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M. Bel University, Banska Bystrica,
Matematicky Ustav SAV, Bratislava
Slovakia

1. Introduction

One of the most important results of mathematics in the 20th century is the Kolmogorov model
of probability and statistics. It gave many impulses for research and develop so in theoretical
area as well as in applications in a large scale of subjects.

It is reasonable to ask why the Kolmogorov approach played so important role in the
probability theory and in mathematical statistics. In disciplines which have been very
successfull for many centuries.

Of course, Kolmogorov stated probability and statistics on a new and very effective
foundation - set theory. For the first time in the history basic notions of probability theory
have been defined precisely but simply. So a random event has been defined as a subset of a
space, a random variable as a measurable function and its mean value as an integral. More
precisely, abstract Lebesgue integral. It is hopeful to wait some new stimuls from the fuzzy
generalization of the classical set theory. The aim of the chapter is a presentation of some
results of the type.

2. Fuzzy systems and their algebraizations

Any subset A of a given space (2 can be identified with its characteristic function

XA : QO — {0,1}
where
xalw) =1,
ifweA,
Xa(w) =0,

if w ¢ A. From the mathematical point of view a fuzzy set is a natural generalization of x 4 (see
[73]). It is a function
() Q— [0, 1] .

Evidently any set (i.e. two-valued function on Q), x4 — {0,1}) is a special case of a fuzzy set
(multi-valued function), 4 : QO — [0, 1].
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220 Intelligent Systems

There are many possibilities for characterizations of operations with sets (union A U B and
intersection A N B). We shall use so called Lukasiewicz characterization:

XauB = (xa+xB) N1,

XanB = (xa+xg—1) V0.

(Here (fV g)(w) = max(f(w), g(w)), (f Ag)(w) = min(f(w), g(w)).) Hence if g, pp : O —
[0,1] are fuzzy sets, then the union (disjunction ¢ 4 or ¢p of corresponding assertions) can be
defined by the formula

A D o= (pa+ep—1)A1,

the intersection (conjunction ¢4 and ¢p of corresponding assertions) can be defined by the
formula

¢A©¢p = (¢a+¢p—1)VO0.

In the chapter we shall work with a natural generalization of the notion of fuzzy set so-called
IF-set (see [1], [2]), what is a pair

A= (pup,vya): Q—[0,1] x[0,1]
of fuzzy sets jig,v4 : QO — [0, 1], where
patpa=1l
Evidently a fuzzy set ¢ 4 : Q3 — [0, 1] can be considered as an IF-set, where
Ha=@a: Q= [0,1,va=1—9s:Q—[0,1].

Here we have
pa+va =1,

while generally it can be ji4 (w) +v4(w) < 1 for some w € Q). Geometrically an IF-set can be
regarded as a function A : (3 — A to the triangle

A= {(u,0) ER?:0<u0<v,utv< 1}.
Fuzzy set can be considered as a mapping ¢ 4 : 2 — D to the segment
D= {(u,0) € REu+v=10<u< 1}
and the classical set as a mapping ¢ : () — Dy from () to two-point set
Do = {(0,1), (1,0)}.

In the next definition we again use the Lukasiewicz operations.

Definition 1.1. By an IF subset of a set (2 a pair A = (p4,v4) of functions
pa:Q—[0,1],v4,Q — [0,1]

is considered such that
Ua +v A < 1.
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Analysis of Fuzzy Logic Models 221

We call y1 4 the membership function, v4 the non membership function and
A< B<= g < up,vq > Vp.
If A= (pa,va), B= (up,vp) are two IF-sets, then we define
A®B=((pa+up) N1, (va+vg—1)V0),
AOB = ((pa+ug—1) V0, (va+vp)Al),
“A=(1—pp,1—vy).
Denote by F a family of IF sets such that

A BeF—A®Be F,A0OBec F,-AecF.

Example 1.1. Let F be the set of all fuzzy subsets of a set (0. If f : (3 — [0, 1] then we define

A=(f1-f)

Le.vg =1—pyu.

Example 1.2. Let (Q), S) be a measurable space, S a 0-algebra, F the family of all pairs such
that uy : Q — [0,1],v4 : QO — [0,1] are measurable. Then F is closed under the operations
@/ @/ .

Example 1.3. Let (), 7) be a topological space, F the family of all pairs such that 4 : O —
[0,1],v4 : QO — [0,1] are continuous. Then F is closed under the operations®, ®, .

Remark. Of course, in any case A @ B, A © B, ~ A are IF-sets, if A, B are IF-sets. E.g.
A®B= ((‘llA—F}lB)/\l,(VA—FVB —1)\/0),
hence
(ma+pp) N1+ (va+vp—1) V0=
= ((ma+up) N1+ (va+vpg—1))V((pa+pup) A1) =
=((pat+up+vatvg—1)A1Q+va+vg—1))V((pa+up) A1) <
< ((1+1=1)A(va+vp)) V (ja+ ) AT) =
= (AA(va+vp))V ((na+pp) A1) <
<lvl=1

Probably the most important algebraic model of multi-valued logic is an MV-algebra
([48],[49]). MV-algebras play in multi-valued logic a role analogous to the role of Boolean
algebras in two-valued logic. Therefore we shall present a short information about MV-alegras

and after it we shall prove the main result of the section: a possibility to embed the family of
IF-sets to a suitable MV-algebra.

