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1 Introduction and motivations

Similarly to many areas of Artificial Intelligence, Logic as well has approached the def-
inition of inferential systems that take into account elements from real-life situations. In
particular, logical treatments have been trying to deal with the phenomena of vagueness
and uncertainty. While a degree-based computational model of vagueness has been in-
vestigated through fuzzy set theory [88] and fuzzy logics, the study of uncertainty has
been dealt with from the measure-theoretic point of view, which has also served as a
basis to define logics of uncertainty (see e.g. [57]).

Fuzzy logics rely on the idea that truth comes in degrees. The inherent vagueness in
many real-life declarative statements makes it impossible to predicate their full truth or
full falsity. For this reason, propositions are taken as statements that can be regarded as
partially true.

Measures of uncertainty aim at formalizing the strength of our beliefs in the occur-
rence of some events by assigning to those events a degree of belief concerning their
occurrence. From the mathematical point of view, a measure of uncertainty is a func-
tion that assigns to each event (understood here as a formula in a specific logical lan-
guage L£C) a value from a given scale, usually the real unit interval [0, 1], under some
suitable constraints. A well-known example is given by probability measures which try
to capture our degree of confidence in the occurrence of events by additive [0, 1]-valued
assignments.

Both fuzzy set theory and measures of uncertainty are linked by the need of interme-
diate values in their semantics, but they are essentially different. In particular, in the field
of logics, a significant difference between fuzzy and probabilistic logic regards the fact
that, while intermediate degrees of truth in fuzzy logic are compositional (i.e. the truth
degree of a compound formula ¢ o y only depends on the truth degrees of the simpler
formulas ¢ and ), degrees of belief are not. In fact, for instance, the probability of a
conjunction ¢ A Y is not always a function of the probability of ¢ and the probability of
y. Therefore, while fuzzy logics behave as (truth-functional) many-valued logics, prob-
abilistic logics can be rather regarded as a kind of modal logics (cf. [50, 51] for instance).
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The conclusion arising from the above mentioned differences is that the degree of
truth of a formula cannot be understood, in general, as the degree of belief of the same
formula. Still, we can interpret the degree of belief of a formula ¢ as the degree of truth
of the modal formula P¢ that states that ¢ is plausible or likely.

This approach was first suggested by Hijek and Harmancov4 in [55], and later fol-
lowed by Héjek, Esteva and Godo in [54, 52, 44, 45] where reasoning under uncertainty
(modelled by probabilities, necessity and possibility measures, or even Dempster-Shafer
belief functions) with classical propositions was captured in the framework of t-norm
based logics. Indeed, given an assertion as “The proposition ¢ is plausible (probable,
believable)”, its degree of truth can be interpreted as the degree of uncertainty of the
proposition @. In fact, the higher our degree of confidence in ¢ is, the higher the degree
of truth of the above sentence will be. In a certain sense, the predicate “is plausible
(believable, probable)” can be regarded as a fuzzy modal operator over the proposition
¢. Then, given a class of uncertainty measures, one can define modal many-valued for-
mulas M@, whose interpretations are given by real numbers corresponding to the degree
of uncertainty assigned to ¢ under measures p of the given class. Furthermore, one can
translate the specific postulates governing the behavior of particular classes of uncer-
tainty measures into axioms on the modal formulas over a certain t-norm based logic,
depending on the operations we need to represent.”

This logical approach to reason about uncertainty was also adopted to treat condi-
tional probability in [71, 46, 47]; (generalized) conditional possibility and necessity in
[67, 68]; and simple and conditional non-standard probability in [39]. A generalized
treatment for both simple and conditional measures of uncertainty over Boolean events
that covers most of the above ones was given by Marchioni in [69, 70].

Our aim, in this overview paper, is to give a comprehensive logical treatment of
several generalizations of main classes of measures of uncertainty over fuzzy events. In
particular, we will show how it is possible to represent and logically formalize reasoning
about classes of measures such as probabilities, plausibility, possibilities and necessities
over several classes of many-valued events. Fuzzy logics provide a powerful framework
to handle and combine fuzziness and uncertainty. Indeed, in such logics the operations
associated to the evaluation of the connectives are functions defined over the real unit
interval [0, 1], that correspond, directly or up to some combinations, to operations used
to compute degrees of uncertainty. Then, such algebraic operations can be embedded
in the connectives of the many-valued logical framework, resulting in clear and elegant
formalizations.

This article is organized as follows. In Section 2, we provide the necessary logical
background for the different fuzzy logics we will use throughout the paper. In Section 3,
we introduce the basic concepts regarding some classes of measures over non-classical
events. In Section 4, we deal with several modal expansions of particular fuzzy logics
to treat classes of measures over fuzzy events. In Section 5, we study how to expand
the language of those modal fuzzy logics by adding truth constants from the rational
unit interval [0,1]. In Section 6, we rely on those modal expansions to characterize,
in purely logical terms, the problem of extending a partial uncertainty assignment over

2Needless to say, there are logics that are better suited than others to express the axioms of specific uncer-
tainty measures, since some logics are not rich enough to capture the particular behavior of certain measures.
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fuzzy events to a measure over the whole algebra they generate. We conclude with
Section 7, where we discuss further and complementary readings about the topic of
uncertainty measures over non-classical many-valued events.

