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Abstract

The main goal of this work is to analyze the behaviour of the F#
quantifier fuzzification mechanism [23, 22, 17]. As we prove in the paper,
this model has a very solid theorethical behaviour, superior to most of the
models defined in the literature. Moreover, we show that the underlying
probabilistic interpretation has very interesting consequences.
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1 Introduction

The evaluation of fuzzy quantified expressions is a topic that has been widely
dealt with in literature [2, 7, 8, 13, 14, 15, 16, 20, 24, 25, 28, 30, 36, 32, 31, 33,
34, 40, 56, 45, 46, 48, 49, 50, 51, 52, 53, 54, 55, 58] since the use of quantified
expressions in fields such as fuzzy control [50], temporal reasoning in robotics,
[11, 10, 44, 43], complex fuzzy queries in databases [8, 9], information retrieval
[6, 5, 41, 23, 22, 35], data fusion [51, 37], etc. can take advantage of using vague
and interpretable quantification models. Moreover, the definition of adequate
models to evaluate quantified expressions is fundamental to perform “comput-
ing with words”, topic that was suggested by Zadeh [59] to express the ability
of programming systems in a linguistic way. In this paper we analyze the the-
oretical behavior and some practical consequences of the F4 model defined on
[23, 22]1. Furthermore, we show that the underlying probabilistic interpretation
of this model hints the utility of the model for a number of applications.

In general, approaches to fuzzy quantification in the literature use the con-
cept of fuzzy linguistic quantifier [58] to represent absolute or proportional fuzzy
quantities. Zadeh [58] defines quantifiers of the first kind as quantifiers used for
representing absolute quantities (defined by using fuzzy numbers on N) , and
quantifiers of the second kind as quantifiers used for representing relative quan-
tities (defined by using fuzzy numbers on [0, 1]). In the literature, quantifiers of

1Most of the theoretical results presented in this paper have been previously published in
the dissertation [17], in spanish.



the first kind are associated to sentences involving only one single fuzzy prop-
erty (as in “about three men are tall” where “tall” is a fuzzy property); and
quantifiers of the second kind are associated to sentences involving two fuzzy
properties (as in “about 70% of blond men are tall” where “blond” and “tall”
are fuzzy properties). The linguistic quantifier associated to the former sentence
denotes the semantics of “about 3” and is defined by using a fuzzy number with
domain on N. The linguistic quantifier associated to the second sentence rep-
resents the semantics of “about 70%” and is defined by using a fuzzy number
with domain on [0, 1].

Moreover, most, of the existing approaches for dealing with fuzzy quantifi-
cation are based on the evaluation of the compatibility between the linguistic
quantifier and a scalar, possibilistic or probabilistic cardinality measure for the
involved fuzzy sets. Scalar approaches [58], usually consist of a simple evalua-
tion of the quantifier on the cardinality value. For possibilistic approaches, an
overlapping measure SUP-min is generally used [14, 16, 45] whilst for proba-
bilistic approaches, [15, 16, 21] a weighted mean of all the compatibility values
is computed. OWA approaches [51, 54] can also be related to the probabilistic
interpretation. A different approach is used in [28, 30, 36, 32, 31, 33, 34], where
families of models that are based on a three valued interpretation of fuzzy sets
are defined.

For analyzing the behavior of fuzzy quantification models different properties
of convenient or necessary fulfillment have been defined [16, 28, 30, 36, 32, 31, 33,
34, 46]. Most of the approaches in literature fail to exhibit a plausible behavior
[2, 16, 29, 32, 33, 17, 46], and only a few [16, 21, 28, 30, 36, 32, 31, 33] seem to
exhibit an adequate behavior in the general case.

In this work we will follow the Glockner approximation to fuzzy quantifi-
cation [28, 30, 36, 32, 31, 33, 34]. In his approach, the author generalizes the
concept of generalized classic quantifier [3, 27, 38] (second order predicates or
set relationships) to the fuzzy case; that is, a fuzzy quantifier is a fuzzy rela-
tionship between fuzzy sets. And then rewrites the fuzzy quantification prob-
lem as the problem of looking for mechanism to transform semi-fuzzy quantifiers
(quantifiers between generalized classic quantifiers and fuzzy quantifiers that are
adequate to specify the meaning of quantified expressions) to fuzzy quantifiers.

Moreover, Glockner has also defined a rigorous axiomatic framework to as-
sure the good behavior of QFMs. Models fulfilling this framework are called
Determiner fuzzification schemes (DFSs) and they fulfill an important set of
appropriate behavior properties.

The main goal of this work is to analyze the behavior of the F4 model
[23, 22, 17]. This model has a very solid theoretical behavior, superior to most
of the models defined in the literature. Moreover, we show that the underlying
probabilistic interpretation based on likelihood functions [42, 47, 4, 26] has very
interesting consequences, that assure its utility for a number of applications. For
example, in [23, 22, 17] the application of the model in a information retrieval
task was shown, with competitive results. In [18] the model has been used in a
summarization application for the evaluation of quantified temporal expressions.
From a theoretical point of view the model is a DFS, although is only defined



in finite domains. The fulfillment of the DFS axioms guarantees a very good
theoretical behavior. As an important point, the fuzzy operators induced by the
model are the product t-norm and the probabilistic sum t-conorm. This fact
makes the F4 model essentially different of the models defined in [33] because
all those “standard models” induce the min tnorm and the max tconorm. To
our knowledge, the 4 model is the unique known non standard DFSs.

The paper is organized as follows. In the first section, we resume the
Glockner’s approach to fuzzy quantification, based on quantifier fuzzification
mechanisms?. In the second section we explain some of the properties that let
us to analyze the behavior of the quantification model. Most of them are a
compilation of the properties defined on [33, 34, chapters 3 and 4], but we have
added to these properties two very interesting properties fulfilled by the F4
model and by the probabilistic models defined in [21]. In section three the F4
QFM is defined. We also explores the behavior of the model when the cardi-
nality of the base set tends to infinite, with a surprising relation with original
>~ Count Zadeh’s model [58]. Next section is devoted to some interesting conse-
quences of the probabilistic interpretation of the F4 QFM, with relation with a
number of application fields. Proofs of the properties and efficient algorithm so-
lutions are collected in two apendixes. A bibliographic analysis of quantification
models has not been included as it can be found in [2, 16, 29, 32, 33, 17, 46].

2 Quantifier fuzzification mechanisms

To overcome the Zadeh’s framework to fuzzy quantification Gléckner [34] rewrites
the problem of fuzzy quantification as the problem of looking for adequate means
to convert the specification means (semi-fuzzy quantifiers) into the operational
means (fuzzy quantifiers) [34]. In this section we explain in some detail the
framework proposed by Glockner to achieve that result.

Fuzzy quantifiers are just a fuzzy generalization of crisp or classic quantifiers.
Before giving the definition of fuzzy quantifiers, we will show the definition of
classic quantifiers and some examples:

Definition 1 (Classic quantifier.) [34, pag. 57] A two valued (generalized)
quantifier on a base set E # @ is a mapping Q : P (E)" — 2, where n € N is
the arity (number of arguments) of @Q, 2 = {0,1} denotes the set of crisp truth
values, and P (E) is the powerset of E.

In this work we assume the base set FE is finite as the 74 model is only
defined on finite base sets.

2A complete explanation of the QFM framework can be consulted in the excellent work
[34].



Examples of some definitions of classic quantifiers are:
all(Y1,Y2) =Y1 CYs (1)

Minys| o
at_least80% (Y1,Y2) = Vi = 080 X;#@
1 ){1 =g

Example 2 Let us consider the evaluation of the sentence “at least eighty per-
cent of the members are lawyers” where the properties “members” and “lawyers”
are respectively defined as Y1 = {1,0,1,0,1,0,1,1},¥> = {1,0,1,0,1,0,0,0},
and “at least eighty percent” is defined in expression 1. Then at_least80% (Y1,Y2) =
0.

In a fuzzy quantifier arguments and result can be fuzzy. The definition of a
fuzzy quantifier is:

Definition 3 (Fuzzy Quantifier) [34, pag. 66] An n-ary fuzzy quantifier @
on a base set E # @ is a mapping Q : P (E)" — 1=10,1]. Here P (E) denotes
the fuzzy powerset of E.

A fuzzy quantifier assigns a gradual result to each choice of X1,..., X, €
P (E).

An example of a fuzzy quantifier could be all : P (E)2 — I. A reasonable
fuzzy definition of the fuzzy quantifier all is:

all (X1, X,) = inf {max (1 — pux, (), px, (¢)) : € € E} (2)

Example 4 Let us consider the evaluation of the sentence “all big houses are
overvaluated” in a referential set E = {e1,...,eq}. Let us assume that properties

“big” and “overvaluated” are respectively defined as: X1 = {0.8/e1,1/e2,0.6/e3,0.3/e4},
X2 ={0.9/e1,0.7/€2,0.3/e3,0.2/e4}. If we use expression (2) then: all (X1,X0) =

inf {max (1 — ux, (e),ux, (e)) :e € E} =0.4.

Although a certain consensus may be achieved to accept this previous ex-
pression as a suitable definition for all this is not the unique one. The problem
of establishing consistent fuzzy definitions for quantifiers (e.g., “at least eighty
percent”) is faced in [34] by introducing the concept of semi-fuzzy quantifiers. A
semi-fuzzy quantifier represents a medium point between classic quantifiers and
fuzzy quantifiers, and it is close but is far more general than the idea of Zadeh’s
linguistic quantifiers [58]. A semi-fuzzy quantifier only accepts crisp arguments,
as classic quantifiers, but lets the result range on the truth grade scale I, as for
fuzzy quantifiers®.

Definition 5 (Semi-fuzzy quantifier) [34, pag. 71] An n-ary semi-fuzzy quan-
tifier Q on a base set E # @ is a mapping Q : P (E)" — L

3An interesting classification of semi-fuzzy quantifiers is shown in [19]. In [17, chapter 4]
an extended classification is defined.



@ assigns a gradual result to each pair of crisp sets (Y1,...,Y,).
Examples of semi-fuzzy quantifiers are:

about_5 (Yl, }/2) = T2,4,6,8 (|Y1 n }/2|) (3)

|Y1ﬁY2‘
at_least_about80% (Y1,Ys) = S0.5,0.8 ( [Ya] ) X1 #2
1 X1 =9

where Ts 465 () and Sp 505 (z) are shown in figure (1)*.

Example 6 Let us consider the evaluation of the sentence “about at least 80%
the students are Spanish”. Let us assume that properties “students” and “Span-
ish” are respectively defined as: Y1 = {1,0,1,0,1,0,1,1},Y> = {1,0,1,0,1,0,0,0},

then at least_about80% (Y1, Y2) = Sy5.0.5 (%) =0.22.

Semi-fuzzy quantifiers are much more intuitive and easier to define than fuzzy
quantifiers, but they do not solve the problem of evaluating fuzzy quantified
sentences.

In order to do so mechanisms are needed that enable us to transform semi-
fuzzy quantifiers into fuzzy quantifiers, i.e., mappings with domain in the uni-
verse of semi-fuzzy quantifiers and range in the universe of fuzzy quantifiers.
Glockner names those mechanisms quantifier fuzzification mechanisms.

Definition 7 [34, pag. 74JA quantifier fuzzification mechanism (QFM) F as-
signs to each semi-fuzzy quantifier Q : P (E)" — 1 a corresponding fuzzy quan-

tifier F(Q) : P(E)" — I of the same artity n € N and on the same base
set.

3 Some properties to guarantee the good behav-
ior of QFMs

Before proceeding to explain the QFM F4 we will introduce some of the prop-
erties that let us to guarantee a good behavior of the QFMs. For the sake

4Functions Tab,c,da and Su,y are defined as

0 z<a 0 <o
-0 g<z<b 2((1704))2 o << Oty
Tapea@=q 1 b<z<e San@=q O 0 T E
1—2=¢ c<p<d 1-2 (=) efrca<y
0 d<z 1 <z

In this work, we will use the following relative definitions for the existential and the universal
fuzzy number:

0 z=0 0 z<1
H(m):{l x>0 ’V(x):{ 1 z=1



Figure 1: quantifiers about_5 (a) and at_least_about_80% (b)

of brevity, we have only selected some of the more important properties to
characterize the behavior of quantification models. A complete and detailed
exposition, showing the intuitions under those definitions can be found in [34,
chapters three and four.].

The set of properties is organized in three sets. First set is composed of the
most important properties that are consequence of the DFS axioms. Second
group is composed of some properties that are not consequence of the DFS
framework but are important to characterize the behavior of QFMs for different
reasons. The last group includes two very important properties that the F4
model and the probabilistic models defined on [21] fulfills®.