Let us start with a simple example.
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222 Intelligent Systems

Example 1.4. Consider the unit interval [0, 1] in the set R of all real numbers. It will stay an
MV-algebra, if we shall define two binary operations &, ® on [0, 1], one unary operation —
and the usual ordering < by the following way:

a®b=min(a+b,1),
a®b=max(a+b-1,0),

a=1—a.

It is easy to imagine that a © b corresponds to the disjunction of the assertions a,b, a © b to the
conjunction of a, b and —a to the negation of a.

By the Mundici theorem ([48])any M V-algebra can be defined similarly as in Example 1.4, only
the group R must be substitute by an arbitrary /-group.

Definition 1.2. By an I-group we consider an algebraic system (G, +, <) such that
(i) (G, +) is an Abelian group,

(i) (G, <) is a lattice,

(ii)a<b=a+c<b+ec.

Definition 1.3. By an MV-algebra we consider an algebraic system (M, 0,u, &, ®) such that
M = [0,u] C G, where (G, +, <) is an I-group, 0 its neutral element, u a positive element, and

adb=(a+0b)Au,

a@b=(a+b—u)Vo,

-a=u—a.

Example 1.5. Let (), S) be a measurable space, S a c-algebra,
G={A=(nava)ipa,va:Q— R},
A+B=(patupvatve—1)=(ua+psl—(1-va+1-vp)),
A< B <= pa < B, va 2 VB.

Then (G, +, <) is an I-group with the neutral element 0 = (0,1), A — B = (ya — Up,va —
vg + 1), and the lattice operations

AV B = (iaVpp,vaAvp),
ANB=(puaApup,vaV ).

Put u = (1,0) and define the MV-algebra
M={A€G;(01)=0<A<u=(1,0)},
A®B=(A+B)Au=

= (ma+upvat+vg—1)A(L0) =

= ((a +pup) N1, (va+vp—1) V0,
A®B=(A+B—-u)Vv(0,1)=
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Analysis of Fuzzy Logic Models 223

= ((pa+ppva+vg—1)—(1,0)) vV (0,1)=
=(pa+pup—1Lva+vpg—1-0+1)V(0,1)=
=((pa+pup—1)VO,(va+vp) A1),
—A=(1,0)— (pa,va) =
=(1—-pa0-va+1) =

=(1—pal—vy).

Connections with the family of IF-sets (Definition 1.1) is evident. Hence we can formulate the
main result of the section.

Theorem 1.1. Let (2, S) be a measurable space, F the family of all IF-sets A = (y4,v4) be
such that y 4, v4 are S-measurable. Then there exists an MV-algebra M such that 7 C M, the
operations @, © are extensions of operations on F and the ordering < is an extension of the
ordering in F.

Proof. Consider MV-algebra M constructed in Example 1.5. If A, B € F, then the operations
on M coincide with the operations on F. The ordering < is the same.

Theorem 1.1 enables us in the space of IF-sets to use some results of the well developed
probability theory on MV-algebras ([66 - 68]). Of course, some methods of the theory can be
generalized in so-called D-posets ([28]). The system (D <, —,0,1) is called D-poset, if (D, <)
is partially ordered set with the smallest element 0 and the largest element 1, — is a partially
binary operation satisfying the following statements:

1. b — ais defined if and only if a < b.
2.a <bimpliesb—a <bandb— (b—a)=a.

3.a<b<cimpliesc—b<c—aand (c—a)—(c—b)=b—a.

3. Probability on IF-events

In IF-events theory an original terminology is used. The main notion is the notion of a state
([21], [22],[57], [58], [61][, [62]). It is an analogue of the notion of probability in the Kolmogorov
classical theory. As before F is the family of all IF-sets A = (p,v4) such that pa,va :
(Q,S) — [0,1] are S-measurable.

Definition 2.1. A mapping m : F — [0,1] is called a state if the following properties are
satisfied:

(i) m(1a,00) = 1,m(0q, 1) =0,

(i) A® B = (0n,1q) = m((A® B)) = m(A) + m(B),

(i) Ay A= m(A,) / m(A).

Of course, also the notion with the name probability has been introduced in IF-events theory.

Definition 2.2. Let J be the family of all compact intervals in the real line, 7 = {[a,b];a,b €
R,a < b}. Probability is a mapping P : F — J satisfying the following conditions:
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224 Intelligent Systems

(i) P(10,00) = [1,1], P(0q,1a) = [0,0],

(ii)) A® B = (0n,1q) = P((A® B)) = P(A) + P(B),
(iii)) A, /* A= P(A,) /' P(A).

It is easy to see that the following property holds.

Proposition 2.1. Let P : F — J,P(A) = [P’(A), P4(A)]. Then P is a probability if and only if
P’ pt.F [0,1] are states.