2 Logical background

In this section, we introduce the background notions concerning the logic MTL [29], its
extensions and expansions.

2.1 Core and A-core fuzzy logics

The language of MTL consists of a countable set V = {py, ps,...} of propositional vari-
ables and a set of connectives £LC = (&,—, A, L) of type (2,2,2,0). The set Fmy of
formulas defined from the variables in V and the above connectives is built with the
usual inductive clauses.

MTL has the following axiomatization:

Al (p—=y) = ((y—=2)—=(9—=2) (A2) &Y — 0

(A3) Q&Y —=VW&O (A4) ory— @

(A5) @AY= YAQ (A6) 0&(Q = Y) = oAy

(A7a) (9= (y—x)) = (0&V —X) (A7b) (p&Ww —x)— (90— (Vv —2))
A8) (p—=wv)—=x)=((v—=0)=x)—2) (A9 L—o.

The only inference rule of MTL is modus ponens: from ¢ and ¢ — v, infer y. A proof
in MTL is a sequence ¢y,..., @, of formulas such that each ¢; either is an axiom of
MTL, or follows from some preceding @;, ¢ (j,k < i) by modus ponens. As usual, a
set of formulas is called a theory. We say that a formula ¢ can be derived from a theory
I, denoted as I by @, if there is a proof of @ from a set I” C . A theory I' is said to
be consistent if I b L.

Other definable connectives are the following:

ovy is (9= y)=yY)A(Yy—9)—0),
ooy is (@ yY)&(y— ),

) is @— 1,

T is —l.

We also use the following abbreviation: for all n € N, and for every ¢ € Fmy, ¢" stands
for p & ... & @ (n-times).

DEFINITION 1 (1) Let @(p1,...,px) be a formula in Fmy. Then the axiom schema
defined by @ is the set of all those formulas in Fmy that can be defined from ¢ by
substituting every propositional variable p; occurring in @, by a formula y; € Fmy.

(2) A logic in the language LC is said to be a schematic extension of MTL if its
axioms are those of MTL plus additional axiom schemas, with modus ponens as the
unique inference rule.

(3) Consider a language LC' D LC. A logic axiomatized in the language LC' con-
taining all the axioms and rules of MTL is said to be an expansion of MTL.
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An important expansion of MTL is the one obtained by expanding the language £C
with the unary connective A (known in the literature as Baaz’s delta, [6]), and adding
the following axiom schemas:

(Al) ApV-Ae (42) AlpVy)— (ApVAy)
(A3) Ap— o (A4) Ap — AAg
(A5)  A(e = y) — (Ap — Ay)

along with the deduction rule of A-necessitation: from ¢, deduce A¢. The above logical
system is called MTL,.

THEOREM 2 Let £ € {MTL,MTL4}. Consider the following properties for every set
of formulas T U{@, y, x} in the language of Z:

(Idr) I'oFo v iffthereisann € N such that T kg ¢" — y.
(Adt) LoFgey iff Ty Ap — .
(cong) @Yy x(e) < x(V)

Then, MTL satisfies (1dt) and (cong) while MTLy satisfies (Adt) and (cong).

Following [14], we say that a logic .Z is a core fuzzy logic if £ expands MTL and
satisfies (Idt) and (cong). A logic &£ is a A-core fuzzy logic if £ expands MTL, and
satisfies (Adr) and (cong).

An MTL-algebra is a structure A = (A,®,=,A,V,04, 14) of type (2,2,2,2,0,0)
such that:

(1) The reduct (A, A, V,04,14) is a bounded lattice,
(2) The reduct (A,®, 14) is a commutative monoid,
(3) The operations ® and = form an adjoint pair:

forallx,y,z€ A, xOy<ziffx<y=z

(4) The prelinearity condition is satisfied:
forallx,y €A, (x=y)V(y=x) = lgu.

Since MTL and all (A-)core fuzzy logics are algebraizable in the sense of Blok and
Pigozzi [7], we simply say that for any (A-)core fuzzy logic .Z, the class (variety) of
£ -algebras coincides with the equivalent algebraic semantics for .£. We refer to [14]
for a more complete treatment.

Basic examples of MTL-algebras are obtained by equipping the real unit interval
[0,1] with a left continuous t-norm #: [0, 1] x [0, 1] — [0,1] (cf. [52, 59]), its residuum
=,:[0,1] x [0,1] — [0, 1] and the usual lattice order of the reals. The main three exam-
ples of continuous t-norms are the Lukasiewicz t-norm (x*y = max(x+y — 1,0)), the
product t-norm (x*y = x - y) and the Godel t-norm (x*y = min(x,y)). These structures
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([0, 1], %, =>4, min, max, 0, 1) are called real MTL-chains,? and they will play a crucial
role in the rest of this paper. Of course, whenever we deal with particular expansions of
MTL, we must take care of the standard interpretation of the symbols that expand the
MTL-language. Recall that the standard interpretation of Baaz’s delta is the following:
forall x € [0,1], A(x) = 1 if x = 1, and A(x) = O otherwise.

An evaluation of Fmy into a real MTL-chain is a map e from the propositional
variables in V into [0, 1] that extends to formulas by truth-functionality. An evaluation
e is a model for a formula ¢ if e(¢) = 1. An evaluation e is a model for a theory T, if
e(y) =1, forevery y €T.