In the appendix we show the proof of those properties for the F4 QFM.

3.1 Some properties that are consequence of the DFS ax-
iomatic framework

3.1.1 Correct generalization property (P.1)

Perhaps the most fundamental property to be fulfilled by a QFM is the correct

generalization property. This property, defined independently by Gléckner [28]

for QFMs and by Delgado et al. for models following the Zadeh’s framework [46,

16], requires that the behavior of a fuzzy quantifier 7 (@) on crisp arguments was

the expected; that is, the results obtained with a fuzzy quantifier F (Q) and with

the corresponding semi-fuzzy quantifier () must coincide on crisp arguments.
We show now the definition of the property:

Definition 8 (Property of correct generalization) /34, pag. 112] Let Q :
P(E)" — I,n > 0 be an n-ary semi-fuzzy quantifier. We say that a QFM F ful-
fills the property of correct generalization if for all the crisp subsets Yy,...,Y, €
P (E), then it holds F(Q) (Y1,...,Y,) =Q (Y1,...,Y,).

For a detailed explanation of this property [34, Sections 3.2. and 4.2.] can
be consulted.

50ne of the models defined in [21] is a generalization of an original proposal of Delgado et
al. [15, 16] to semi-fuzzy quantifiers.



For example, given crisp sets Y1,Y> € P (E), Y1 = student, Yo = spanish,
then this property guarantees that

F (some) (student, spanish) = some (student, spanish)

In the DFS axiomatic framework it is sufficient to guarantee this property
in the unary case.

3.1.2 Membership assessment (P.2)

This property is related with the evaluation of the membership grade of a par-
ticular element [34, section 3.3.], and belongs to the set of axioms that are used
to characterize the DFSs.

In the classic case, we can define a crisp quantifier 7, : P (F) — 2 that test
if the element e belongs to the argument set. In the same way, in the fuzzy case,
we can define a fuzzy quantifier 7, that returns the membership grade of e. It
is natural to require that a reasonable QFM F maps 7, to 7.

The formal definitions of 7, and 7. are:

Definition 9 [34, pag. 88] Let E a base set and e € E. The projection quan-
tifier m. : P (E) — 2 is defined by w. (Y) = xy (e) for all Y € P (E), where
Xy (e) denotes the crisp characteristic funtion of the set'Y.

The corresponding fuzzy definition is:

Definition 10 /34, pag. 88] Let a base set E be given and e € E. The fuzzy
projection quantifier 7. : P (E) — 2 is defined by T (Y) = xy (e) for allY €
P(E).

Using these definitions the property that establishes that a QFM F gener-
alizes the quantifier 7. in the correct way is defined:

Definition 11 (Projection quantifiers) [34, pag. 89, pag. 112] Let F a
QFM. F fulfills the property of projection quantifiers if it holds F (me) = Te for
E+# 3 ande € FE.

3.1.3 Induced operators (P3)

Glockner explains that a QFM can be used to transform crisp logical operators
into fuzzy operators. For example, logical “or” can be extended by using the
following semi-fuzzy quantifier defined on a referential set ' composed by two
elements (F = {e1, ea}):

0 if X =0
Qv(X):{ 1 if X={e;} VX ={ea} VX ={er,ea}

and in this way is possible to define the fuzzy logical function V that is induced
by the fuzzification mechanism F as

V(@ w2) = F (V) (21,22) = F (Qu) ({z1/e1, 2 /e2})



This construction is shown in [30, 36], [34, Section 3.4]. In [28, Seccién 1],
[34, Section 4.4] a different construction is shown.
To formally define this property the next bijection n : 2" — P ({1,...,n})
is needed:
n(z,...,zn) ={ke{l,...,n} o =1}

forallzy,...,z, € 2. In the fuzzy case the analogous bijection is (s, ,....z,,) (k) =
xy for all xy,...,2, €Tand k € {1,...,n}.

These bijections are used to transform the fuzzy truth functions (i.e. map-
pings 2" — I) in semi-fuzzy quantifiers Q¢ : P ({1,...,n}) — L. In the same
way fuzzy quantifieres Q:P ({1,...,n}) — I can be transformed in fuzzy truth
functions ]”v: I" —> 1

The definition that let us to transform semi-fuzzy truth function in fuzzy
truth functions by means of a QFM is the following:

Definition 12 [34, pag. 90] Suppose F is a QFM and f : 2™ — 1 is a mapping
(i.e. a ‘semi-fuzzy truth funtion’) for some n € N. The semi-fuzzy quanti-
fier Qs P({1,...,n}) — I is defined by Qs (Y) = f(n ™' (Y)) for all Y €

P({1,...,n}). In terms of Qy, the induced fuzzy truth function F (f) : T" — T
is defined by

f(f)(xlaaxn):ﬁ(Qf) (77—1 (zla"'azn))
forall z1,...,2, € 1.

The construction allows us to transform the usual crisp logical operators (-,
A, V, —) into the analogous fuzzy operators (=, A, V, —). For a reasonable
QFM we should expect that the induced operators were fuzzy valid operators.
For a DFS the next property is guaranteed®:

Definition 13 (Property of the induced truth functions) Truth operations
induced by a quantifier fuzzification mechanism must be coherent with fuzzy logic;
i.e., the following must hold:

a. idy = F (idy) (where idy : 2 — 2 is the bivalued identity truth function) is
the fuzzy identity truth function.

b. = = F () is a strong negation operator.
c. A=F(A) is a tnorm.

d. V= F (V) is a tconorm.

e. = = F (=) is an implication function.

In this manner it is guaranteed that the fuzzy operators that are gener-
ated are reasonable from the perspective of fuzzy logic. For example, for
F (some) (tall,blond) where tall = {0.7/John} and blond = {0.4/John} it
is guaranteed we obtaine the result of using the induced tconorm on (0.7,0.4).

6This is a resume of the longer exposition maked in [34, section 4.3].



3.1.4 External negation property (P.4)

Now we are going to present a set of three very important properties from a
linguistic point of view. The properties of external negation, internal negation
and duality. We will begin defining the external negation property [34, section
3.5]:

Definition 14 (External negation) [34, pag. 93/The external negation of
a semi-fuzzy quantifier Q : P(E)" — 1 is defined by (5Q) (Y1,...,Y,) =
S(Q(Ya,...,Yy)) for all Ya,...,Y, € P(E). The definition of =Q : P (E) — 1
in the case of fuzzy quantifiers @ P (E) — I is analogous” .

From a linguistic point of view, the external negation of “all the students
are spanish” is “not all the students are spanish”.

A QFM correctly generalizes the external negation property if it fulfills the
next property:®

Definition 15 (External negation property.) /28, pag. 22/, [34, section
3.5] Let Q : P(E)" — I a semi-fuzzy quantifier. F fulfills the property of
external negation if F (5Q) = 5F (Q).

For example, the fulfillment of this property assures:
F (at most 10) (X, X3) = F (Sat least 11) (X, X3) = 5F (at least 11) (X1, X5)

That is, the equivalence between the expressions “at most ten rich students are
intelligent” and “no more than eleven rich students are intelligent” is assured
in the fuzzy case.

3.1.5 Internal negation property (P.5)

The internal negation or antonym of a semi-fuzzy quantifier is defined as:

Definition 16 (Internal negation.) [34, pag. 93] Let a semi-fuzzy quantifier
Q:P(E)" — 1 of arityn > 0 be given. The internal negation Q- : P (E)" — 1
of Q is defined by

Q-(M,....Y,) =0Q~(Y1,...,~Y,)

for all Y1,...,Y, € P(E). The internal negation Q= ’ﬁ(E)n — I of a fuzzy
quantifier Q : P(E)" — 1 is defined analogously, based on the given fuzzy
complement =.

"The reasonable choice of the fuzzy negation = : I — I is the induced negation of the QFM.
8The property of external negation is one of the initial axioms of the axiomatic framework
presented in [28, pag. 22] to define the DFSs.



2_)1

For example, the internal negation of all :P (E)2 —Tisno: P(E)
because
all (Yla }/2) - =all (Yh _‘}/2) = no (Yla }/2)

The definition of the property of internal negation is:”

Definition 17 (Internal negation property) /28, pag. 22/[34, section 3.5]
Let Q : P (E)" — 1 be a semi-fuzzy quantifier of arity n > 0. A QFM F fulfills
the property of internal negation if F (Q—) = F (Q) =.

For example, this property assures
.7:(311) (Xl,Xg) = f(allﬂ) (Xl, :Xg) = .7:(110) (Xl, :XQ)

That is, the equivalence between the expressions “all big houses are overval-
uated” and “no big houses are undervaluated” is assured in the fuzzy case.

3.1.6 Duality property (P.6)

This property is a consequence of the fulfillment of the external and internal
negation properties. In [34] is one of the axioms used to define the DFSs.

Definition 18 (Dual quantifier.) [33, pag. 99]The dual QO : P (E)" — 1 of
a semi-fuzzy quantifier QO : P (E)" — I, n > 0 is defined by

QO(Y,...,Yn) =5Q (Y1,...,~Yy)

for all Y1,...,Y, € P(E). The dual @ﬁ = :@; of a fuzzy quantifier @ 18
defined analogously.

For example, the dual of all :P (E)? — T is
allll (Y3, Y,) = Sall (Y;, —Ys) = some (Y1, Yz)

Using the axiom of duality [34, pag. 94-96] the duality property can be
defined:

Definition 19 (Duality property) We say that a QFM F fulfills the prop-
erty of duality if for all semi-fuzzy quantifiers Q : P(E)" — 1 of arity n > 0

F(Q0) = F (0.
For example this property assures that
= F(all) O (X, X3) = F (some) (X1, X,)

that is, the equivalence of the sentences “not all the expensives cars are not
good” and “some expensive car is good” is assured in the fuzzy case.

9The property of internal negation is one of the initial axioms of the axiomatic framework
presented in [28, pag. 22] to define the DFSs.

10



3.1.7 Internal meets property (P.7)

In combination with negation properties, this property assures boolean combi-
nation of arguments are mapped to the fuzzy case.
First, we show the “union” and “intersection” quantifiers:

Definition 20 (Union quantifier) [34, section 3.7] Let Q : P(E)" — T be
a semi-fuzzy quantifier, n > 0, be given. We define the fuzzy quantifier QU :
PE)" =1 as

QU (Yla" 'aYnaynJrl) = Q(Yla" '7Yn71;Yn UYnJrl)

for all Yi,...,Y 411 € P(E). In the case of fuzzy quantifiers QU is defined
analogously, based on a fuzzy definition of U.

Definition 21 (Intersection quantifier) Let Q : P(E)" — I a semi-fuzzy

quantifier, n > 0, be given. We define the semi-fuzzy quantifier QN : P (E)"Jrl —
Ias

Qm (Y17" -aYn7Yn+1) = Q(Yi7 '7Yn—1;Yn ﬂYn+1)

for all Yi,...,Y 41 € P(E). In the case of fuzzy quantifiers QN is defined
analogously, based on a fuzzy definition of M.

Expressions like “all Y7 are Y or Y5” where Y1,Y5,Y3 are crisp can be
evaluated by means of less arity quantifiers with these constructions:

allu (Y1,Y,,Ys) = all(Y7,Yo U Y3)
The definition of the property is:

Definition 22 (Internal meets property) [34, pag. 97] Let Q : P (E)" — 1
a semi-fuzzy quantifier, n > 0. We will say a QFM F preserves the property of
internal meets if:

As a consequence,

F(3) (X1NXa) (3)N (X1, Xy)
(3N) (X1, X2)

(some) (X1, X3)

f
].‘
].‘

11



3.1.8 Monotonicity in arguments property (P.8)

In this section we present the property of monotonicity in arguments. This
property is one of the axioms used to define the DF'Ss.

Definition 23 (Monotonicity) [34, pag. 98/ A semi-fuzzy quantifier @ :
P(E)" — I is said to be nondecreasing in its i-th argument, i € {1,...,n}
if

Q(Ylw")}/iw"ayn) < Q(Yi7"'7}/;—151/1'17Y;+15"-7Yn)
whenever the involved arguments Y1,...,Y,, Y, € P(E) satisfy Y; CY/. Q is
said to be monincreasing in the i-th argument if under the same conditions, it
always holds that

QV1,....Yi,....Yn) > Q(WM1,....Yi1,Y] Yis,... . Yy)

The corresponding definitions for fuzzy quantifiers Q : P (E)" — 1 are entirely
analogous. In this case, the arguments range over P (E), and ‘C’ is the usual
fuzzy inclusion relation (X1 C Xs if pux, (e) < ux, (e) for alle € E).