Hence it is sufficient to characterize only the states ([4], [5], [54])-

Theorem 2.1. For any state m : F — [0, 1] there exist probability measures P,Q : S — [0,1]
and « € [0, 1] such that

m((pa,va)) = /Q padP + a(l — /Q(VA +v4)dQ).

Proof. The main instrument in our investigation is the following implication, a corollary of
(ii):
f8eF,f+8§<1=m(f,g) =m(f,1—f)+m(0,f+g). (1)

We shall define the mapping P : S — [0,1] by the formula P(A) = m(xa,1 — xa). Let
A,BeES,ANB=®.Then xa+xp < 1,hence (xa,1—xa)©® (x,1—x5) = (0,1). Therefore

P(A)+P(B) =m(xa,1—xa)+m(xp1—xp) =
=m((xa,1—xa)®(xB,1—xB)) =
=m(xa+xs1—xa—xB) =m(xaus,1—xaup = P(AUB).
Let Ay € S(n =1,2,..), Ay /* A. Then

Xa, /" xal=xa, \1—xa,

hence by (iii)
P(An) = m(xa,. 1—xa,) / m(xa,1—xa) =P(A).

Evidently P(Q)) = m(xa,1—xa) = m((1,0)) = 1, hence P : S — [0,1] is a probability
measure.

Now we prove two identities. First the implication:

Al,...,An € 8,0(1,...,0(71 € [0,1],AiﬂA]' = @(l #]) —

n n n
m(Y_aixa,1— Y wixa) =Y m(aixa,1—aixa,) 2
i=1 i=1 i=1

It can be proved by induction. The second identity is the following

0<wapB<1= m(axa,1—aBxa)=am(Bxa,1—PBxa) (3)
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First it can be proved by induction the equality

qm(éﬁXAzl - %57@4) =m(Bxa,1—pBxa)

holding for every g € N. Therefore
1 1 1
m(aﬁXAz 1= E'BXA) < am(,BXA, 1—pxa)

m(gﬂm,l —~ gf’XA) = gm(ﬁml —Bxa),

hence (3) holds for every rational «. Let« € R, a € [0,1]. Take a, € Q, 0, /" a. Then

anxa /oxal—anxa \1—axa.
Therefore
m(apxa,l —aBxa) = lim m(anBxa,1 —anpxa) =
= lim awm(Bxa,1—pxa) = am(Bxa1—pBxa),

hence, (3) is proved, too. Particularly, if we give p = 1, then

m(axa,1—axa) =am(xa,1—xa)

Let f : QO — [0, 1] be simple, S-measurable, i.e.

n
f = ZDCI‘XA,-/Ai € S(l = 1/~///n)/AimAj = ®(l #])
i=1

Combining (2), (3), and the definition of P we obtain

m(f,1— f) = ém(wim,l ) =

n
=Y aim(xa,1—xa)=

i=1

n

= ZOCZ'P(AI') = /Qfdp,

i=1
hence

m(f,1= 1) = [ fap,

for any f : Q — [0, 1]simple. If f : OO — [0,1] is an arbitrary S-measurable function, then
there exists a sequence (f;;) of simple measurable functions such that f, ,* f. Evidently,
1— fu \¢1— f. Therefore

m(f, 1= f) = lim m(fo, 1= f) = lim [ fuap= [ faP,

www.intechopen.com



226 Intelligent Systems

hence
m(f,1=f) = | ap, (4)
for any measurable f : Q) — [0, 1].

Now take our attention to the second term m(0, f + g) in the right side of the equality (1). First
define M : S — [0, 1] by the formula

M(A) = m(0,1- xa).
As before it is possible to prove that M is a measure. Of course,
M(Q) =m(0,0) =a € [0,1].
Define Q : S — [0, 1] by the formula
m(0,1 - xa) = aQ(A).

As before, it is possible to prove

m(01-f) =« [ fdQ
for any f : O — [0, 1] measurable, or
m(0,h) = a /Q (1— h)dQ, )
for any i : 3 — |0, 1], S-measurable. Combining (1), (4), and (5) we obtain
m(A) =m((pa,va) =m((pa,1—pa)) +m((0,pa+va))

:/QyAdPJra(l—/Q(yAJrVA)dQ)-

A simple consequence of the representation theorem is the following property of the mapping
P—aQ:S5 — R.

Proposition 2.2. Let P,Q : § — [0,1] be the probabilities mentioned in Theorem 2.1, « is the

corresponding constant. Then
P(A) —aQ(A) >0

forany A € S.
Proof. Put B = (0,0),C = (xa,0). Then B < C, hence m(0,0) < m(x4,0). Therefore

a = m(0,0) < m(xa,0) = P(A) +a(1— Q(A)).

Theorem 1.1 is an embedding theorem stating that every IF-events algebra F can be embedded
to and MV-algebra M. Now we shall prove that any state m : 7 — [0, 1] can be extended to a
state m : M — [0, 1] ([63]).