Let now .Z denote any (A-)core fuzzy logic. Then we say that .Z enjoys:

o Real completeness (RC) if for every formula ¢, & ¢ iff for every evaluation e
into a real .#-chain, e(¢) = 1.

e Finite strong real completeness (FSRC) if for every finite theory TU{@}, TH¢ ¢
iff for every evaluation e into a real .Z-chain that is a model for I, e(¢) = 1.

o Strong real completeness (SRC) if for every theory TU{¢}, ' o ¢ iff for every
evaluation e into a real .£-chain that is a model for I, e(¢) = 1.

o Strong hyperreal completeness (SR*C) if for every theory TU{¢}, I' Fo ¢ iff
for every evaluation e into a ultraproduct of real .Z’-chains that is a model for T,

e(e)=1.

Jenei and Montagna proved in [58] that MTL enjoys SRC. We refer to [14] for a com-
plete and in-depth study of such different notions of completeness for all the most promi-
nent (A-)core fuzzy logics.

DEFINITION 3 A (A-)core fuzzy logic £ is said to be locally finite iff for every finite
set Vy of propositional variables, the Lindenbaum-Tarski algebra® Fmy, of £ generated
by the variables in Vy is a finite algebra.

2.2 Expansions with an involutive negation

As we pointed out above, in any (A-)core fuzzy logic, we can define a negation con-
nective =, as —¢ := ¢ — L. This negation, in its standard interpretation, behaves quite
differently depending on the chosen left-continuous t-norm and, in general, is not an
involution, i.e. it does not satisfy the equation ——x = x.

A relevant expansion of a (A-)core fuzzy logic .Z is obtained by adding an involutive
negation ~ that does not depend on the chosen left-continuous t-norm [15, 30, 38]. In
particular, we recall that MTL.. is the logic obtained by expanding MTL with the unary
symbol ~, together with the following axioms:

(~1) ~~pe o
(~2) Alp = v) = (~y = ~0).

3In the literature of mathematical fuzzy logic, algebras over the real unit [0, 1] are also called standard.

4We remind the reader that, whenever we fix a language £, a set of variables V, and a logic .Z together
with its consequence relation &, the Lindenbaum-Tarski algebra Fmy is the quotient algebra of formulas
modulo the equi-derivability relation. We invite the reader to consult [12] for further details.
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MTL. -algebras, the algebraic counterpart of MTL.., are structures
(Av ©,=,A,V,~,A, 04, 1A)

of type (2,2,2,2,1,1,0,0) and are obviously defined. It is worth noticing that, as proved
in [38], extensions of MTL... preserve (finite) strong standard completeness.

MTL.. extensions are particularly interesting because, in each of their standard al-
gebras, any operation @ defined as: x @y := ~(~x® ~y) is interpreted as a t-conorm,
thus making the system (®,®,~) a De Morgan triple [40]. We will see later that these
structures allow to define a basic representation of possibility and necessity measures of
fuzzy events (see Section 3.2.1).

2.3 Expansions with rational truth constants

Other notable expansions of a A-core fuzzy logic . are obtained by expanding its lan-
guage with a set C of truth constants from [0, 1]. More precisely, let * be any left contin-
uous t-norm and [0, 1], be the corresponding real algebra ([0, 1],*,=>,, min, max,0,1).
Denote by %, the algebraizable (in the sense of [7]) core fuzzy logic whose equivalent
algebraic semantics is constituted by the variety HSP([0, 1].), i.e. the variety generated
by the standard algebra [0, 1],.. The logic .Z; o denotes as usual the expansion of .Z by
the Baaz connective A.

Let C be a countable subset of [0,1],. Then the logic .Z; A(C) is the expansion of
Z, A obtained by adding to its language the elements of C as constants and the following
book-keeping axioms, where, for every ¢ € C, we denote its associated constant by ¢
(notice that we still denote the top and bottom elements as 0 and 1):

(R1) ©T1&T; 4>y *cy,
(R2) ci—cerer=.c,
(R3) Ac <« Ac.

For the logic .Z, A(C), a different version of completeness has been introduced to
interpret canonically the constant symbols [28]. In particular, we say that .Z; A(C) has
the canonical (finite) strong real-chain completeness iff .Z, A (C) is (finitely) strong com-
plete w.r.t. the real algebra ([0, 1], %, =, min, max, {c}.cc), so that evaluations interpret
every symbol ¢ by the real number c (for all ¢ € C). Then, we have:

THEOREM 4 ([28, 31]) Let * € CONT-fin’ UWNM-fin®, and let C C [0, 1], be a suit-
able countable subalgebra. Then:

(1) Z, A(C) has the canonical finite strong real completeness.

(2) Z,A(C) has the canonical strong real completeness iff * € WNM-fin.

By the Mostert-Shields theorem [52, Theorem 2.1.16] every continuous t-norms *: [0, 1] x [0,1] — [0,1]
is an ordinal sum of the three basic t-norms: Godel, product, and Lukasiewicz. CONT-fin denotes the class
of all those continuous t-norms that are ordinal sums with finitely many components.