For example, the semi-fuzzy quantifier some : P (E)2 — I is monotonic
nondecreasing in both arguments.

The next property guarantees the extension of the monotonicity to fuzzy
quantifiers:

Definition 24 (Monotonicity property) [34, pag. 100/A QFM F is said to
preserve monotonicity in the arguments if semi-fuzzy quantifiers Q : P (E)" — 1
which are nondecreasing (nonincreasing) in their i-th argument i € {1,...,n}
are mapped to fuzzy quantifiers F which are also nondecreasing (nonincreasing)
in their i-ih argument.

For example, if a QFM F guarantees this property then F (some) : P (E)2 —
I is monotonic non-decreasing in both arguments.

3.1.9 Monotonicity in quantifiers property (P.9)

The property of monotonicity in quantifiers is a very important consequence of
the DFS axioms [28, 34]. Independently, this property has also been defined in
[46, pag. 73],[16] for unary quantifiers with the name of property of inclusion of
quantifiers.

This property establishes that if a semi-fuzzy quantifier @ is included in
other semi-fuzzy quantifier @’ (i.e., the results of @) are smaller than the results
of @’ for all the selections of crisp arguments Y7, ...,Y, € P(E)) then the fuzzy
extension F (Q) is also included in F (Q’).

Definition 25 (Monotonicity in the quantifiers) [3/, pag. 128] Suppose
Q,Q" : P(E)" — I are semi-fuzzy quantifiers. Let us write Q < Q' if for all
Yi,...,Y, € P(E), Q(Y1,...,Y,) < Q (Y1,...,Y,). On fuzzy quantifiers we
define < analogously, based on arguments in P (E).

12



For example, for the following semi-fuzzy quantifiers

|X10X2|
Q (X1, Xo) = { Soaor () %o (@)
1 X1 =0
S - <|X10X2|) X, 4o
Ql (Xl, XQ) _ 0.3,0.5 |X1| 1
1 X1 =0

it holds that @ < Q’.
The next property is defined based on the Theorem 4.32 in [34, pag. 128].

Definition 26 (Property of monotonicity in quantifiers) Suppose F is
a QFM, and Q,Q" : P(E)" — 1 are semi-fuzzy quantifiers. We say that F
fulfills the property of monotonicity in quantifiers if and only if F (Q) < F (Q’).

This property guarantees that F (Q) < F (Q’) for the semi-fuzzy quantifiers
defined on the expression 4.

3.1.10 Property of functional application (P.10)

The property of compatibility with functional application forms part of the ax-
ioms that are used to define the DFSs [34]. This property requires that a QFM
must be compatible with its induced extension principle.

Definition 27 (Extension of a function to sets) Let us consider  : E —
S function. Function 8 : P (E) — P (S) is defined in the following way: 5(Y) =
{B(e):ecY}.

The extension principle induced by a QFM is defined as:

Definition 28 (Induced extension principle) [84, pdg. 101] All QFM F
induce an extension principle F that to each function f : E — E' (where
E,E' # @) assigns a function F (f) : P (E) — P (E') defined by puz 1y (€') =

f(Xf(.) (e')) (X) for all X € ’ﬁ(E)7 o cE.
It should be noted that in X7() (e') the function f . P(E) — P(E) is

the extension to sets of the function f and then x 7, (¢/) is the characteristic
function of this extension; that is, XF() (e’) is a semi-fuzzy quantifier that for a

set Y € P (E) returns 1 if ¢ € f(Y) and 0 in other case.
The property of compatibility with functional application is defined as:

Proposition 29 (Compatibility with functional application) [3/, Pdg. 104/
Let F a given QFM. We will say that F is compatible with its induced extension

principle if F (Q o Qlﬁ) =F(Q)o g]? (fi) or equivalently
F(Q0 KF ) (Lo X0) = 7 (@ (F () X0 oo F (1) (X2)
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is wvalid for all semi-fuzzy quantifier Q : P(E)" — I and all the function
fi,oooy fn s BN — E with domain E' # @, X1,...,X], € P(E").

That is, if a QFM F fulfills the property of functional application, the same
results are obtained when we first apply the induced extension principle to the
argument sets X7,..., X, € P (E’) and then we apply the quantifier F (@), and

when we first apply the semi-fuzzy quantifier Q) o X ﬁ (that to the crisp sets
i=1
Y/,...,Y, € P(E’) apply the function X fi, and then evaluates Q : P" (E) —
i=1

I), and then we apply F to compute the function F (Q o X ﬁ) onXiy,..., X, €
i=1

P(E).

This propery is very important in union with the rest of the axioms used to
define the QFMs because all toghether assures the fulfillment of a very important
and intuitive set of properties.

3.2 The DFS axiomatic framework

We now present the DF'S axiomatic framework. In [34] the author dedicates the
whole 4 chapter to describe the properties that are consequence of the axiomatic
framework. For the sake of brevity, we have only described the set of proper-
ties we have consider more relevant. Other important properties the author
describes in [34] are argument permutations (the QFMs are compatible with
the trasposition of arguments), cylindrical extensions (that guaratees vacuous
arguments are irrelevant), quantitativity (QFMs guarantees that quantitative
semi-fuzzy quantifiers are mapped to quantitative fuzzy quantifiers), etc.

The framework the author sets out in [34, section 3.9] is a refinement of
the original framework defined on [28, pag. 22] that it was composed by 9
interdependent axioms. The two frameworks are equivalent. We present now
the definition of the DF'S framework:

Definition 30 A QFM F is called a determiner fuzzification scheme (DFS) if
the following conditions are satisfied for all semi-fuzzy quantifiers Q : P (E)" —
I

where f1,...,fn: B > EE' #+ &

Correct generalisation U(F (Q)) ifn<1 (Z-1)
Projection quantifiers F(Q) =" zf Q = 7. for somee € E (Z-2)
Dualisation (QD) F@O n>0 (Z-3)
Internal joins FQU)=F(QU n>0 (Z-4)
. . If Q is nonincreasing in the n-th arg, then
Preservation of monotonicity F(Q) is nonincreasing in n-th arg, n > 0 (Z-5)
Functional application F (Q ° Zﬁfl) =7 (@e i:f?: () (Z-6)

In the previous definition U : (@ P (E)" — I) = (Q:P(E)" —1)is the
underlying semi-fuzzy quantifier [34, pag. 75]; that is, the semi-fuzzy quantifier

14




Q:P(E)" — I defined as:

u(éj) (Yi,....Y) = Q(Yn,...,Yy)

for all crisp Y3,...,Y, € P(E). The axiom 1 is equivalent to the fulfillment of
the correct generalization property in the unary case.

3.3 Some properties that are not a consequence of the
DFS axioms

Now we will describe some adequacy properties that are not guaranteed by
the DFS framework because they impose an excesive restriction on the class of
plausible models. In [34, chapter 6] a detailed exposition considering these and
other properties can be consulted.

3.3.1 Property of continuity in arguments (P.11)

Continuity properties are fundamental. Models that do not fulfil these proper-
ties generally will not be valid from a practical viewpoint. One reason is that
it is impossible to avoid measure errors and, as a consequence, errors in data
measures could cause completely different analysis. Other reason is that from
a user viewpoint, it would be very difficult to understand why no significant
differences produce different results. Continutiy is also necessary from an appli-
cation view (for example, imagine we need to use fuzzy quantifiers in a control
system).

In this section we will explain the continuity in arguments property [34,
Section 6.2]. The definition of this property is based on the next metric to mea-
sure the difference between two pairs of fuzzy sets (X1,...,X,),(X1,..., X)) €
P (E):

Definition 31 (d ((Xy,...,X,),(X1,..., X)) [34, pag. 162] For all base

sets E # @ and all n € N the metric d : P(E)" x P(E)" — 1 is defined
by

d(X1,...,Xn),(X],..., X)) = Izr_%fcsup{‘uxl (e) —pux:(e):e€ E|}

forall X1,..., X0, X!,.... X! € P(E).
Using this metric the property of continuity in arguments is defined:

Definition 32 (Continuity in arguments property) [34, pag. 163] We
say that a QFM F is arg-continuous if and only if F maps all semi-fuzzy quan-
tifiers to continuous fuzzy quantifiers F (Q); i.e. for all X4,...,X, € P(E) and

e > 0 there exists § > 05uchthatd<]—'(Q) (X1,...,Xn), F(Q) (Xi,...,X,/L)) <
e for all X,,..., X! € P (E) withd((xl,...,xn),(X{,...,X;)) <5
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3.3.2 Property of continuity in quantifiers (P.12)

In the same way we require continuity on argument sets, we also require con-
tinuity in quantifiers. That is, we do not expect big differences in results when
we modify slightly the quantifiers.

The distance between two semi-fuzzy quantifiers is defined as:

Definition 33 (d(Q, Q")) [34, pag. 163] For all semi-fuzzy quantifiers Q, Q" :
P (E)" — 1 the distance between Q and Q' is defined as:

d(Q,Q’) :sup{‘Q(Yl,...,Yn)—Q' (Yi,...,Y)

Y., LY, GP(E)”}
and similarity for all fuzzy quantifiers @, @7 P (E)" -1

d(éj@) :sup{’]—'(Q) (Xl,...,xn)—f(Q’) (X1, X)) -

(Q-continuity is defined as:

Definition 34 (Continuity in quantifiers property) /34, pag. 163] We say
that a QFM F is Q-continuous if and only if for each semi-fuzzy quantifier Q :

P(E)" — 1 and all € > 0, there exists § > 0 such that d (.7-' @), F (Ql>) <e
whenever Q' : P (E)" — 1 satisfies d (Q, Ql) < 4.

3.3.3 Property of the fuzzy argument insertion (P.13)

The property of fuzzy argument insertion is the fuzzy generalization of the crisp
argument insertion [34, section 4.10]. Let @ : P™ (E) — I a semi-fuzzy quantifier
n>0,and A€ P(E). By Q< A:P" ! (E) — I we will denote the semi-fuzzy
quantifier defined as

Q<]A(Yi7"'7Yn—1):Q(Yla"'ayn—hA)

for all Y1,...,Y,,—1 € P(E). As a consequence of the DFS axioms it is fulfilled
that
FRA)=FQ) <A

for all semi-fuzzy quantifier @ of arity n > 0, and all crisp A € P (E).

Fuzzy argument insertion cannot be modeled directly, because a semi-fuzzy
quantifier @ : P™"(E) — I, n > 0 only accepts crisp arguments; that is, for all
A e P(E) fuzzy only F(Q) <1 A is defined and no Q < A. But as is explained
in [34, seccién 6.8], a QFM F and a semi-fuzzy quantifier @ : P" (E) — I we
can study if there exists a semi-fuzzy quantifier Q' : P*~! (E) — I fulfilling

F(Q)<A=F(Q) (5)

for all A € P (E).
The reasonable election Q' is the following:
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Definition 35 [34, pag. 172]Let F a QFM, Q : ’P(E)n'|r1 — I a semi-fuzzy
quantifier and A € P (E) a fuzzy set. Then QA : P (E)" — 1 is defined as

QIA=U(F(Q) < A)

that is, QA (Y1,...,Yn) = F(Q) (Y1,..., Yy, A) for all crisp sets Yi,...,Y, €
P(E).

In [34, seccién 6.8] the author mentions Q' = Q<A is the unique election
fo @' that could satisfy 5. It should be noted that if Q' satisfies F (Q) < A =
F (@) then also satisfies

Q=UF@Q)=UF Q) <A4)=QuA

The next property resumes the fulfillent of the fuzzy argument insertion in
the fuzzy case:

Definition 36 [34, pag. 172]Let F be a QFM. We will say F fulfills fuzzy
argument insertion if for all semi-fuzzy quantifier Q : P (E)" — I of artity
n >0 and all A € P (E) fuzzy is fulfilled

F(Q) < A=F(QuA)

This property has a very strong relation with nested quantification. Althoug
the sufficiency of this property for a DFS to adequate model nested quantifiers,
in [34, section 12.6] the author has state the necessity of fulfilling this property.
Moreover, the fulfillment of this property for standard DFSs is only achieved by
the M¢x, a paradigmatic example of good theoretical behavior.

3.4 Some probabilistic properties

Now, we will present two properties of probabilistic nature that are fulfilled by
a number of probabilistic models [16, 21, 17].

3.4.1 Property of averaging for the identity quantifier (P.14)

The fulfillment of this property for a QFM F assures that when we apply the
model to the unary semi-fuzzy quantifier identity: P (E) — I we obtain the
average of the membership grades. First of all, the definition of this semi-fuzzy
quantifer is:

Definition 37 The unary semi-fuzzy quantifier identity: P (E) — I is defined

as
Y]

identity (Y) = B

Y eP(E)

It should be noted that for the identity semi-fuzzy quantifier the addition
of one element improves the result in % That is, the improvement obtained
with the addition of elements to the argument set is linear. We can interpret
the meaning of this semi-fuzzy quantifier as “as many as possible”.