Theorem 2.2. Let M O F be the MV-algebra constructed in Theorem 1.1. Then every state
m : F — [0,1] can be extended to a state 17 : M — [0, 1].
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Proof. It is easy to see that any element (1 4,v4) € M can be presented in the form
(ha,va) ©(0,1—v4)=(0,1),
(1a,0) = (pa,va) ® (0,1 —vy).
If (ua,va) € F, then
m((pa,0)) =m((pava)) +m((0,1—vy)).
Generally, we can define m : M — [0, 1] by the formula

m((pa,va)) = m((pa,0)) —m((0,1—vy)),

so that 71 is an extension of m. Of course, we must prove that 7 is a state. First we prove that
m is additive.

Let A= (pa,va) € M,B= (up,vg) € M,A® B =(0,1), hence
((ta+pup—1) VO, (va+vp) A1) =(0,1),
pa+pup<1l,1—vy4+1—-vp <L

Therefore
m(A) +m(B) =m(pua,va) +m(up,vp)
=m(pa,0) —m(0,1—vy)+m(ug,0) —m(0,1—vp) =

=m(pa +up,0) —m(0,1—vy —vp) =
=m(pa + pup,va +vg) =m(A@B).

Before the continuity of 7 we shall prove its monotonicity. Let A < B, i.e. ug < pia,v4 > Vp.
Then by Theorem 2.1
A) =m(pp,0) —m(0,1—vy) =

i
:/QyAdPJroc(l—/Q(llA—l—O)dQ—/QOdP—zx(l—/Q(OJrl—vA)dQ):

= /Q padP +a(l — /Q(HA +v4)dQ).
Therefore
m(B)—m(A):/QdePJra—a/QdeQ—a/QquQ—

—(/QVAdPJra—a/QyAdQ—a/QVAdQ):
= /Q(VB _P‘A)dp_“/Q(P‘B _VA)dQ—f—(X/Q(VA — vp)dQ.

Of course, as an easy consequence o Proposition 2.1 we obtain the inequality

/QfdP—zx/QfdQEO
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for any non-negative measurable f : () — R. Therefore
m(B) ~(A) = [ faP—a | fdQ+a [ (va—pp)dQ=0.
wi(B) ~7i(A) = | fdP—ua | fdQ+a | (va—pp)dQ =

Finally let A, = (yAn,vAn) e M,A= (‘I/LA,UA) eM,A, NA,ie. HA, s HA/ VA, N va. We
have

W(An):/Q]/tAndP—zx/QyAndQ—f—oc—zx/QvAndQ/‘
/‘/Q]/tAdP—(x/QyAdQ+tx—(x/QvAdQ:W(A).

4. Observables

In the classical probability there are three main notions:
probability = measure

random variable = measurable function

mean value = integral.

The first notion has been studied in the previous section. Now we shall define the second two
notions.

Classically a random variable is such function & : (Q),S) — R that £~1(A) € S for any Borel
set A € B(R) (here B(R) = c(J) is the c-algebra generated by the family J of all intervals).
Now instead of a o-algebra & we have the family F of all IF-events, hence we must give to
any Borel set A an element of F. Of course, instead of random variable we shall use the term
observable ([15], [16], [18], [32], [35]).

Definition 3.1. An observable is a mapping
x:0(J)— F

satisfying the following conditions:

(i)
x(R) = (1,0),x(®) = (0,1),

(ii)
ANB=Q0 = x(A)©®x(B) =(0,1),x(AUB) = x(A) ® x(B),

(iii)
Proposition 3.1. If x : 0(J) — F is an observable, and m : F — [0, 1] is a state, then

my=mox:0(J)—[0,1]

defined b
’ my(A) = m(x(A))

is a probability measure.
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Proof. First
mx(R) = m(x(R)) =m((1,0)) = 1.
If ANB =@, then x(A) ® x(B) = (0,1), hence
my(AUB) =m(x(AUB)) =m((x(A)®x(B)) =
m(x(A)) +m(x(B)) = my(A) + mx(B).
Finally, A, A implies x(A,) / x(A), hence
)

me(An) = m(x(An)) 7 m(x(A)) = my(A).

Proposition 3.2. Let x : ¢(J) — F be an observable, m : F — [0,1] be a state. Define
F: R — [0,1] by the formula
F(u) = m(x((—eo,u))).

Then F is non-decreasing, left continuous in any point u € R,

lim F(u) =1, im F(u) =0.

Uu—00 U——0o0

Proof. If u < v, then

x((=e0,0)) = x((—oo,u)) ® x((u,v)) = x((—00,u)),

hence
F(v) = m((—o0,0)) = m(x((—oo,u))) = F(u),

Fis non decreasing. If u,, " u, then

x((—o0,un)) / x((—00,u)),

hence
F(un) = m(x((—o0,uy))) / m(x((—oo,u))) = F(u),

F is left continuous in any u € R. Similarly u,,  co implies

x((—o0,un)) /" x((—00,00)) = (1,0).

Therefore
F(up) = m(x((—o0,un))) / m((1,0))) =1
for every u, /* oo, hence lim, . F() = 1. Similarly we obtain
Uy \I —00 — —Up /‘ oo,
hence
m(x((un, —un))) / m(x(R)) = 1.
Now

1= lim F(—u,) = lim m(x((un, —ty))) + lim F(u,) =

n—oo n—oo n—oo

=1+ lim F(uy,),
n—oo
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hence limy, o0 F(11,) = 0 for any u,, N\, —oo.