®Every nilpotent minimum t-norm # (cf. [29]) is uniquely characterized by its associated weak negation
ny: [0,1] = [0, 1]. The t-norm  is said to have a finite partition if its associated weak negation n, is constant
over finitely many intervals. WNM-fin denotes the class of all those weak nilpotent minimum t-norms having
a finite partition. Notice that Godel t-norm also belongs to this class.
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For a given left-continuous t-norm * and an involutive negation n: [0,1] — [0,1]
closed over the rational unit interval [0, 1]g, let Z ,([0, 1]g) be the axiomatic extension
of MTL.. that is complete with respect to the variety of MTL, -algebras generated by the
real algebra ([0,1],%,=,n,A,0,1). Then, %, ,([0,1]g) is the expansion of .Z, , with
truth-constants from the rational unit interval, together with the book-keeping axioms
(R1)—(R3) plus the following one for the involutive negation:

(R4) ~cT <+ n(c).
Adopting the same techniques used in [38, Theorem 5.6, Theorem 5.13], it is not
hard to show that the same conclusions of Theorem 4 can also be obtained for any
2. n([0,1]g), whenever * € CONT-fin U WNM-fin.

2.4 Lukasiewicz logics

Lukasiewicz logic L. was introduced in [66], and has been widely studied by many au-
thors both from the syntactical and algebraic point of view (cf. [8, 13, 52]). As a core
fuzzy logic, L is obtained from MTL, by adding the following axioms:

div) oAy = (p&(p—y)),
(inv) @ — @.

Due to axiom (inv), the defined negation of Lukasiewicz logic is involutive. This
allows us to define a connective of strong disjunction as follows: ¢ & y is = (=@ & ).

For each n € N, the n-valued Lukasiewicz logic L, is the schematic extension of L.
with the axiom schemas:

E,1)  (n—1)9 & no, ta2)  (ko* )" & not,

for each integer k = 2,...,n — 2 that does not divide n — 1, and where n¢ is an abbrevi-
ation for ¢ & --- @ @ (n times).

The algebraic counterpart for Lukasiewicz logic is the class of MV-algebras [11, 13].
These structures were introduced by Chang [11] using a different presentation that is
equivalent to the one given as extensions of MTL-algebras. In its original language, an
MV-algebra is a structure o/ = (A, @, —,04) satisfying the following equations:

MV1) x®(y®z)=(x®y) Dz, (MV2) x®y=ydux,

MV3) xd04 =x, MV4) ——x=ux,
(MV3)  x®—04 = =04, MV6) —(—x®y)Dy=—(-ydx)Dx.
As we stated, MV-algebras are MTL-algebras satisfying (see [13, 52]):
XNy =x0(x=y); (Divisibility)
(x=04) =04 =x. (Involution)

Indeed, in the signature (,—,04), the monoidal operation ® can be defined as x®y :=
—(—x®—y), while the residuum of @ is definable as x = y := —x@®}y. The top element is
defined as 14 := —04, and the order relation is obtained by defining x <y iff x = y = 14,
while the lattice operations are given by x Ay :=x® (—x®y) and xVy:= (x©®—y) Dy.
Moreover, we define the following useful abbreviation: for every natural n and x € A, nx
will denote x& -+ &x, and " will denote x® - - - Gx.
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For each n € N, an MV ,,-algebra is an M V-algebra that satisfies the equations:
MV7) (n—1x=nx MV8)  (kx*—1)" = mxk

for each integer k = 2,...,n—2 not dividing n — 1.

The class of MV-algebras (MV,,) forms a variety MV (MV,,) that clearly is the
equivalent algebraic semantics for £ (L), in the sense of Blok and Pigozzi [7]. MV is
generated as a quasivariety by the standard MV-algebra [0, 1]my, i.e. the MV-algebra
over the real unit interval [0, 1] with x@®y = min(x+y,1) and ~x = 1 —x.” Each MV, is
generated by the linearly ordered M V-algebra over the set S, = {0,1/n,...,(n—1)/n,1}
and whose operations are those of the MV-algebra over [0, 1], restricted to S,,.

Interesting examples of MV-algebras are the so-called Lukasiewicz clans of func-
tions. Given a non-empty set X, consider the set of functions [0, 1]X endowed with the
pointwise extensions of the operations of the standard MV-algebra [0, 1]my. Then a
(Lukasiewicz) clan over X is any subalgebra ¢ C [0, 1]%, i.e. a set such that

(1) if f,g€ € then fDgEF,
(2) if f € € then ~f € F,
(3) 0%,

where 0 denotes the function constantly equal to 0. A clan .7 over X is called a
(Lukasiewicz) tribe when it is closed with respect to a countable (pointwise) applica-
tion of the & operation, i.e. if the following condition

if{fu|neN}C T then®,cnfu €T

holds. Similarly, one can define an t,-clan of functions over some set X to be any
subalgebra €’ C (S,,).

The fact that MV is the equivalent algebraic semantics for Lukasiewicz logic L
and is generated as a quasivariety by the standard MV-algebra [0, 1]yy implies that
Lukasiewicz logic enjoys FSRC. However L. does not have SRC (cf. [14, 52]). On
the other hand, for every n € N, the logic L, is strongly complete with respect to the
MV-algebra S, (cf. [34]).