The definition of the property is:
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Definition 38 (Property of averaging for the identity quantifier) We will
say that a QFM F fulfills the property of averaging for the identity quantifier if:

F (identity) (X) = % Z px (e5)

As a result of the fulfillment of the property of averaging for the identity
quantifier, the improvement obtained in F# (identity) (X) is linear with respect
to the increase of the membership grades of the argument fuzzy set.

3.4.2 Property of the probabilistic interpretation of quantifiers (P.15)

Let us suppose we use a set of semi-fuzzy quantifiers ( “at most about 20%”,
“about between 20% and 80%”, “at least about 80%”) to split the quantification
universe. Then, if semi-fuzzy quantifiers can be interpreted in a probabilistic
way, the fulfillment of this property guarantees that fuzzy quantifiers also can
be interpreted in a probabilistic way.

Definition 39 We will say that a set of semi-fuzzy quantifiers Q1,...,Q :
P (E) — I forms a probabilistic Ruspini partition of the quantification universe
if for all Y1,...,Y, € P(E) it holds that

Q1 (Y1,...,. V) +...+Q-(Y1,...,Y,) =1

Example 40 The next set of quantifiers forms a probabilistic Ruspini partition
of the quantification universe:

YinY:
T_0,0,0.2,0.4 (%) Yi# 0
L Yi=02

3
(6)
{ T0.2,0.4,0.6,0.8 (IYEQTQU Y| 40

at most about 20% (Y1,Y2) = {

about between 20% and 80% (Y1, Y2) v
1=9

1
3
YiNYs
T0.6,0.8,1,00 (‘ i l) Yi#0

at least about 80% (Y1,Y3) v
=2

W=

because
at most about 20% (Y1,Y2) + about between 20% and 80% (Y1, Y2) +

at least about 80% (Y1,Y2) =1
for all Y1, Y2P (E).
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Definition 41 (Property of probabilistic interpretation of quantifiers)
We will say that a QFM F fulills the property of probabilistic interpretation of
quantifiers if for all probabilistic Ruspini partitions of the quantification universe
Q1,...,Q,:P(E)" — 1 it holds that

F@Q)(X1,...,. X))+ ... +F(Q)(X1,...,X,) =1

This property is very interesting because let us to interpret the result of
evaluating a fuzzy expression as a probability distribution on the labels related
to the quantifiers.®

4 Probabilistic interpretation of fuzzy sets based
on likelihood functions

In this section we use the interpretation of fuzzy sets based on likelihood func-
tions to establish the necessary background to define the 4 model. In [21, 17]
another probabilistic view of fuzzy sets have been used to define a probabilistic
framework for the definition of QFMs, and some models in this framework have
been presented.

The semantic interpretation of fuzzy sets based on likelihood functions [42,
47, 4, 26] interprets vagueness in the data as a consequence of making a random
experiment in which a set of individuals are asked about the fulfillment of a
certain property. Let us consider the following example:

Example 42 To decide if the height value 185cm. is considered “tall for male
adults” a random experiment is performed in which four individuals (henceforth
voters) are asked about their opinion. Let us denote by P the statement “the
value 185¢m. is tall for male adults”, by V- = {v1,v9,vs,v4} the set of voters
and by C (v, P) € 2 ={0,1}, v € V the answer for each voter. If

C(’Ul,P) = 1,C(U2,P) = O,C(’Ug,P) = 1,C(U4,P) =1
then we can define the degree of fulfillment of the statement P as

lveV:C(wP)=1 3
P) = =2

The above experiment can be extended to the height values of the universe.
Let be h € R. We can define the degree of fulfillment of the statement “the
value of height h is tall” as:

_veV:C(v, “his tall”) = 1]

w(“his tall”) = Pr(“h is tall”) v

10Tn [39] a probabilistic interpretation of quantifiers is also used under the label semantics
interpretation of fuzzy sets.

19



In this way we can assign a degree of fulfillment to the reference universe. In
the common notation of fuzzy sets we assign to the label “tall” the fuzzy set
tall € P (R) defined as: piqu (h) = p (“h is tall”).

Under this view of fuzzy sets, pan (h) > piau (') indicates that is more
probable that “h is tall” than “h’ is tall”.

One of the accepted suppositions of this view is to assume that the answer
of one voter for a certain value h € R does not constrain his answer for other
element h'!!. Let us suppose that the universe E is finite. As we are interpreting
that px () = Pr(“e is X”) then under the independence assumption we have:

Pr(“eis X7 A “e’is X7) =Pr(“eis X”)-Pr(“ is X7) = ux (e) - ux (e)

We can apply the same idea to compute the probability that a crisp set
Y € P(FE) was a representative of a fuzzy set X € P (E) when we suppose the
base set F finite. The intuition is that this probability is the probability that
only the elements in Y belongs to X:

Definition 43 (Pr (representativex =Y)) Let X € P (E) be a fuzzy set, E
finite. The probability of the crisp set Y € P (E) to be a representative of the

fuzzy set X € P (E) is defined as
Pr (representativex =Y) = H”X (e) H (1—pux(e)
ecY e€E\Y

It should be pointed out that in the previous definition the probability points
are the subsets of E. In this way the o-algebra on which the probability is
defined is P (E).

It is worthy to note that definition 43 can be explained without mention to
probability theory. If we consider the product tnorm (A (z1,22) = x1 - 22) and
the Lukasiewicz implication then Pr (representativex =Y') is the equipotence
[1] between Y and X:

Eq(Y,X) = Aeer (kx () — py (€)) A (uy (e) — px (e))
If e € FE then py (e) =1 and
(1x () = py (e)) A (uy (e) = px (e)) = (ux (e) = 1) A (1 — px (e))
S 1A (= 1+ pix (e))
= px (e)
If e ¢ F then py (e) =0 and
(1x () = py () A (uy (e) = px (e)) = (ux () = 0) A (0 — px (e))
— (1 px (@)A1
=1-px(e)

1 The situation in which the answer of one voter for a value of the universe constrains its
answer for other values is related to the interpretation of fuzzy sets based on random sets.
This view is used in [21, 17] for proposing a probabilistic framework to define models of fuzzy
quantification.
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And then:

Eq(Y,X) = (Aeerpx (€)) A (Aegr (1 = px (€)))

=Texe TI - nx ()

ecY e€E\Y

The next notation will be used for Pr (representativey =Y') in the rest of
the paper:

Notation 44 (myx (Y)) Let X € P (E) be a fuzzy set and Y € P (E) a crisp
set. We will denote mx (Y') = Pr (representativex =Y).

Let us see now an example in which this probability is computed:

Example 45 Let be E = {e1,eq,e3} and X € ’ﬁ(E) the fuzzy set defined as:
X ={0.8/€1,0.2/e3,0.6/e3}. Then

mx ({erves}) = [[ux &) T (1—px (@)

ecY e€E\Y

= px (e1) x px (e3) x (1 — px (e2)) = 0.384

Sometimes, we will need to restrict the probability of a fuzzy set X £ e P (E)
to a subset B’ C E of the referential. Let X* € P (E’) be the projection of X
in F’; that is, X' is the fuzzy set on E’ defined as: ux: (e) = pux (e),e € E'.
In this case, the probability of X’ on E’ is denoted as:

Notation 46 (m% (Y)) Let X € P (E) be a fuzzy set and E' C E a restriction
of the base set, and Y € P (E') a crisp set on E'. We will denote m% (Y) =
mx: (Y) where X' is the projection of X on FE'; that is, the fuzzy set defined as
pxr(e) = px (e) e € E'.

It should be noted that

S mx ()= mx (V)= > px(mi Y (v\ {e})
YEP(E)le€cY {e}CYCE {e}CYCE

=ux(e) > my ) =pux(e)
@Y CE\{e}

We consider now the situation in which we want to compute the probability
of two crisp sets Y1, Y2 € P (E) to be respectively the representatives of the fuzzy
sets X1, Xy € P (E). That is, we consider the computation of the probability
of the event “representativex, = Y1 A representativex, = Y3”.

If the two fuzzy sets X, X, are related to different reference universes (i.e.,
intelligence and height) it is reasonable to suppose that the probability of Y3
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to be representative of X7 is independent of the probability of Y5 to be repre-
sentative of X5'2. It should be noted that once we have assumed independency
between the voter decisions for elements related to same property is natural
to assume independency for elements related to different properties. Then we
define:

Definition 47 (Pr (representativex, = Y1 A representativex, = Y2)) Let X1, X5 €
P (E) be fuzzy sets, Y1,Ya € P(E) crisp sets, and E a finite referential. Un-

der the independence assumption for properties the probability that Y1 to be a
representative of X1 and Ya to be a representative of X is:

Pr (representativex, = Y1 A representativex, = Ya) = mx, (Y1) - mx, (Y2)

where we have assumed that the sets X1 and X are based on independent con-
cepts.

In the definition of the model F4 we assumme always the independence
hypothesis. Even this could not seem appropiate in some cases [42, 47] [42, 47],
this hypothesis simplify considerably the definition of the models, it allows us
a relative straigforwardly algebraic manipulation, and the definition of efficient
algorithms.

5 The QFM F4

In this section we define the finite QFM F4 [23, 22, 17]. This model is based
on the probabilistic interpretation of fuzzy sets previously explained.
Using expressions 43 and 47 the definition of the QFM F4 is easily made:

Definition 48 (F4) /23, pag. 1359]Let Q : P (E)" — 1 be a semi-fuzzy quan-
tifier, E finite. The QFM F* is defined as

FAQ) (X1 X)) = Y o > mx, (M) .omx, (Ya)Q(Ya, ..., V)
)

YieP(E) Yn€P(E
(7)

for all Xy,...,X, € P(E).

In expression 7 we are assuming that the probability of being Y; a repre-
sentative of the fuzzy set X; is independent of the probability of being Y; a
representative of the fuzzy set X for i # j. F4(Q) (X1,...,X,) can be inter-
preted as the average opinion of voters.

The next expression is an alternative definition of the model F*:

FAXy . X)) =\ ..V Eq(X)A L AEq(Ya, Xo)AQ (Y1, ..., Yn)
YieP(E) Y,eP(E)

12Tn the work [47] is analyzed deeply the interpretation of fuzzy sets based on likelihood
functions. In [47, P4g. 95] the author argue that the most reasonable is to suppose indepen-
dence between different universes.
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where V the Lukasiewicz tconorm (V (z1,22) = min (z1 + x2, 1)), A is the prod-
uct tnorm (A (z1,22) = @1 - x2) and Eq (Y, X) is the equipotence between the
crisp set Y and the fuzzy set X, that it was defined in previous section. In this
way, the model can be defined without mention to probability theory.

The following example shows the application of the QFM F4:

Example 49 Let us consider the sentence
“Nearly all the intelligent workers are well paid”

where the semi-fuzzy quantifier Q = “nearly all”, and the fuzzy sets “intelli-
gent workers” and “well paid” take the following values:
intelligent workers = {0.8/¢1,0.9/e3,1/e3,0.2/e4}
well paid = {1/€1,0.8/e3,0.3/e3,0.1/e4}
\XlﬂXg\ _
Q (X1, X,) = { max{2 (7|X1‘ ) 1,0} X, #0
1

X1 =0

We compute the probabilities of the representatives of the fuzzy sets “intelligent
workers” and “well paid”:

Mintelligent workers (@) - (1 - 08) (]. - 09) (]. - 1) (1 — 02) =0
Mintelligent workers ({61}) =0.8 (]- - 09) (]— - 1) (1 - 02) =0

Mintelligent workers ({ela €2, €3, 64}) =08-09-1-0.2=0.144
Mwell paid (@) = (1 — ].) (]. — 08) (1 — 03) (1 — 01) =0
Mwell paid {aa})=1-(1-0.8)(1-0.3)(1—-0.1) =0.126

Mwell paid ({€1,€2,€3,€4}) =0.8-0.9-1-0.2=0.144
And using expression 7:

FA(Q) (intelligent workers, well paid)
= > > mx, (1)mx, (Y2) Q(¥1,Y2) = 0.346

Y1 EP(E) Y2€P(E)

The QFM F4 fulfills the DFS axiomatic framework; that is, the QFM F4 is
a finite DFS. Moreover, the QFM F4 fulfills the additional properties we have
presented in this technical report!®. The analysis of properties of the model is
made in the appendix.