Of course, we must describe also the random vector T = (&,7) : QO — R%. We have
T-Y(CxD)=¢ '(C)ny (D).

In the IF case we shall use product of functions instead of intersection of sets ([47], [56], [68]).

Definition 3.2. The product A.B of two IF-events A = (y4,v4), B = (up,vp) is the IF set

AB= (papup,1—(1—-va).(1-vp)) = (pa-up,va +vp —va.vp).

Definition 3.3. Let xq,...,x,, : 0(J) — F be observables. By the joint observable of x1, ..., X,
we consider a mapping h : 0(J") — F(J" being the set of all intervals of R") satisfying the
following conditions:

(i) h(R") = (1,0)

(i) ANB =@ = h(A) ®h(B) = (0,1), and h(AUB) = h(A) @ h(B),

(iii) Ay /1 A= h(Ay 7 h(A),

(iv) h(C1 X Cp X ... X Cy) = x1(C1).x2(C2)....x(Cp), for any Cq, Cy, ...,Cy € J.

Theorem 3.1. ([63]) For any observables x,..,x, : 0(J) — F there exists their joint
observable h: c(J") — F.

Proof. We shall prove it for n = 2. Consider two observables x,y : ¢(J) — F. Since
x(A) € F, we shall write

x(A) = (¥'(A),1 - xH(4))
and similarly

y(B) = (y'(B), 1~ J(B)).

By the definition of product we obtain
x(C).y(D) = (x’(C).y’ (D), 1 — x*(C) 4*(D)).
Therefore, we shall construct similarly
h(K) = (W (K),1 — h*(K))
Fix w € Q and define y, v : 0(J) — [0,1] by
u(A) =’ (A)(w),v(B) = ¥’ (B)(w).
Let u x v be the product of the probability measures p, v. Put
1 (K)(w) = u x v(K).

Then
I’ (C x D)(w) = u(C)v(D) = 2" (C).y’ (D) (w)
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hence

W (C x D) = x"(C).y’(D).
Analogously

W (C x D) = x*(C).y*(D).

If we define
h(A) = (W(A),1—h(A)), A € o(T?),

then
h(C x D) = (x’(C).y"(D),1 - x*(C).y*(D)) = x(C).y(D).

Now we shall present two applications of the notion of the joint observable. The first is the
definition of function of a finite sequence of observables, e.g. their sum. In the classical case

C+n=g0oT:00—R

where ¢(u,v) = u+9,T(w) = (¢(w),n(w)). Hence ¢ + n can be defined by the help of
pre-images:
E+n) '=T"1og 1:B(R)—S.

Definition 3.4. Let x4, ..., x,, : B(R) — F be observables, ¢ : R, — R be a measurable function.
Then we define
g(x1,..,xn) : B(R) = F

by the formula
¢(x1, ) (C) = h(g™(C)),C € B(R),
where i : B(R") — F is the joint observable of the observables x1, ..., X;,.

Example 3.1. x1 + ...+ x, : B(R) — F is the observable defined by the formula (x; + ... +
x,)(C) = h(g~1(C)), where h : B(R") — F is the joint observable of x1, ..., x,, and g : R" — R
is defined by the equality g (u1, ..., n) = 1 + ... + Uy.

The second application of the joint observable is in the formulation of the independency.

Definition 3.5. Let m : F — [0,1] be a state, (x,);’_; be a sequence of observables,
hy : o(J") — F be the joint observable of x1,...,x,(n = 1,2,...). Then (x,); is called
independent, if

m(hy(Cp X Cp X .. X Cy)) = m(x1(Cq)).m(x2(C2))....m(x,(Cp))
forany n € N and any Cy, ...,Cy, € 0(J).
Now let us return to the notion of mean value of an observable. In the classical case
E - / P = / dr
(§0¢) L5806 8
where F is the distribution function of ¢.

Definition 3.6. Let x : B(R) — F be an observable, m : 7 — [0,1] be a state, g : R — R be
a measurable function, F be the distribution function of x (F(t) = m(x((—oo,t)))). Then we
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define the mean value E(g o x) by the formula

E(gox) = /Rng

if the integral exists.

Example 3.2. Let x be discrete, i.e. there exist x; € R, p; € (0,1],i = 1, ...,k such that

F(t)= ) pi.

x; <t
Then )
E(x) :/tdF(t) =Y xip.
R i=1

The second classical case is the continuous distribution, where

t
F(t) = / o(u)du.

Then -

E(x) = /R tAF(t) = / to(t)dt.
Example 3.3. Let us compute the dispersion

0?(x) = E(g o),
where
g(u) = (u—a)*,a = E(x).

Here we have two possibilities. The first

o2 = /R (t — a)2dF (1)

i.e.

in the discrete case, and
2(x) = [ (t-aPg(t)d
in the continuous case. The second possibility is the equality
o?(x) = E((x —a)?) = E(x?) — 2aE(x) + E(a®) =
= E(x*) —a®,a = E(x).