Rational Lukasiewicz logic RL is a conservative expansion of Lukasiewicz logic
introduced by Gerla in [42, 43], obtained by adding the set of unary connectives &,, one
for each n € N, together with the following axioms:

(D1) né,¢ < o, (D2) =6, P —(n—1)8,¢.

The algebraic semantics for RL is given by the variety of DM V-algebras (divisible
MV-algebras), i.e. structures &7 = (A, B, —,{0,}uen,04) such that (A,®,—,04) is an
MV-algebra and the following equations hold for all x € A and n € N:

(0,1) n(6yx) =x, (642) 6px® (n—1)(8,x) = 04.

"Notice that there exist uncountably many MV-algebras whose universe is the real unit interval [0, 1], but
they are all isomorphic to each other, and, in particular, to the standard MV-algebra.
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An evaluation e of RE formulas into the real unit interval is just a Lukasiewicz logic
evaluation extended for the connectives 8, as follows: e(5,¢) = e(@)/n.
Notice that in RE all rationals in [0, 1] are definable (as truth constants) as:

- 1/n s definable as 8,1 , and
- m/n is definable as m(8,1)

since for any evaluation e: ¢(8,1) = 1/n and e(m(8,1)) = (1/n)® -*- ®(1/n) = m/n.

As shown in [43], the variety of DM V-algebras is generated as a quasivariety by the
standard DM V-algebra [0, 1]pmv (i-e. the expansion of [0, 1]py with the §, operations),
and consequently RE enjoys FSRC. However, since it is a conservative expansion of £,
RL does not have SRC.

We also introduce here a logic simpler than RL that we will make use of later in the
paper. For every n € N, we denote by £, the expansion of £, obtained by expanding its
language with the truth constant m together with the axioms:

(1) n(1/n), o
n2) —-(1/n & (n—1)1/n).

It is not difficult to see that the logic £,;| is strongly complete with respect to its related
algebraic semantics, i.e. the MV-algebra over S, expanded with a truth constant 1/n
satisfying the two equations corresponding to axioms (n1) and (n2).

THEOREM 5 ([13]) The logics L. and RL. are not locally finite. For every n € N, the
logics ¥, and &, are locally finite.

3 Uncertainty measures over non-classical events

In this section we introduce the basic concepts regarding uncertainty measures over non-
classical events. We start by introducing the definition of those uncertainty measures
over Boolean algebras that we will later generalize for weaker structures. The modal
logics we will present in Section 4 will be based on these generalizations.

3.1 The classical case

Classical representations of uncertainty are based on a set of possible situations (or
worlds), sometimes called a sample space or a frame of discernment, which represents
all the possible outcomes. A typical example is the toss of a die. In this case, the
sample space is given by six different situations, each of them corresponding to a certain
outcome. An event can be simply regarded as a subset of the sample space corresponding
to the set of those situations in which the event is true. In the case of the toss of a die, for
instance, the event “the outcome will be an even number” corresponds to the set given
by {2,4,6}. Complex events can be seen as Boolean combinations of subsets of the
sample space. For instance, the event “the outcome will be an even number and it will
be strictly greater than 4” is nothing but the intersection of the sets {2,4,6} and {5,6}.
Measures of uncertainty are classically defined over the Boolean algebra generated by
subsets of a given sample space.
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An event can be also identified with the proposition whose meaning is the set of
situations that make it true. From a logical point of view, we can associate to a propo-
sition the set of classical evaluations in which the proposition is true. Each of those
evaluations, in fact, corresponds to a possible situation.

In what follows we will use the words “event” and “proposition” with the same
meaning, and they will refer to a set of situations, or equivalently to a set of classical
evaluations. Given that measures are defined over the Boolean algebra of subsets of a
sample space, we can consider measures as defined over the Boolean algebra of provably
equivalent classical propositions.

In general, measures of uncertainty aim at formalizing our degree of confidence in
the occurrence of an event by assigning a value from a partially ordered bounded scale.
In its more general sense, this is encoded by the concept of plausibility measure intro-
duced by Halpern (see [57]).® Given a partially ordered set (L,<,0,1), an L-valued
plausibility measure on a Boolean algebra % = (B, A\,V,—,0p, 1p) of events is a map-
ping p: B — L satisfying the following properties:

i p(OB) :0, and p(lB) = 1,

ii. forevery x,y € B with x <y, p(x) < p(y), where x <y denotes the order relation
between elements of B.

The first two conditions mean that the certain event 15 and the impossible event Op have
measure 1 and 0, respectively.” Indeed, the certain event is satisfied in every possible
situation, while the impossible event never occurs. The third condition corresponds to
monotonicity, i.e. if the situations in which an event can occur are included in those that
support another event, then the degree of uncertainty of the former is smaller than the
degree of uncertainty of the latter.

Uncertainty measures are usually defined as real valued functions where the partially
ordered scale is identified with the real unit interval [0, 1]. Plausibility measures of this
kind are also known as fuzzy measures, and were first introduced by Sugeno in [87].
Thus, (classical) fuzzy measures are in fact plausibility measures assigning values from
[0,1] to elements of the Boolean algebra of events.