I3With respect to the additional properties defined in [34, Chapter 6]. we mention that
the F4 model does not fulfill the “propagation of fuzziness property” (basically because is
not fulfilled by the induced operators). Other reasonable properties, as conservativity, are in
contradiction with the DFS framework, and cannot be fulfilled.
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6 Some additional results about the F4 model

6.1 Limit case approximation of the 74 model

In this section we will prove that the asintotic behavior of the F4 model for
unary proportional quantifiers is the Zadeh’s model. As a practical consequence,
the F4 model can be approximated in linear time when the base set is composed
of a large number of elements.

To prove this property we will use a particular result derived of the central
limit theorem [12, page 263].

Theorem 50 Central limit theorem applied to Bernoulli variables. Let
X1,...,Xm be independent random wariables, each X; following a Bernoulli
distribution with parameter p;. Moreover, let us suppose that the infinite sum
Yoo 1 pi (1 —p;) is divergent and let Y, be

Y. — Z:l1 Xi— Z:'L=1 Di
1/2
(S, piai)”

Then
lim Pr(Y,, <z)=2 (2)

n—oo

where ® (x) is the standard normal distribution function.

Using this result we will prove F4 approximation for proportional unary
quantifiers.

Theorem 51 Let @ : P (E™) — I be a unary proportional semi-fuzzy quantifier
defined by means of a continuous proportional fuzzy number ug : [0,1] — I

QYY) =pnq (%)

for'Y € P(E). Letei, ,em a succession and X, € 75(E) be a fuzzy set
constructed on such sucession. Let Yy, = {ux (e): ux (e) =1V ux (e) =0} the
crisp set constructed with the crisp elements of X. If the following limit there

exists:
Y|

m—oo |Em|

Then, when the size of the base set E tends to infinite, F4 (Q) (X) tends to:

. A — ZeeEﬂX(e)
Jim F(Q) (X) = f <7|E| )

for X € P (E).
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[Yon |
[Em|
irrelevant from a practical point of view. We simply are asking the proportional

cardinality of the succession Y,,, does not oscillate as m tends to infinite.
Proof. The interpretation underlying the 74 model assumes that each e¢; € F
represents and independent Bernoulli process of probability px (e;). Let us
denote X; this Bernoulli process. m

The probability

The assumption of existence of the limit lim,, .

is very weak and

Pr(cardx =1i) = Z mx (V)
YeP(E)

represents the probability of the random variable X, = Z‘Zﬂ X;.

First, let us suppose that lim|pg| . x (e:) (1 — px (e;)) is divergent. Us-
ing previous theorem, for an enough big m = |F|, we can approximate this
distribution for a normal distribution of parameters X,, = Z:L px (e;) and
T = iy ix () (1= pux (eq))™.

As the fuzzy number associated to the fuzzy quantifier is defined on [0, 1],
we can use the transformation ¥ = % to adapt this distribution to the [0, 1]
interval. The probability distribution of Y is a normal distribution of parameters
(fi i)

m’ m?2

Let us note that the normal distribution fulfills that the probability in &
standard deviations of the mean is identical for all the normal distributions. As
k tends to infinite, the probability mass in (¢ — ko, pu + ko) tends to 1. That is,
we always can find a k such that the probability mass in (1 — ko, p + ko) would
be as close to 1 as we wanted.

Let us compute the limit of the variance when m tends to infinite

o? >imy px (i) (1 — px (ed)) Yolooom

lim — = lim < lim = lim — =0
m—oo m2  m—oo m? m—oco  m?2 m—oo m?

That is, the probability distribution of Y is more and more concentrated as
m tends to infinite. And then, for every 6,6 > 0 we can find a sufficiently large
m such that Pr(%fé,ﬁ+5) >1-46.

As the fuzzy number g is continuous, then it is clear that

. A — fn ZeeE:uX(e)
Jm 7 @00 = o (SS£2EE )

when m = |E| tends to infinite.

Let us consider now that > 7~ p; (1 — p;) is finite. In this case, we cannot
apply the central limit theorem.

In this situation there are an infinite number of is such that p;, = 1 or p; = 0.
Moreover, when m tends to infinite, the proportion of is such that p;q; # 0 with
respect to m tends to O:

4Let X be a random variable following a normal distribution of parameters (u, o). If we
define Y = aX + b then Y follows a normal distribution of parameters (au + b, a%0?).
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lim le:px(e) #1Apux(e) #0] _

0

Then, X tends to a set in which only a finite number of elements are fuzzy.
Let Y = {ux (e) : px () =1V pux () = 0} and let k the finite numbers of is
such that p;q; # 0.

It should be noted that by supposition the following limit there exists:

Y
lim — =c¢
|Bl—oo |E]

For a sufficiently large m, all is such that p;q; # 0 are in X,,,. Let us consider
the “shape” of the probability distribution of X,,. As the is such that p;q; =0
are crisp, the probability distribution of X, will consist on k + 1 points with
Pr (i) # 0 and m — k — 1 points with Pr (i) = 0. Moreover, by construction of
Pr (4) all these points are consecutive.

When we normalize X,, to apply the fuzzy number that define the quantifier
(by means ot the transformation ¥ = )fn") we are in the same case that when
Yoo pi (1 —p;) is divergent. The probability distribution will be more and
more concentrated around % and the approximation would be valid.

Although we have not developed a similar approximation for other kinds
of quantifiers, it seems easy to extend previous proof to more complex cases.
For example, in the case of proportional quantifiers we will have to consider two
Bernoulli successions X1y, = pix, (€1), ..., px, (eém) and X (2, = px, (e1),..
x, (ém). As we are assuming independence, we can built a third Bernoulli suc-
cession Z,, = px, (e1) x, (e1) ..., x, (ém) tx, (em) and the previous results
can be applied for approximating the probability distribution of the cardinality

of X;NX). When m tends to infinite, the probability distribution of Z,, tends
to (w, 0). For the same reason, the probability distribution of X3
tends to (W,O) And then, the proportional cardinality of X5 in X3

> HxiAx (eq)
tends to BNTACTE (;)

6.2 Applying the 74 model to continuous fuzzy signals:
Temporal Quantification.

The limit case approximation of the F4 opens the possibility of applying the
model to continuous fuzzy signals, fundamental for the application of the model
for fuzzy quantified temporal reasoning [11, 10, 44, 43].

Let us consider a continuous fuzzy signal'® S () where t represents time in
an interval E = [tg,t1]. And let us suppose we want to evaluate a proportional

15The same argument allow us to apply the model to a non continuous signal with at most, a
finite number of discontinuities. From a practical point of view, this is enough for applications.
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quantifier @ : P ([to,t1]) — I on S where @ defined by means of a continuous
fuzzy number. For example, @) could be defined as:

where A represents the Lebesgue measure.

As the F4 model is finite, it cannot be directly applied to continuous quan-
tifiers. A reasonable possibility to apply the F4 model on a continuous set is
to discretize the interval [tg,t1] in m subintervals, h = % and to compute
the result of the model in E = {eqg = tg,e1 =to + h,...,em = t1}. It should be
noted that in the crisp case, as m tends to infinite, @ ({xv (z0),..., Xy (Tm)})
tends to @ (V).

_ Let us consider the behavior of this approach in the limit case. Let X €
P (E) be the fuzzy set defined as px (z;) = S (z;)

dim FHQ)(X) = lim Y mx (Y)Q(Y)

YeP(E)

and by using the limit approximation of the F4 model:

(Zei px (@i))

lim F4(Q)(X)~ lim ug -

m—00 m—0oQ
~ i h e, bix (€3)
T m—oo He h m

T (Zei hpx (ei))

m— o0 hm

>, hux (ei))

= lim
oot ( t1—to

when m tends to infinite, >, hux (e;) tends to [ S(t)dt (as px (e:) [

inf {S(z) :e; <a <ei+h},sup{S(z):e; <a<e;+h}]then Yy hux(e;)is
between the inferior integral and the superior integral of S). And then,

i 7 (Q) () = o (L20)

m— o0 tl — tO

6.3 Applying the 74 model to a population described by
means of a probability distribution

Let f be a probability distribution and label a fuzzy label defined on the referen-

tial universe of f. For example, f could be a normal distribution of parameters

(u, o) representing the probability of “heights for male adults”, and label the
fuzzy label “being tall”.
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Let Z = Zy,...,Zy a random sample of f, and let X = { px () =
label (z;) /zi i =1,...,m}. Then

Jim FA@ 0 = fm 30 mx (1)Q(Y)

YeP(E)

and by using the limit approximation of the F4 model:

lim F4(Q) (X) = ...

m—0o0

fa (mlznm
fo [ m =3y (2
m - i
Q{1 m & Hnx

fo (2:)
fo ([ @) ux @) o)

that is, the probability of the fuzzy event [57], or the probability of the label
given the population distribution.

> kx (z) )

7 Conclusions

In this report we described and studied the theoretical behavior of the F4
QFM!'C. The analysis have proved the model is a finite DFS [34] essentially dif-
ferent of the standard DFSs proposed by this author. Moreover the underlying
probabilistic semantics makes the model particularly interesting for applications.

Other interesting results are the limit case approximation of the model, that
allows its application to continuous domains, and the study of the application
of the model to populations described by means of a probability distributions.

8 Apendix A. Analysis of properties of the F4
QFM

In this section we analyze the most relevant properties of the QFM F4. A
sligthly more detailed discussion can be consulted in [17].
First of all, we will proof some preliminary results.

Lemma 52 [t holds that _
1) FA (id2) (x) = idyr (x) where idy : 2 — 2 is the bivalued identity and idy :
I — 1 is the fuzzy identity.

16Most of the theoretical analysis have been previously published in [17], in spanish.
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2) FA (=) = = (x) = where = is the standard negation.

3) FA (A) (w1, w2) = @1 X @2; that is, the product tnorm.

4) FA (V) (xl,xg — =FA(A (A) (B, Sxe) = 21 + 22 — 21 - T2; that is, the proba-
bz’lz’stzc tconorm, the dual of the product.

5).7-"4 (=) (z1,22) = 1—x1+w1 -T2, in this case the Rechenbach fuzzy implication.

Proof. We only are going to show the proof of FA (V) (21, x2) = m1+T2—T1 XT2.
The rest of the proofs can be consulted in [17, appendix A].
First, note that the definicién of Qv : P ({1,2}) — I is:

Qu (@) =V (17 (2)) =V (0,0)=0
Qu{1H=v(n'({1})=v(,0=1
Qv{2h)=v(n'({2}) =Vv(0,1)=

Qv{,2) =r(n "t ({1,2}) =r(1,1) =1

Then

FA(1,02) = FA(Qv) (07" (w1, 22))
=FHQV) (o1 /La2/2)) = D Mipay 1m0z (V) Q(Y)

YeP({1.2})
=Mz, /1,20/2) (D) Q (D) + Mz, /12,02y ({11) Q@ ({1})

+ My /1,020 ({21 Q ({2}) + mpay /1,202y ({1,2H) Q@ ({1,2})
= B /raay2y (1) (1= figar /1,023 (2)) +

(1= pger /10072y (1) Hiar /1,22/23 (2) + Bfar /1,22723 (1) By /1,20723 (2)
=1 (1 — $2) + (1 — xl)xg + T122

=T+ Ty — T122

]
Moreover, in the proofs of the properties of the F4 model we need the
following lemmas too.