Since a = E(x) is known, it is sufficient to compute E(x?). In the case we have g(t) = t?, hence

E(x?) :/Rg(t)dl-”(t) :/thdP(t).
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In the discrete case we have

in the continuous case we obtain

5. Sequences

In the section we want to present a method for studying of limit properties of some
sequences (x,)n, Xy : B(R) — F of observables ([7], [25], [31], [32], [49]). The main idea
is a representation of the given sequence by a sequence of random variables (&y)n,&n :
(), S, P) — R.Of course, the space (Q, S) depends on a concrete sequence (x5, for different
sequences various spaces (€, S, P) can be obtained.

The main instrument is the Kolmogorov consistency theorem ([67]). It starts with a sequence
of probability measures (yy)n, n : 0(Jn) — [0,1] such that

Hng1lo(Tn) X R = pp

i.e upi1(AXR) = puu(A) forany A € o(Jyn) (consistency condition). Let C be the family of
all cylinders in the space RY, i. e. such sets A C RN that

A= {(tn)n; (tlz---/ tk) € B}/

where k € N, B € B(RF) = o(J¥). Then by the Kolmogorov consistency theorem there exists
exactly one probability measure
P:o(C)—[0,1]

such that
P(A) = px(B). (6)
If we denote by 71, the projection 7, : RN — R”,
”n((ti)?il) = (fl, tr, ..., fn),
then we can formulate the assertion (6) by the equality
P(7; ' (B)) = jn(B), )
forany B € C.

Theorem 4.1. Let m be a state on a space F of all [F-events. Let (x,), be a sequence of
observables, x,, : B(R) — F, and let b, : B(R") — F be the joint observable of x1, ..., x,, n =
1,2,.... If we define u, : B(R") — [0, 1] by the equality

,un:mohn/

then (y, ), satisfies the consistency condition

Hnt1|(0(Tn) X R) = pn.
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Proof. Let C1,Cy, ..., Cy € B(R). Then by Definition 3.3. and Definition 3.1
]/ln+1(C1 X CZ X .. X Cy X R) = m(xl(Cl)).xz(Cz) ..... xn(Cn).an(R)) =

= m(x1(C1))-x2(C2).-xn (Cn).(1,0)) =
= m(x1(C1))-X2(C2) ..... xn(Cn)) =
— Vn(cl X Cz X oo X Cn),

hence py,11|(Jn X R) = pn|Tn. Of course, if two measures coincide on J, then they coincide
on o(Jy), too.

Now we shall formulate a translation formula between sequences of observables in (F,m)
and corresponding random variables in (RN, (C), P) ([67]).

Theorem 4.2. Let the assumptions of Theorem 4.1 be satisfied. Let g, : R” — R be Borel
measurable functions n = 1,2, .... Let C be the family of all cylinders in RN, Cn: RN — Rbe
defined by the formula ¢, ((¢;);) = ta,

T]n . RN — R,T]n — gn(gl'/ ...,gn),
yn . B(RH) — f,yn — hn Og;,jl.
Then
P(i1,* (B)) = m(yn(B))
for any B € B(R).

Proof. Put A = ¢, ' (B). By Theorem 4.1.
m(yn(B)) = m(hn(g; " (B))) = P(m; " (g, (B))) =
= P((gn o) "' (B)) = P(11, ' (B)).

As an easy corollary of Theorem 4.2 we obtain a variant of central limit theorem. In the

classical case 1
1’1

1 t
t}) = — 7
n—oo \/—ﬁ < 2 V21 /—ooe

Of course, we must define for observables the element

It is sufficient to put
n n
Qn(Uq, oy tty) = \/7— Z u; —a
i=1

Theorem 4.3. Let (x,), be a sequence of square integrable, equally distributed, independent
observables, E(x,) = a,0%(x,) = ¢%(n = 1,2,...). Then

121

X;—a
lim (==
vn

n—o0

(—co,t) \/_/ 7 du

www.intechopen.com



Analysis of Fuzzy Logic Models 235

Proof. We shall use the notation from the last two theorems. Then for C € o ()

m(x,(C)) = m(hy(R % ... x Rx C) = P(mr, ' (R x ... x R x C)) = P(&,(C)),

hence - .
E(&n) = / tdP;, (1) = / by, () = E(xn) = a,
and
0% (8n) = 0% (xn) = 07
Moreover,
P(&HC) N NEH(C)) = P(, H(Cp X oo X Cp)) =
=m(hy(Cy X ... x Cyy) = m(x1(Cq))eecemi(x,(Cp)) = P(gfl(Cl)) ..... P& N(Cy)),
hence {1, ..., n are independent for every n. Put g, (11, ..., uy) = ‘/7E Y. 1 u;i —a. By Theorem

4.2. we have

m@(ixi — a)((—c0,1)) = m{ln(gi (—00,))) = mya((—c0,)) =

= PO ((~o0, 1)) = P({(@); L2 Y- gi(w) —a < ).