Besides such common properties, each class of fuzzy measures basically differs
from the others in how the measure of compound propositions or events is related to the
measure of their components. In other words, what specifies the behavior of a fuzzy
measure is how from assessments of uncertainty concerning different events we can de-
termine the measure of (some of) their combinations. In a certain sense, we can say that
classes of fuzzy measures are characterized by the satisfaction of some compositional
properties. However, it is well-known that a proper fuzzy measure p cannot be fully
compositional.!®

8We want to warn the reader not to confuse plausibility measures in the sense of [57] with plausibility
functions in the sense of Dempster-Shafer theory, cf. [84].

9From now on, when no danger of confusion is possible, we will omit the subscripts of the bottom and top
elements of the Boolean algebra Op and 1p respectively, and we will simply write 0 and 1.

101n the sense that there do not exist functions f, f,: Bx B — Land f-: B — L such that, for every x,y € B,
pxAy) = fa(pux), w()), plxvy) = fo(ux), 1n(y)), p(-x) = f~(u(x)).
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THEOREM 6 ([25]) Let u: B — L be any L-valued fuzzy measure. If W is fully compo-
sitional then it collapses into a two-valued function, i.e. for all x € B, i1(x) € {0,1}.

Typical examples of classes of fuzzy measures are probability measures, and possi-
bility and necessity measures.'!

(Finitely additive) probability measures, first introduced from a measure-theoretic
perspective by Kolmogorov in [60], are fuzzy measures defined over a Boolean algebra
2 that satisfy the law of finite additivity:

for every x,y € B such that x Ay = Og, u(xVy) = p(x) + u(y).

Any probability measure 1 over a finite Boolean algebra % is uniquely determined
by a corresponding probability distribution p on the (finite) set of atoms {a; };c; of %:
by defining p(a;) = u({a;}), so that ¥,c; p(a;) = 1, it holds that, for any x € B, u(x) =
Y. i<xP (aj )-

Possibility measures (introduced by Zadeh in [90], and deeply studied by Dubois
and Prade [22, 24]) are a class of fuzzy measures satisfying the following law of com-
position w.r.t. the maximum t-conorm:

p(xVy) = max(u(x), 1(y)).

Similarly, necessity measures [22] are fuzzy measures satisfying the following law of
composition w.r.t. the minimum t-norm:

p(xAy) =min(p(x), u(y)).

Possibility and necessity measures are dual in the sense that, given a possibility measure
IT (a necessity measure N), one can derive its dual necessity measure as follows:

N(x)=1-TII(—x) [MI(x) =1—N(—x)].

Similarly to probability measures, any possibility measure IT over a finite Boolean
algebra # is uniquely determined by a possibility distribution 7 on the set of atoms
{ai}icr of Z. Indeed, by defining n(a;) = II({a;}), one has sup,c;7(a;) = 1, and
M(u) = SUP,; <, n(a;) for any u € ZB. As for the dual necessity measure, we have
N(u) =infy¢, 1 — 7(a;).

3.2 Non-classical events

In the literature, there seems not to be a general definition of the notion of a fuzzy
measure defined over structures weaker than Boolean algebras. Generalized treatments
have just covered specific cases, as we will see below, such as probability and necessity
/ possibility measures. Since those treatments study measures over particular subclasses
of MTL-algebras, it seems natural to give a definition for those kinds of structures.

DEFINITION 7 Given an MTL-algebra <f, a generalized fuzzy measure on </ is a
mapping |L: A — [0,1] such that 1(04) =0, u(ls) = 1, and for x,y € A, p(x) < u(y)
whenever x < y.

1 Notice that we do not discuss here the appropriateness of a class of measures w.r.t. uncertainty phenomena
and we do not compare them to each other. For such an analysis the reader is referred e.g. to papers by Smets
[85, 86], Halpern’s book [57] and the references therein.
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In what follows, we are going to study particular classes of generalized fuzzy mea-
sures that are extensions of those introduced for the Boolean case.

3.2.1 Possibility and necessity measures

In this section we give a definition of generalized possibility and necessity measures
over MTL-algebras (although we only make use of the underlying lattice structure).
Notice that, even if the real unit interval [0, 1] is the most usual scale for all kinds of
uncertainty measures, any bounded totally ordered set can be actually used (possibly
equipped with suitable operations), especially in the case of non-additive measures of a
more qualitative nature like possibility and necessity measures.

DEFINITION 8 Let o/ be an MTL-algebra and let |1 : A — [0, 1] be a generalized fuzzy
measure over <. Then:

e 1L is called a basic possibility measure when for all x,y € A
p(xVy) = max(p(x), u(y)),

e 1L is called a basic necessity measure when for all x,y € A
p(xAy) = min(u(x), u(y)).

For the case of < being a lattice of [0, 1]-valued functions on a set X (i.e. a lattice
of fuzzy sets), say A = [0, 1]¥, several extensions of the notions of possibility and neces-
sity measures for fuzzy sets have been proposed in relation to different logical systems
extending the well-known Dubois-Lang-Prade’s Possibilistic logic to fuzzy events, see
e.g. [22, 21, 48, 4, 3, 5]. Actually, the different proposals in the literature arise from
two observations. First of all, contrary to the classical case, [0, 1]-valued basic possi-
bility and necessity measures IT, N: [0, 1]X — [0, 1] are not univocally determined by a
possibility distribution 7 on the set X. The second observation is that, in the classical
case, the expressions of possibility and necessity measures of subsets of X in terms of a
possibility distribution on X can be equivalently rewritten as