Lemma 53 Let X,Y € P (E) be crisp sets. It holds that

e ={ 1 ¥y

Proof. The definition of mx (Y) is

=TTux@ TI (- px(e)

ecY e€E\Y

and as X is crisp ux (e) =life€ Fand ux (e) =0ife¢ E. m
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Lemma 54 Let X € P (E) be a fuzzy set B' C E,E" = E\E' (that is E'UE" =
E). Let Y € P(E) be a crisp set. Then!7,

mE (V) =m¥ (YE/) m¥’ (YE”)

Proof. By definition of m% (Y), the probability of m% (Y) is the product of
the probabilities on their projections:

mf () =[x @) [] (- px (@)

ecY e€E\Y
= II mx@ I Q-uxte)- I[ wxte I (-px(e)
e€YNE’ ec(E\Y)NE’ e€EYNE" e€(E\Y)NE"

_ m)E(/ (YE/) m)E(// (YEH)
]

Lemma 55 Let
Vi(z1,22) =21 + 22 — 2122

be the probabilistic tconorm. By V (z1,...,7m) we denote its m-ary version;
that is,

V(T ) =V (acl,v (ch,v (acg .. .,V(mm_l,xm))))
It is fulfilled'®
V(21,0 T) =1—H(1—xi)

Proof. Proof is by induction.
Case 1 = 2:
V (21, 12) = 21 + 22 — 1122

and then

2

1-JJ-2)=1-(1—21)(1-x2)

=1
= 1—(1—$1 —$2+$1I2)

=21+ T2 — 2122

17Tt should be remembered that with the notation X2 where X € P (E) is a fuzzy set we

represent the restriction of X to the reference universe £/ C E.
1

181t should be noted that for V (z) = x it also is fulfilled that 17H l-2)=1-1—-2) ==.
i=1
Moreover, if we define V () = 0 and H = 1 previous relationship is also fulfilled.
ico
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Induction supposition: Case i = m
m
\/(xlv"'axm) :1*]:[(17£C1)
i=1

Caset=m+1

v(mla---axm—f—l) =V (V (x17"'7x7n) a$m+1)

V <1 — H (1 - xz) 7xm+1>

i=1

1H(111)+xm+1<<1 (].IZ'))XLL'erl)

i=1

= <]_ — H (]_ — Zz)) (]. — Zm+1) + Tm+1

=1

=

= (L= ami1) = (L= 2ms1) | | (1= 2i) + @

1

i
m—+1

=(l=@mr) = [] Q= 2) + 2mnr
i=1
m+1

=1-J] 1-=)

i=1

8.1 The 74 QFM is a DFS
Axiom Z-1 It holds that
UFAQ)=Q ifn<l

Proof. Let @ : P(E) — I be a semi-fuzzy quantifier, Y € P (FE) a crisp set.
Using the lemma 53 we have

And then U (F(Q)(Y)=Q(Y) forallY e P(E). m

Axiom Z-2 It holds that

fA(Q)Zfe st Q = m, for some e € E
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Proof. Using the lemma 54

FAmr)(X)= Y, mx(V)m (V)= Y mx(Y)xy(e)

YeP(E) YeP(E)
= > mx(V)= > mx(V)
YeP(E)|leeY {e}CYCE

E\{e
= Y ux@mPMT O\ =puxle) D
{e}CYCE GCYCE\{e}
= px (e)

Axiom Z-3 It holds that
FA (Qﬁ) —FAQ)D n>0

For the proof of this axiom we will need the proofs of the properties of

internal and external negation.
Proof of the property of external negation
We have to prove that

FAEQ) =>F4(Q)

m;E(\{e} Y)

In the lemma 52 we have established that the induced negation operation is

the standard negation.
Proof.

FAEQ) (X1, ., Xn) = > o > mx,(V)...mx, (Vo) (5Q) (V3 ...

YieP(E) Y, €P(E)

= > ) mx,(M).mx, (Ya) (1-Q(Ya,.

YieP(E) Y,.€P(E)

= Z Z mxl(Y1)~-~an(Yn)

YieP(E) Y,€P(E)

- S Y QM Y mx, (V) -, ()

YieP(E) Y,eP(E)

]
Proof of the property of internal negation
We have to prove that

FHQ7) =FH Q)=
Lemma 56 Let X € P (E) be a fuzzy set. Then

mx (Y) = m=x (—\Y)
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Proof.

mx (Y) = Pr (representativex =Y) = Hux (e) H (1—pux(e))

ecY e€EE\Y
= [[7ux(e) [[ ux(e) = [ Sux(e) [[7wux ()
ecY e€EE\Y e€EE\Y ecY
= II wexte I =wsx(e= I[ wax(e [I (1 —p=x(e)
c€B\Y ceB\(E\Y) c€B\Y ceE\(E\Y)

= Pr (representative=x = E\Y) = m=x (=Y)

Proof of the property of internal negation:
Proof.

FAQ™) (X1, ., Xn)= > . Y mx,(V).omx, (Vo) (@) (Vi,..., Vy)

YieP(E) Y,.€P(E)

= > ) mx, (M) mx, (Ya)Q (i, .., mYy)

YieP(E) Y,.€P(E)

and using the lemma 56 the above expression is equal to

=Y Y mx, (M) mex, (2YR) Q (Vi Yy)

Y1€P(E) Y,€P(E)

L=y Y mx, () mex, (Ya) Q (YA, V)

Y1€P(E) Yn€P(E)
L =FNQ) (X, ..., 5X)

Using the properties of internal and external negation duality is trivial.
FAQD) = F4(5Q~) = =FH(@Q)
=F4Q)0
Axiom Z-4 It holds that
FQU)=F(@QU n>0 (8)
In the proof of 8 we will use the following results:

Lemma 57 Let Xy, X, € P (E) be given, R € P (E) a crisp set. Then

> > mx, (Y1) mx, (Y2) = my,ax, (R) 9)

Y1€P(E) Y2€P(E)/YiNYa=R

where X,NXy is defined by means of the induced tnorm.

33



Proof. Let E' = E\R. We will use 54.
It fulfills the following:

my,ax, (R) = [Trx (@nxs (@) JT (1—pxi (uxa () (10)

eER e€E\R
As the sum 9 is restricted to the Y7,Y> € P (E) such that
YiINYs=R

then,

> > mx, (Y1) mx, (Y2) (11)

Yi€P(E) Y2€P(E)/YiNY2=R

-y > mx ()mx (03)

RCY1CE RCY>CE/YiNY2=R
= Y > mx, (C1 UR)mx, (C2UR)
@CC1CE 9CC3CE! /CiNCa=2
and using lemma 54

= > > m¥, (C1) [[rx, () m%, (C2) [T nx. ()

GCC1CE @CCyCE /C1NCa=2 e€R e€R

=[[rx. (@ pux.(e) > > m¥% (C1)mE, (Cs)

ecR @CC1CE BCCLCE /C1NCa=2

=I[rx @ux.(e) D> > mk (Cr)mE, (C2\C1)

e€R @CC1CE C1CC2CE!
And the equality 10 will be fulfilled if:
Yoo Y mE (O)mE (CA\C) = [] U —nx, (@ nx, () (12)

@CC1CE C,CCyCE! ecE’

The proof is by induction in the cardinality of E’. We will denote by E* =
{e1,...,e;} a referential set with i elements.
Casei=1 (|[F'|=1(E =E'={e1}):

Z Z mx, (C1) mx, (C2\C1)

@CCLCE' C1CCoCE!
= > > mx, (C1)mx, (C2\Ch)
PCC1C{e1} C1CC2C{er}
=mx, (9) (mx, (&) +mx, ({e1})) + mx, ({e1}) mx, (2)
= (1 - px, (e1)) (1 — px, (e1) + px, (e1)) + px, (e1) (1 — px, (e1))
=1—px, (e1) +px, (e1) (1 — px, (e1))
=1—px, (e1) + px, (e1) — px, (€1) px, (e1)
=1-—px, (e1) px, (e1)
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Induction hypothesis: Casei =m (|E'| = m, (E' = E™ = {e1,...,em}).
We suppose that

Z Z mx, (C1)mx, (C2\C1) = H L — px, (ei) px, (€i))

@CCICE C,CCLCE

Casei=m+1: |[E|=m+1, (E'=E"" ={e1,...,em11})
It should be noted that if e,, 11 € C then

mx, (C) = [[ux () [T (1= nx, (e))

ecC e¢C

=px, emer) 1 mx (@) T (- px, ()

e€C\{em+1} e¢C
= px, (emi1) Mm%, (C\{emi1})

Whilst if e,,41 ¢ C then we have

mx, (C) = [T ux, () [T @ = nx, (e))

ecC e¢C

= (1= pxy (ems)) [T (0 [T (= nxi(e))
eeC e¢CU{em41}

= (1= px, (ems1)) my, (C)

By computation

> Y mx, (C)mx, (C2\Ch) (13)

@CCCEm+ 01 CCCEmt!

- Z Z mx, (M1)mx, (M2\My) +

GCM, CE™ M{CMy CE™

Z Z mx, (M1)mx, (M2 U {em+1} \M1)+

GCM,CE™ M1 CM2CE™

> > mx, (MU {emp}) mx, (Mo U {ems1} \Mi U {emy1})
GCM CE™ M1 CM2CE™

As C; C Cy C E™*! the situation in which e,,41 € C1 and e;,41 ¢ Cs is
not possible.

Let we evaluate the three sums in 13. In the computation we use the induc-
tion hypothesis.
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First sum:

Z Z mx, (My)mx, (M2\ M)

(14)
GCMCE™ M1 CM2CE™
= > > (U —px, (emp1))mE, (M) (1= px, (emy1)) m%, (Ma\My)
GCMCE™ M1 CM2CE™

= (1= px, (emy1)) (1 = px, (emyn)) > > mE (CymE (C\C)

gCC1CE™ C1CCCE™
= (1= px, (emr1)) (1= pxz (ems1) [T (1 = pxy (€) i, (e2)
=1

Second sum:

Z Z mx, (My) mx, (M2 U {eny1} \M)

GCM, CE™ MyCMaCE™

= > D

GCMCE™ M1 CM2CE™

= (1= px, (emi1)) s (€my1) Y > mE (CymE (C\C)

@CCICE™ CLCCoCE™

(15)

(1= pix, (ems1)) m%, (M) px, (ems1) m%, (Ma\M)

= (1= (emn) s (o) [ (0= i () e (e0)

Third sum:

> ST mx, (My U {emar}) mix, (Mo U {emi1} \M1 U {em})

GCM, CE™ MyCMaCE™

(16)
> Yo nx (empr)m

mE (M1) (1= px, (ems1)) m%, (Ma\M)
GCMCE™ M1 CM2CE™

= KX, (eerl) (1 — UX, em+1 H 1 — UXy eZ 125.¢3 (61))
i=1
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And using expressions 14, 15 and 16:

Z Z mx, (C1) mx, (C2\Ch)

GCCLCEM+! €, CCoCEmH

(1= px, (ems1)) (L= 1xa (emsn)) + (1= 1x, (emsn) fxa (emsn) +

px, (€mt1) (1= px, (em+1))) X H (1 — px, (ei) px, (eq))
= ((1 = px, (ems1) (1 = pix, (ema1) + pix, (€my1))

txy (em+1) (1 = px, (€m41))) X H (1 = px, (i) px, (€4))
= ((1 = px, (em+1) + px, (€mt1) —

—~

px; (em+1) fix, (€m+1))
m
x H (1= px, (€) px, (i)
=1
m

= (1 — px, (em+1) px, (Emt1) H = hx, (€) px, (€d))
i=1

+
H 1 — px, (ei) px, (ei))

In this way we have proved 12, and the lemma is satisfied. m

Lemma 58 Let Q : P(E) — I be a unary semi-fuzzy quantifier. Then it is
fulfilled:

o> mx, (M)mx, (2)Q(VinNYz) = Y meXQ

Y1EP(E) Yo€P(E)

)Q(Y)

YeP(E
Proof. Using lemma 57:

Z Z mx, (Y1) mx, (Y2) Q (Y1 NY3)

Y1€P(E) Y2€P(E)

Z Z Z mx, (Y1) mx, (Y2) Q (R)

REP(E)Y1€P(E) Y2€P(E)/YiNYa=R

- Y om X > mx, (Y1) mx, (Ya)

ReP(E) Yi€P(E) Y2€P(E)/YiNY2a=R
Z leﬁXQ Q (R)

ReP(E)
Z mx,Ax, (Y)Q(Y)

YeP(E)
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]
And finally we prove the fulfillment of expression 8:
Proof.