Therefore by the classical central limit theorem

1 vn

~Y" o x;—a 1 t u2
lim m(”zl%(—oo,t)) = — e 2du
n—oo \/ﬁ \V 27T J—o0

Let us have a look to the previous theorem from another point of view, say, categorial. We had

lim P17, 1((—oo,t)) = ¢(t)

n—o0

We can say that (1), converges to ¢ in distribution. Of course, there are important
possibilities of convergencies, at least in measure and almost everywhere.

A sequence (77,)n of random variables (= measurable functions) converges to 0 in measure
u:8S —10,1],if
lim p(n " (—¢,€)) =0

n—o0

for every € > 0. And the sequence converges to 0 almost everywhere, if

11
. o0 [e] (o) —1
Tim P(NG2y UpZy Ok ((—EI ;)) =1

Certainly, if 7, (w) — 0,then

Ve > 03kVn > k: —e < n(w) <e
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If we instead of € use %, p € N, then 77, (w) — 0 if and only if

VpIkvn > k:w €y, (==, 2)).

And 77, — 0 almost everywhere, if the set {w; 77(w) — 0} has measure 1.
Definition 4.1. A sequence (v, ), of observables

(i) converges in distribution to a function F : R — R, if

lim m(y,((—oo,t)) = F(t)

n— o0
forevery t € R;

(ii) it converges to 0 in state m : F — [0, 1], if

lim m(yu((—&,€))) = 0

n—o0
for every ¢ > 0;
(iii) it converges to 0 m-almost everywhere, if

- 11
lim lim li Aty (2 2)) = 0.
pgrolokgﬂlozinolom( ”:ky”( p p))

Theorem 4.4. Let (y,), be a sequence of observables, (1, ), be the sequence of corresponding
random variables. Then
(i) (yn)n converges to F : R — R in distribution if and only if (1, ), converges to F;

(i) yn)n converges to 0 in state m : F — [0, 1] if and only if (1, ), converges to 0 in measure
P:S—10,1]

(iii) if (1, )n converges P-almost everywhere to 0, then (y,, ), m-almost everywhere converges
to 0.

The details can be found in [66]. Many applications of the method has been described in [25],
[31], [35], [37], [39], [52].

6. Conditional probability
Conditional entropy (of A with respect to B) is the real number P(A|B) such that

P(ANB) = P(B)P(A|B).

When A, B are independent, then P(A|B) = P(A), the event A does not depend on the ocuring
of event B. Another point of view:

P(ANB) :/BP(A|B)dP.
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The number P(A|B) can be regarded as a constant function, Constant functions are
measurable with respect to the o-algebra Sy = {©@, Q}.

Generally P(A|Sp) can be defined for any o-algebra Sy C S, as an Sp-measurable function
such that

MAQC%:APQW%MRCG&%
If Sy = S, then we can put P(A|Sp) = x4, since x 4 is Sp-measurable, and
/CXAdP — P(ANC).
An important example of Sy is the family of all pre-images of a random variable § : (O — R
So={¢"'(B);B € o()}
In this case we shall write P(A|Sy) = P(A|Z), hence
L (P(Al8)dP = P(ANC),C = ¢71(B), B € o().

By the transformation formula

aane @)= [

And exactly this formulation will be used in our [F-case,

B)gogdP:/BgdPE,B eo(J)

me@D:éMM@Mu:AMM@M.

Of course, we must first prove the existence of such a mapping p(Alx) : R — R ([34], [70],
[72]). Recall that the product of IF-events is defined by the formula

KL= (‘MK.‘HL, Vg +vL — VK-VL>-

Theorem 5.1. Let x : 0(J) — F be an observable, m : F — [0,1] be a state, and let A € F.
Define v : 0(J) — [0, 1] by the equality

v(B) = m(A.x(B)).
Then v is a measure.
Proof. Let BNC =@,B,C € B(R) = (7). Then x(B).x(C) = (0,1), hence
A.(x(B) & x(C)) = (Ax(B)) & (Ax(C)),
and therefore
vV(BUC) =m(Ax(BUC)) = m(A.(x(B) ®x(C)) =m((Ax(B)) ® (Ax(C))) =

= m(A.x(B)) + m(A.x(C)) = v(B) +v(C).
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Let B, ,/* B. Then x(By,) ,* x(B), hence A.x(By) ,* A.x(B). Therefore

v(By) = m(A.x(By)) /* m(A.x(B)) =v(B).

Theorem 5.2. Let x : 0(J) — F be an observable, m : F — [0,.1] be a state, and let A € F.
Then there exists a Borel measurable function f : R — R (i. e. B€ ¢(J) = f1(B) € ¢(J))
such that

m(A.x(B)) = /B ey

forany B € o(J). If g is another such a function, then
my({u € R; f(x) # g(x)}) = 0.

Proof. Define y,v : 0(J) — [0, 1] by the formulas
#(B) = mx(B) = m(x(B)), v(B) = m(Ax(B))
Then p,v : 0(J) — [0, 1] are measures, and v < p.

By the Radon - Nikodym theorem there exists exactly one function f : R — R (with respect to
the equality y- almost everywhere) such that

m(A.x(B)) =v(B) = /dey = /demx,B eo(J).

