G(f) has a root lying between 0and 1, assuming that it is §,, then we
have a solution of our problem

(DA, B)), ,;, = 1| 2 [ﬁo(“B (xi))a_l +(1- ﬁo)(#c(xi))l_a]E

min

a—1 a-1 1-a ﬁ “
[2?21 [.30 (.UB (xi)) +(1- ﬁo)(#c(xi)) ] ]

1 Z?:1 [ﬁo(VB (xi))a_l +(1- :30)(1/C(xi))1_0(]E

a—1

[25;1 [Bo(va ()™ + (1 - ﬁo)(vc(xi))l‘“]ﬁ]
On taking @ — 1, then we achieve

(DA, B)). . = ?:1(!13(xi))ﬁo(ﬂc(xi))l_ﬁo IOgD(,uB(xi))ﬁo(uc(xl-))l_ﬁ"
- ?:1(!13(Xi))ﬁo(llc(xi))l_ﬂo
2 (s G)) (ve )™ log (v () (ve ()
?:1(”3(951'))[;0(Vc(xi))l_ﬂo

Now, applying the limiting condition 8, — 0, then we have (D (4, B))ml,n = —S(R) where S(R)

is Shannon’s measure of entropy for the probability distribution R = 1y, ..., 1.
3. Conclusion

In this communication, we looked at Kapur's [8] approaches to the optimization
issues. We have resolved the first of seven optimization problems by employing the
Lagrangian policy in IF-criterion. The convexity characteristics of the measure of distance
(divergence) resulting from Havrda and Charvat's measure of entropy determine problems
and their solutions.
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