FAQN) (X1, .., X, Xy1)

= > Y mx, (M) mx, (Yagn) (QN) (Ya, .., Yaga)
YIGP(E) }/-,L+1€'P(E)
= > ) mx,()mx, (Yap) Q(Vi, . Ya N Yoga)

Y1€P(E) Y,t1€P(E)
= > > mx,(M).omx,, (Ya1)
Y1€P(E) Y, 1€P(E)
Z Z mx, (Yn) an+1 (YnJrl) Q (Yla ey Ynfla Yn N YnJrl)

Yn€P(E) Yn11€P(E)

= > > mx,(M).omx,, (Ya1)

Y1€P(E) Yn-1€P(E)

Z Z Z mx, (Yn)mx, .. Yns1) Q@ (Y1,..., Y01, R)

REP(E) Y, €P(E) Yo41€EP(E)/YoNYrni1=R

= > > mx,(M)..omx,, (Ya1)

Y1€P(E) Yn-1€P(E)

> myax.., (R)Q(V,...,Ya 1, R)
ReP(E)

Where we have using 58. And then,

‘7:A (Qm) (Xla .. 'aXn;XnJrl)

= Z .. Z mx, (Y1)...mx,_, (Yn-1)

Y1€P(E) Yn_1€P(E)

Z mX"ﬁX"+1 (R)Q(Yi7ayn—laR)
ReP(E)

=F4Q) (X1, .., XpNXp1)

]
Now we prove the fulfillment of the Z-4 axiom:

FQU)=F@QU, n>0

Proof. For a semi-fuzzy quantifier Q : P (E)" — I it is fulfilled (7, represents
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the trasposition of the n and n + 1 element [34, section 4.5]):

(Q-N=71,=) = (f : (Y],...,Y)) = Q(Y{,...,=Y))) N =7p—
= (f” : (Yl”, R Yé'ﬂ) — f (Yl”7 YN YTQ'H)) Ty
= (" (YY) 2 QY = (VN Y))) 2T
= (f/// : (YV{N, st 7Y7’/LN7 YTZ"{‘I) - f” : (Yil//’ MR YT;”’ ﬂ}/7”;/';‘1)) Tnﬂ
(P (e YY) = Q@ (= (V) 1)) e
= (f//” : (Ylllll’ ce 7Y7”i///’ Y?”i’-’r”l) - f”/ : (YI/NI’ MR YTZ"{"I’ YT;NI)) B
= (f”” : (Yl””, S A Y:Jr”1) —Q: (Yl'”', e, (Y,;'fr'l N —Yé’”))) -
= (f'”” : (Yl'””7 S S Yrilﬁ) — (Yl'”', R —\Yé'fr'l))
= (P (YY) = Q (W (A A )
and then

Q-N=-1,)(Y1,.... Y, Y1) =Q(Y1,..., Y0 1,7 (0¥ N=Yoy1))
= Q(Yiv .- '7Yn—1;YrL UYn—i—l)

In this way, we can use the properties of external negation, internal negation
and trasposition of arguments (trivially fulfilled) and the expression 8 to obtain:

FAQU) (X1, s Xy Xog 1) = FAHQ-N=707) (X1, Xy Xg1)
AQ)=N=1, 5 (X, ..., X, Xng1)
AQ) (X1, ., (X=X 041))
Q) (X1,..., XnUXns1)

where in the last step we use that N and U are constructed by means of dual
operators. ®

Axiom Z-5 It holds that

If Q is nonincreasing in the n-th arg, then F (Q) is nonincreasing in
the n-th arg, n > 0.

Proof. We will consider first the unary case.

Let Q : P(E) — I be a nonincreasing semi-fuzzy quantifier. We will proof
that F4 (@) (X) is nonincreasing using induction on the cardinality of the ref-
erential.

Case i = 1; that is, the referential contains only one element (E = E!' =
{er}). _

Let X, X’ € P (E) be fuzzy sets fulfilling X C X’. Note

px (e1) < pxr(er),1—px (e1) > 1 — px (e1)
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As @ : P (E) — I is monotonic nonincreasing for h > 0 it holds that

aQ (2) +6Q ({e1}) = (a = h) Q (@) + (0 + h) Q ({er}) (17)

as a consequence of

(@a—h)Q(2)+ (b+h)Q ({er}) = aQ (9) +bQ ({ex}) + 1 (Q ({er}) — Q ()

and @ ({e1}) — @ (@) < 0 because @ is nonincreasing,.
Let be h = px (e1) — px (e1) > 0. By 17

1—px (1)) Q (@) + px (e1) Q ({er})
1 —px (e1) = (ux: (e1) — px (e1))) Q (@) + (px (e1) + (uxs (e1) — px (e1))) Q ({ex})
1 —px (e1) — pxr (e1) + px (€1)) Q () + (ux (e1) + pxs (e1) — px (e1)) @ ({er})

= (1 - px (e1)) Q (D) + px: (1) Q ({er}) = F4(Q) (X)

and the property is fulfilled for a one referential set

Hypothesis of induction: Case i = m (E = E™ = {e1,...,en}). For
X, X' € P(E™) such that X C X’ it holds that F4 (Q) (X) > F4(Q) (X).

Casei=m+1(E=E"" ={e;,....emi1}).

Based on Q : P (Em+1) — I we define the semi-fuzzy quantifiers Q¢ :
P(E™) —-Tand Q" :P(E™) —1as

Q*(X)=Q(X),X eP(E™)
Q"(X) = Q(X U{emi1}), X € P(E™)

Q® and Q" are monotonic nonincreasing on E™.
Let h = (ux’ (€m+1) — px (ém+1)). Then

FHQ) (X)
= ) mx(MQ()

Yep(Bm+i)
= Y (-px(emp)mx(VQX)+ D px(emi) mx (V)Q (Y U{emi1})

YePp(E™) YeP(E™)
> (1= px (emp) —h) Y mx(V)QY)+ (ux (emi) +h) > mx(YV)Q(Y Ufemit})

YeP(E™) YeP(E™)
= (1= px (emp1) = (px (emp1) — pix (emy1))) Y, mx (Y)Q(Y)
yeP(Em)
+ (px (ems1) + (pxr (€ma1) — tx (emy1))) Z mx (Y)Q (Y U{emt1})
yeP(E™)
= =px(em1) Y, mx(V)QY)+pux: (emp1) Y, mx(V)QY Ulemir})
yeP(Em) YeP(Em)
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And using the induction hypothesis

S o)=Y mx (V)Q(Y)

YeP(E™) YEP(E™)
Yo omx(MR )= > mx (V)Q(Y)
YeP(Em) YeP(E™)

because Q* : P (E™) — I and Q® : P (E™) — I are monotonic nonincreasing
on a referential of m elements. We continue the computation:

FAQ) (X)

>(1=pxr(emin) D, mx(V)QY)+ux (emyr) >, mx(Y)QY Ulemi1})
YeP(E™) YEP(E™)

>(1=pxr(emsr) Y mx (V)Q (V) +pxs (emsr) Y, mx (V)Q"(Y)
YeP(E™) YEP(E™)

= Y mx(¥)Q(Y)

YEP(E™)

=F4(Q)(X)

n

Let us consider now the general case.Let @ : P (E)
fuzzy quantifier non increasing in its n argument. Then,

— I be an n-ary semi-

fA(Q)(XlaaXn)
= > ) mx,(M)mx, (V) Q (W, V)

Y1€P(E) Y,eP(E)

= > 0D mx,(M)mx,, (Yas1) Y mx, (Ya)Q (Y., V)

Y1€P(E) Y, 1€P(E) Y, €P(E)

In

Z mx, (Yn) Q (Y1, . ,Yn)

Y. €P(E)

the Y1,...,Y,_1 are constant. The unary semi-fuzzy quantifier Q' : P (E) — I

Q/ (Y) = Q(Yla' "aYnflay)

is monotonic non increasing, and then F4 (Q’) is also monotonic non increasing.

As this fact is fulfilled for all
Yl,.. -7Yn—1 S P(E)

then the proposition is fulfilled. m
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Axiom Z-6 It holds that
.7:(620 Qﬁ) =F(Q)o Q}A'(ft) where f1,...,fn: E' - E,E'# @ (18)
i=1 i=1

To prove this property we need some previous results.
Existential quantifier

Proposition 59 (F4 (3) (X)) Let X € P (E) a fuzzy set. Then
FA(I) (X) = sup {;\_L/LIMX (a;) : A={a1,...,am} € P(E),a; # aj if i #j}

Proof. Let E = {e1,..., e} be given. Using the lemma 55

FAEX) = Y mx(V)Q(Y)

YEeP(E)

= > mx(Y)

YeP(E)|Y£o
=1—mx (@)

]
Universal quantifier

Proposition 60 (F4 (V) (X)) Let X € P (E) a fuzzy set. Then
FA W) (X) = inf{iglux (@) : A= {a1,....am} € P(E) a5 # a; si i 7&3‘}
Proof. Let £ = {e1,...,em} be given. Then
FAW(X) = D> mx(V)V(Y)

YeP(E)
=mx (E)

= HMX (e:)

[

Induced extension principle.

To compute the induce extension principle of the F4 we will use the defini-
tion 28.
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Notation 61 (V:P (E) — 1) Let E = {e,...,em} and X € P(E) a fuzzy
set. By V : P (E) — I we will denote the generalization of the induced tconorm
to fuzzy sets; that is,

V(X):{\7(ux(el)ﬂ(---,v(gx(6m—1)7ux(em)))) zig

Proposition 62 Let f : E — E’' (where E,E' # &). Let e, € E' be given
and let f=1(e}) = {eil, . .eiki} be the inverse image of e;. Then the induced
extension principle of F4 for f is

REF)(x) (e) = { v <{uX (€ir) /€irs s px (eiki) /eiki}) o k>1

0 : otherwise
(19)

= (3my) (X779)

where E'Fl(e;) represents the existential quantifier on the base universe ]a (el)
and X /(<) is the proyection of the fuzzy set X over f_\l (e}).
Proof.

iz gy () = F (X () (X) (20)

= Z mx (Y) X70) (6/) (Y)

YEP(E)

I

3

>

=
—N—
= O
(.b\ (.b\
m T
)
==

YEP(E)|JecY, f(e)=e’

If f/?1 (¢’) = @ the previous sum is 0 and we are in the second situation of
expression 19.

Let us suppose f/—\1 (£ o =

It should be noted that for each Y € P (E) fulfilling Je € Y, f (e) = €’ then
the intersection of ¥ with the inverse image of e’ ( Fl (€’)) is not empty. As
for all Y fulfilling this condition can be decomposed in the part intersecting
with f/_\1 (¢), and the part that does not intersect with f/—\1 () (E\f~1 (")
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expression 20 is equal to

N o_
Bz x) (€)= -

= > > mx (M UR)

PCMCf-1(e') CRCE\f~1(e’)

> Sl O anmET ) R)

@CMCf-1(e’) @CRCE\f~1(e')

- Y A9y el Y

GCMCf-1(e)
As @ C RC E\f~!(¢') contains all the sets of E\f~!(¢/). And then,

HFa ) (€)=
f—l e
-y wk Wan
GCMCF(e)
- A ~ )’c\—l e
=7 (3-100) (X77))
If we denote f_\l (") ={ei,,. .. €, } using expression 59 we obtain
M_/F\A(f)(X) (el) =V ({ux (eiy) /€iys oo px (e'bk) /elk})
Now we will prove the fulfillment of
Qo k7)) =F @0 kF )
where f1,...,fn: B/ > E,E' # &

Proof. Let E = {e1,...,en}, E' = {e1,...,em/} finite sets, Q : P(E)" — 1
a semi-fuzzy quantifier, X7 ..., X! € P (E’) fuzzy sets and fi,...,f, : B/ —

E,E' + @. We point that F (f;) (X;) € P (E). By computation
FAQ) o xIL FA(fi) (X1, X)) (21)
= FAQ) o (FAG) (X))o FA () (X))

Y1€P(E) Y.€P(E)

Using result 62 we can rewrite FA (fi) (X]) € P(E) as

FA(f:) (X))
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Rewriting expression 21

L=y Y (22)

YieP(E) Y,eP(E)

" 17 e e (
{fA(afl”(el))((Xi)f K )) /511---7-7:‘4(3?1,1(6"1))((Xl)f L >) /em}
)((X;L)ﬁfl(em)/em} Y,)Q(,....Y,)

Yi)...