I1(f) = supmin(z(x), f(x)), N(f) = inf max(1 —7x(x), f(x))

xeX xeX
where f: X — {0,1} is two-valued function, which can be obviously identified with a
subset of X. Therefore, natural generalizations of these expressions when f: X — [0,1]
is a fuzzy subset of X are

(f) = sg}gﬂ(xmf(x), N(f) = inf m(x) = f(x) (*)

where © is a t-norm and = is some suitable fuzzy implication function.'? In particular,
the following implication functions have been discussed in the literature as instantiations
of the = operation in (*):

12The minimal properties required for a binary operation =: [0,1] x [0,1] — [0, 1] to be considered as a
fuzzy counterpart of the classical {0, 1}-valued implication truth-function are: 0 =0=1,1=0=0, = is
non-increasing in the first variable and non-decreasing in the second variable.
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(1) u=kpv=max(1—u,v) (Kleene-Dienes implication)
Lifu<v . A1 .
2) u=grgv= { 1 — u, otherwise (reciprocal of Godel implication)

(3) u=¢v=min(1,1 —u+v). (Bukasiewicz implication)

All these functions actually lead to proper extensions of the above definition of necessity
over classical sets or events in the sense that if f describes a crisp subset of X, i.e. fis a
function f: X — {0, 1}, then (*) gives N(f) = inf,. ¢(—o | — 7(x).

Moreover, if IT and N are required to be dual with respect to the standard negation,
i.e. II(f) = 1 —N(1— f), then one is led to consider the fuzzy implication = defined as
x=y=(1—x)4yy where W is the t-conorm dual of ®. These kinds of fuzzy implications
are commonly known as strong implications. Notice that = p is the strong implication
for © = min and = is the strong implication for the Lukasiewicz t-norm.

Interestingly enough, these two notions of generalized possibilistic measures can
be understood as a special kind of fuzzy integrals, called (generalized) Sugeno integrals
[87]. Indeed, given a fuzzy measure p: 2% — [0, 1], the Sugeno integral of a function
f+ X —[0,1] with respect to u is defined as

fdﬂ = max mln(f<x6(i))aN(A6(i)))

where ¢ is a permutation of the indices such that f(xs(1)) > f(X5(2)) > -+ > f(X5(n))»
and A {xc 5 Xg (i) }. When p is a (classical) possibility measure on 2X induced
by a (normahzed) possibility distribution 7: X — [0, 1], i.e. H(A) = max{m(x) | x € A}
for every A C X, then the above expression of the Sugeno integral becomes (see e.g. [10])

jéf dn = max min(7(x), f(x)).

When the above minimum operation is replaced by an arbitrary t-norm ®, we obtain the
so-called generalized Sugeno integral [87]

which, in the case of u being the possibility measure on 2% defined by a possibility
distribution 7, becomes

A Fdm=max 7 £ ().

The next theorem offers an axiomatic characterization of those measures for which
there exists a possibility distribution that allows a representation in terms of a general-
ized Sugeno integral. The formulation we provide here is very general and makes only
use of the structure of De Morgan triples' over the real unit interval.

13 A De Morgan triple (see e.g. [40]) is a structure on the real unit interval (®,d,—) where © is a t-norm, &
a t-conorm, — a strong negation function such that xWy = =(—x® —y) for all x,y € [0,1].
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THEOREM 9 Let X be a finite set, let (®,W,1 —x) be a De Morgan triple, and let
N, I1: [0,1]X — [0, 1] be a pair of dual basic necessity and possibility measures. Then,
N satisfies the following property for all r € [0,1]
NFWf) = ryN(f)
(or equivalently, II(F© f) = roII(f))
if, and only if, there exists m: X — [0,1] such that TI(f) = max,ex w(x) © f(x) and
N(f) =1-TI(1 = f) = mineex (1 — 7(x)) © f(x).

Proof Suppose N is such that N(F f) = 7, N(f) for every f € [0,1]X and r € [0, 1].
It is easy to check that every f € [0,1]X can be written as

f=N\xwrw),
xeX

where x°: X — [0,1] is the characteristic function of the complement of the singleton

{x},1e. x°(y) = 1 if y # x and x°(x) = 0, and f(x) stands for the constant function of
value f(x).

Now, by applying the axioms of a basic necessity measure and the assumption that
N(FW f) =FUN(f), we obtain that

N(f)=N (/\ x ww) —min N (x 0 7(x)) =mip N(x) & f(x).
xeX
Finally, by putting (x) = 1 — N(x¢), we finally get
N(f) =min (1 —7(x)) W f(x),

xeX

which, of course, by duality implies that
1(f) = max 7 (x) © £(x)
xeX

The converse is easy. a

This type of integral representation can be easily generalized when we replace the
real unit interval [0, 1] as the scale for the measures by more general algebraic structures,
for instance by residuated lattices with involution. The details are out of the scope of
this paper.

3.2.2 Finitely additive measures

The classical notion of (finitely additive) probability measure on Boolean algebras was
generalized in [74] by the notion of state on MV-algebras.

DEFINITION 10 ([74]) By a state on an MV-algebra of = (A,®,—,04) we mean a
Sunction s: A — [0, 1] satisfying:

(i) s(la) =1,
(i) fu©v =04, then s(udv) =s(u)+sv).