Definition 5.1. Let x : ¢(J) — F be an observable A € F. Then the conditional probability
p(A|x) = f is a Borel measurable function (i. e. B € J = f~!(B) € ¢(J)) such that

/Bp(A|x)dmx — m(Ax(B))
forany B € 0(J).

7. Algebraic world

At the end of our communication we shall present two ideas. The first one is in some
algebraizations of the product

A.B = (]/lA.‘uB,VA +vg — VA-VB)-
The second idea is a presentation of a dual notion to the notion of IF-event.

In MV-algebras the product was introduced independently in [56] and [47]. Let us return to
Definition 1.3 and Example 1.5.

Definition 6.1. An MV-algebra with product is a pair (M, .), where M is an MV-algebra, and .
is a commutative and associative binary operation on M satisfying the following conditions:

)la=a
(i) a.(b ® =¢) = (a.b) ® = (a.c).
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Example 6.1. Let M O F be the MV-algebra defined in Theorem 1.1 (Examplel.5). Then M
with the product A.B = (yapp,va + v — vavp) is an MV-algebra with product. Indeed,

(1,0).(na,va) = (L.pa,0+va —0va) = (pa,va)-
Moreover
(a,va)-((ug,v) © (1 — pc, 1 —vc)) =
= (pa((up —puc) VO),va+ (vp —vc + 1) Al —va((vp +1—vc) A1)).
On the other hand
((ma,va)-(us,ve)) © (=(pa,va)-(uc,ve)) =
((a(up —pc)) VO, (va+ (v —vc+1) —valvg +1—1¢)) A1).

Denote
vg — Ve + 1=k

If1 <k, then
VA+kA1—VA(kA1):VA+1—VA:1,

(va+k—vak) N1 = (vg+k(l—vq))A1=1.

If k <1, then
Va+ kA1 —vp kN1 =vy +k—v4gk,

(VA +k—VAk) ANl =vas+k—vak,
hence actually
A.(B®—C) = (A.B) ® (—(A.C)).
Similarly as in Section 1 we can define a product in D-posets, we shall name such D-posets

Kopka D-posets.

Definition 6.2. A Képka D-poset is a pair (D, *), where D is a D-poset, and * is a commutative
and associative operation on D satisfying the following conditions:

1.VaeD:ax1l=ua

2.Va,be D,a<bNceD:axc<bxc
3.Va,beD:a—(axb) <1-b;

4.¥(ay)y C D,ay S a,Nb €D :a,*b ~axb.

Evidently every IF-family F can be embedded to an MV-algebra with product and it is a
special case of a Kopka D-poset, hence any result from the Koépka D-poset theory can be
applied to our IF-events theory ([26], [64]).

Now let us consider a theory dual to the IF-events theory, theory of IV-events. A prerequisity
of IV-theory is in the fact that it considers natural ordering and operations of vectors. On the
other hand the IV-theory is isomorphic to the IF-theory ([65],[43]).

Definition 6.3. Let ((2,S) be a measurable space, S be a c-algebra. By an IV-event a pair
A= (1i,,74): Q — [0,1)2 is considered such that

A< BTy <JigVa <Vp;
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ABB = ((ig+7g) AL (Va+7p)A1);
ABOB= ((ig+7g—1) V0, (W4 +v5—1)V0).

Denote by V the family of all IV-events. By an IV-state a map 717 : V — [0, 1] is considered such
that the following properties are satisfied:

1) m((0,0)) = 0,m((1,1)) = 1;

(ii) AL B = (0,0) = m(ABB) = m(A) +m(B);

(i) A, A= m(A,) S m(A).

Theorem 6.1. Let V be the family of all IV-events (with respect to (3, S)),m : —|0,1] be an
IV-state. Define

F={(ig1-74);(Jig,Va) €V},
m:F = [0,1],m((ga,va)) =1—T7i(pa,1—va)),
¢V = F,0((Hava)) = (Fa 1 —7a).

Then F is the family of all [F-events (with respect to (Q),S), m is an IF-state and ¢ is an
isomorphism such that

¢((0,0)) = (0,1),¢((1,0)) = (1,1),

Proof. It is almost straightforward. Of course, the using of the family V' is more natural and
the results can be applied immediately to probability theory on F.

8. Conclusion

The structures studied in this chapter have two aspects: the first one is practical, the second
theoretical one. Fuzzy sets and their generalization - Atanassov intuitionistic fuzzy sets - in
both directions new possibilities give.

From the practical point of view we can recommend e. g. [1], [9], [69]. Of course, the whole IF
- theory can be motivated by practical problems and applications (see[10],[44 - 46], [53]).

The main contribution of the presented theory is a new point of view on human thinking
and creation. We consider algebraic models for multi valued logic: IF-events, and more
generally MV-algebras, D-posets, and effect algebras. They are important for many valued
logic as Boolean algebras for two valued logic. Of course, we presented also some results
about entropy ([11], [12], [40 - 42], [59]), or inclusion - exclusion principle ([6], [26], [30])for an
illustration. But the more important idea is in building the probability theory on IF-events.

The theoretical description of uncertainty has two parts in the present time : objective -
probability and statistics, and subjective - fuzzy sets. We show that both parts can be
considered together.
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