TEA (3 ) (0P T ) e FA (3

(em)

Let beY; = {ejl, ey } €P(E),E\Y; = {ejk+1 o€ } We will com-
pute the probability mass MEA (1) (1) (Y5):

MFAf) (X)) (¥3)

= m{}‘A(EE,l(el)> ((le)f?“(em) fer,nFA(35 1) <(X£)ﬁfl(em>) /em} ({ej1 s € })

=F4 <3ﬁ1(€j1)> <(X{)ﬁl(eh)> L FA <3ﬁ1(ejk)> <(X{)f"l(e”)) ~

And by duality we now that =F4 (3) = F4 (V) 5. Then,,

mﬁ(fi)(X{) (Y5) (23)

- (354 (00"} (370, ) (0770
d (Vﬁ%eml)) ( »ﬁl(eﬂw)) e FA () (; (X;)ﬁ1<ejm>>

As

A N CSANE £ egn)
a (Hﬁfl(ew) <(Xi) J ) B 2 m(X/)Eﬂ(em (M)
GCMCF; (ej,) '

n
i

= >k

GCMCT e
A ~ Fl e ) _ ~
7 (vffl(en)> (ﬂ (XD J ) a H ﬂ'u(X')?fl(ﬂjr) (¢')
erefi (es,)

= H :ng (el)

eefi (ejy)
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then expression 23 is equivalent to
mj—'\A(f,)(X;) (}/}) (24)

S ook oo 2wl @

k3 i

e/EE/\(ffl(ejl )U...Uffl(ejk ))

= Z le{ (M)
MeP(E')|
Fl(ejy )Y £8A.A
R f;l(ejk)ij#Z/\

5t (ejk+1 )JOYG=BAA
F (ejm)NY;=2

In this way, the probability mass m_—; (X7 (Y;) is computed by using the

probability masses my; (M) that are associated to the Ms € P (£’) such that
the intersection with the inverse image of the e € Yj; is not empty, and such that
the intersection with the e € E\Y; is empty. Moreover, we should note that all
M € P (E') is associated to one Y € P (E); that is, f; (M) = Y for some Y. In
this way, if the Y's visit P (E), then the Ms visit P (E’), and continuing with
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the computation of expression 22 we obtain
FAUQ) o X FA(fi) (X1, X))
YD) m A o(xt) F ) (Y0 V)

YiEP(E) Y,€P(E)

Yi€P(E) Y,.€P(E)

A (3 ) (0P 0) oA (3 ) (P ) e ) ()

QY,...,Yy)

le{e(yl)l r €YD, }GP(E)’ Y’”-:{e(yn)l (Y g }GP(E)7

3 mx (V) ... ) mx, (V) Q (V... Yo)

Y{eP(E")] Y eP(E')]
(e, )NYI#BA..A Ft (ecvm), )NYa#@AA
ffl(e(Yl)k)mYﬁéQ/\ f;l(e(yn)k)ny71;ég/\

it (e(Yl)kH)ﬁYf:gAmA it (G(Yn)Hl)ﬁYé:@/\wA
Fit (e, )Y =2 Fot(eqvny,, )Y, =2

Y1={6(Y1)11---76(Y1)k}67)(E)1 Yn:{e(yn)l""76(Yn)k}67)(E)’
E\Y1= YD) pp1 (Y1) E\Y,= E(Yn) 418 (Yn)m

) mxy (V7). 3 mx, (V) Q (F (),

Y{eP(E')| Y, eP(E)|
Tt (e, )NYI#BA..A Ft (ecvm), )NYa#@AA
ffl(e(Yl)k)mYﬁéQ/\ f;l(e(yn)k)ny71;ég/\
o (s 0¥ =21 O,
Ft (e, )Y =2 Fit (ecvny,, )NYr=2
= Y mq O Y mg DQ (AWM. Ja (V)

Y{eP(E") v, eP(E")

= 3 om0 Y om0 (QexILR) (V1)

Y/eP(E') v, eP(E)
= F(QoxiL i) (X1, X))

as we want to prove. m
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8.2 Properties of the F* that are not consequences of the
DFS framework

8.2.1 Property of argument continuity

The F4 model fulfills the property of argument continuity.

Proof. 1In [17, appendix A] a detailed proof can be found. But the next
arguments are enough to prove continuity. Let us consider the definition of the
FA model:

FAQ (X1, X)) = Y o > mx, (M) .omx, (Ya)Q (i, ..., V)

YiEP(E)  Y,eP(E)

Note that for crisp sets Y1,...,Y, € P(E) mx, (Y1)...mx, (Y,)Q (Y1,...,Y,)

are continuous funtions, because @ (Y1, ..., Y,) is constant and mx, (Y1)...mx, (Y)
only involves the use of the product operation.
But the sum of continuous functions (that is, the sum over (Y1,...,Y;,) €

P (E)" is continuous. And then the model is continuous in arguments. ®

8.2.2 Propery of quantifier continuity

The model F4 fulfills the property of Q-continuity:
Proof. Let Q,Q’ : P (E)" — I semi-fuzzy quantifiers. Then,

4(#11@).74(Q))

sup{ ZYle’P(E)"'ZYne’P(E) mx, (Yl)"'an (Yn)Q(YIaayn) ‘
- ZYIG'P(E) - 'ZY,LEP(E) mx, (Yl) -e-MmXx, (Yn) QI (Yh R Yn)

Xneﬁ(E)}

Q(M1,....Y,) —Q (Y1,....Y,))

— Sup{ ZYlEP(E) o ZYnEP(E) le (Yl) t an (Yn) ‘ . Xl, o ,Xn c ﬁ (E)}

<swpd | S Y le(Yl)...an(Yn)d(Q,Q') . X1,..., X, € P(E)

Y1€P(E) Y,eP(E)

= sup (Q,Q') Yo D mx, (V).mx, (Ya)| 1 X1, Xy €P(E)

YiEP(E)  Yne€P(E)
fsup ‘ (Q,Q/)‘:Xl,...,XnGﬁ(E)}
i(0.0)

And the property is fulfilled for § <e. =

8.2.3 Property of the fuzzy argument insertion

The F4 verifies the property of fuzzy argument insertion.
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Proof. Let Q : P"1 (E) — I a semi-fuzzy quantifier be given and A € P (E)
a fuzzy set. For all Y1,...,Y,, € P(FE) crisp we have

(FA(Q) < A) (Yi,....Yy)

(
(( fi(Ky,...,Kyp1) € P(E) — D21 EP(E) + 2aZneP(E) 2z 1 €P(E) ) 4 A)
me, (Zl) .- ME, (Zn) MK, 11 (Zn+1) Q (Zla s Zna Zn+1)

—u (1 (KL KL € PE) = [ (K] KDL A)) ) (Y, V)
—U (KL, K € ( )_’Z Z1€P(E --Zznep(E) Zznﬂep(};)

mK/ (Zl) -MEK!, (Z ) (Z +1 )Q(Zl7--->Zn7Zn+1)
(Y1,...,Y,)

_ ( fr(BY L KR) €EP(E) = Xz epm) - 222, eP(E) 221 eP(E) )
mK{’ (Zl) -mKy (Zn) (Z’ﬂJrl)Q(Zla"'aZnaZnJrl)

(Y1,...,Y,)

(f”:(K{’,...,K{L’)GP(E)H 3 mA(ZnH)Q(K;’,...,K;;,Znﬂ))

Zn+167)(E)
(Y1,...,Y,)

because (K7,...,K]!) € P(E) are crisp sets, and then
QIA(Yy,...,Y,) = ... (25)

= Z ma (ZnJrl)Q(Yla"'aYnaZnJrl)
Zn+167)(E)

Using the previously obtained result (expression 25), then:
FA(QIA) (X1,..., Xn) (26)
= > ) mx,(M).mx, (Vo) (QRA) (i, ..., V)

Y1€P(E) Y,eP(E)

o) mx (M) mx, (Y)Y ma(Ze) QY. Yo, D)

Y1€P(E)  Y,€P(E) Zpt1€P(E)
ooy > mx, (M) omx, (Va)ma (YVapr) Q(Vi, ..., Yo, A)
Y1€EP(E)  Y,€P(E)Yn,+1€P(E)

=FAQ)(X1,...,X,, A)

=FA Q)< A
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8.2.4 Property of the identity quantifier.
This property is easily proved by induction. Let us denote

Pr(cardx = j) = Z mx (Y)
YePE)Y|=j

the probability that the cardinality of a crisp representative of X let be j.
Proof. For |E| = m we have

F4 (identity) (X) = > mx (Y)identity (Y)
Y€eP(E)

Y]
> omx (V) 7

YeP(E)

- J
Sy i
J=0YeP(B)||Y|=)
1 m
=— ZjPr (cardx = j)
m <
7=0

Let us begin the induction proof:

Case i =1, X € P(E"). Evident.

Induction hypothesis. Case i = m (that is, £ = E™ = {e1,...,em}).
For X € P (E) it is fulfilled

1 & ~

A /e .

dentity) (X) = — i), X E
F7 (identity) (X) m;ﬂX(ej)v €P(E)
Caswi=m+1(E=E"" ={ey,...,ems1})

For an m elements referential is fulfilled (using the induction hypothesis).

m

N g+
P =7j)—-
E r(cardx = j) e (27)
j=0
1 2 m+1
=P =0)—— +P 1) —2 4 ...4P —p) T
r (cardx 0)m+1+ r (cardx )m+1+ + Pr(cardx m)m+1
1
= Pr(cardx =0) mL—i—l + Pr(cardx =1) pot + ...+ Pr(cardx =m) ml—l—lJr

1 1 1
Pr(cardx =0) o + Pr(cardx =1) | +...+Pr(cardx =m) |
m j 1 m
= ;Pr (cardx = j) o + m—Hj:O Pr (cardx = j)
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:ZPr(cardX:])—Jr—
= m+1 m+1
:LmPr(cardX:m)iJr;
m—i—ljzo m  m+1
m 1
= ——F4 (identity) (X) + ——
L (identity) (X) + ——
m 1« 1
= Tm O
1 & 1
—m+1jz::OHX(J)+m+1

Let us suppose now that X € P (E™*1). And let be X' € P (E™) the fuzzy
set

X/ _ XEm
Then,

FA (identity) (X)
m+1 j

= Z Pr (CaTdX = j) m—«i»]_
7=0

0

=Pr(cardx =0)(1 — px (em+1)) m—+1+

+ 57 (Pr(cardys = ) (1= px (ems1)) + Pr (cardy: = j — 1) pix (emy1) ——
= m+1

m+1
Pr (cardx: = 1) T
+ Pr(cardx: =m) pux (e H)m—i—l
m .
. m+1
= ; (Pr(cardx =j — 1) px (€m+1)) #H + Pr(cardx: = m) px (em+1) |
m .

+ ZPI‘ (cardx: = 3) (1 — px (€m+1)) —J 4P (cardx =0) (1 — px (€m+1)) 0
= m+1 m+1
m+1 . m .

= (Pr(cardx: =j —1) pix (€m41)) Iy > Pr(cardx: = j) (1 - px (€my1)) I
= m+1 = m+1

= pix (em1) ;Pf (cardx: =j) 3~ + (1= px (em1)) FZOPT (cardxs = J) —=—

m

A mo Ny
= px (em+1) ;Pf (cardxr =7) +—— + (1 = px (em41)) = FZOPT (cardx: = j) =
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And using expression 27 and the induction hypothesis:

m m

1 1
= px (em+1) Z#X )+ —— | + (1 = px (em+1)) m+1mZ“X €j)

m+1 =0 m+1 =0
m 1
= 1 -
Hnx (€m+1 m+ 1 g/J/X m+ 1 + ( mx (@'m—i—l m+ 1 X_;IJ/X 6_]
1
= px (emt1) — o1 ]E:OMX (ej) + px (em+1) mal
1 m m
+ mrl ZMX (ej) = px (em+1) Z
j=0 J=0
(emt1) —— 3 ix (e
= e
MUX \Em+1 m+ 1 m+ 1 = NX ]
1
i > nx (e5) + px (emt1)
j=0
m—+1
Tm+1 2 o (e5)
7=0

8.2.5 Property of the probabilistic interpretation of quantifiers

The model F4 fulfills the property of the probabilistic interpretation of quan-
tifiers:

Proof. Let Q1,...,Q, : P" (E) — I a probabilistic covering of the quantifica-
tion universe. Then for all X1,..., X, € P (E)

F(Qu) Xy, X))+ + F(Qr) (X1, Xn)
= > ) mx, (V) mx, (V)@ (Ve Ya)

Y1€P(E) Y,.€P(E)

+ Y D> mx, (M) mx, (V) Qe (VL V)

YieP(E) Y,eP(E)

= > ) mx, (V) mx, (V) (@1 (YY) o+ Qe (YY)

Y1€P(E) Y,eP(E)

= Z Z le(Yi).--an(Yn)

Yi€P(E) Y.€P(E)
=1
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9 Apendix B. Efficient computation of the F4
model

Although the time to compute the result of evaluatign a quantified expression
could seem extremely high, it is possible to develop polynomial algorithms for
quantitative quantifiers'®. In table 1 the algorithm to evaluate unary quanti-
tative quantifiers is shown. A quantitative unary semi-fuzzy quantifier depends
on a function ¢ : {0,...,|E|} — I; that is, a function of the possible cardinal-
ity values in I. The idea of the algorithm is that, if we know the probabilities
of the cardinalities in a base set of size k; that is, we know the probabilities
Pr(cardx =0),...,Pr(cardx = k) then when we add one element to the base
set (ex+1) we have to consider two possibilities to compute the change in the
probabilities of the cardinalities. One possibility is that the element ey4; ful-
fills the property represented by X (with probability ux (ex+1)) and the other is
that the element does not fulfill the property represented by X (with probability
(1 — px (ex+1))). The next formula expresses the change in the probabilities:

Pr(cardx =0) (1 — px (ex+1)) Jj=0
Pr(cardx =j) (1 — px (ex+1)) :
_ 1<j<k
+Pr(cardx =j—1) ux (ex+1) =)=
Pr(cardx = m) px (ei41) o j=k+1

Pr(cardx = j) =

Similar ideas can be used to develop algorithms for other quantitative quan-
tifiers. The case of binary proportional quantifiers can be consulted in [17, pag.
343].
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