The following proposition collects some properties that states enjoy.
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PROPOSITION 11 ([74]) Let s be a state on an MV-algebra A. Then the following hold
properties hold:

(iii) s(—u)=1—s(u),
(iv) ifu <v, then s(u) < s(v),
V) s(udv) =s(u)+s(v) —suov).
Moreover, amap s: A — [0,1] is a state iff (i) and (v) hold.

In [89], Zadeh introduced the following notion of probability on fuzzy sets. A fuzzy
subset of a (finite) set X can be considered just as a function f € [0,1]X. Then, given a
probability distribution p: X — [0,1] on X, the probability of f is defined as

p'(f) =) f(x)p(x),
xeX
where we have written p(x) for p({x}). Indeed, p* is an example of state over the tribe
[0,1]X. The restriction of p* over the S,-valued fuzzy sets is also an example of state
over (S,)X.

The notion of state on a clan can be applied to define what a state on formulas is. Let
W and W, be the set of [0, 1]yy-evaluations and S,,-evaluations respectively over the set
of formulas Fm(V) in the language of Eukasiewicz logic built from a set of propositional
variables V. For each X C W, and each ¢ € Fm(V), let

ox: X —1[0,1]

be defined by ¢ (w) = w(¢), where w is any [0, 1]mv-evaluation in X. Analogously, for
any Y C W, define
Pyp: Y — Sy

Then, both Fmy = {5 | ¢ € Fm(V)} and Fmy = {@; , | ¢ € Fm(V)} are clans over W
and W, respectively. Then any state s on Fmy (resp. on Fmy) induces a state on formulas
s': Fm(V) — [0,1] by putting s'(¢) = s(@y) (resp. = s'(¢;)). Notice that s'(¢) = s'(y)
whenever @ <+ v is provable in L or in £, respectively.

Paris proved in [79, Appendix 2] that every state s on a finitely generated Fmy can
be represented as an integral:

THEOREM 12 (Paris, [79]) Let Vy be a finite set of propositional variable, and let Y be
the subset of W, of all the evaluations of Vy into S,. Then for every state s on Fmy, there
is a probability distribution p onY such that, for every @y, € Fmy,

(@) = Y p(w)-w(9).
weY

More general and sophisticated integral representation for states on MV-algebras were
independently proved by Kroupa [63], and Panti [77]: for every MV-algebra <7, the
set of all states on A is in one-to-one correspondence with the class of regular Borel
probability measure on a compact Hausdorff space X. In particular for every state s on
A there is a regular Borel probability measure p on X such that s is the integral with
respect to p. A discussion about this topic is beyond the scope of this paper (see [63, 77]
for a detailed treatment).



382 Tommaso Flaminio, Lluis Godo, and Enrico Marchioni

4 Fuzzy modal logics for some classes of generalized plausibility
measures

As seen in the previous section, generalized fuzzy measures assign to non-classical
events values from the real unit interval [0,1]. As also mentioned in the introduction,
the underlying idea of the fuzzy logic-based treatment of uncertainty is to introduce in
a given fuzzy logic a modal operator M, so that M ¢ denotes that ¢ is likely, (plausible,
probable, possible, etc.), where @ is a proposition denoting an event (classical or non-
classical). Then, taking advantage of the real semantics of (A-)core fuzzy logics over
the unit real interval [0, 1], particular truth-functions over [0, 1] can be used to express
specific compositional properties of different classes of measures.

For instance, consider the class of generalized plausibility measures over an .£-
algebra of events, for some (A-)core fuzzy logic .. Recall that this class is characterized
by the normalization axioms, p(1) = 1 and p(0) = 0, and monotonicity: whenever x <y,
p(x) < p(y). These properties can be easily captured within . itself over a language
expanded by a modal operator Pl by considering the axioms P/ T and — P/ L, together
with the inference rule: from ¢ — y infer P/ ¢ — Pl y. Indeed, for any evaluation e over
any real Z-algebra, e(Plo — Ply) = 1 iff e(Pl@) < e(Ply). Therefore, we can say
that any (A-)core fuzzy logic .Z is adequate for the class of generalized fuzzy measures
over .Z-algebras of events.

However, if we then want to rely on a certain logic to represent a particular subclass
of fuzzy measures, we need to take into account whether the operations needed in the
definition of the subclass can be defined in that logic.

To be more specific, consider a (A-)core fuzzy logic . which is complete with
respect to a class C of real .Z-algebras. Then any formula @(py,...,p,) over proposi-
tional variables py, ..., p, in the language of . defines a function té: [0,1]" — [0, 1] for
every real algebra &7 € C, by stipulating té (ai,...,a,) = e(@), where e is the L-inter-
pretation such that e(p;) = ai,...,e(p,) = a,. Then we say that a certain function
f:[0,1]" — [0,1] is definable in a (A-)core fuzzy logic .Z if:

(1) there exists a class € of real algebras for which . is complete, and

(2) there exists an .Z-formula @(py, ..., p,) such that, for all & € C, t$(a1,...,an) =
flai,...,a,) forallay,...,a, € A.

For instance, the formulas p; A p» and p; V p, define over any class of real MTL-chains
the min and max functions respectively.

Informally speaking, we say that a (A-)core fuzzy logic . is compatible with a
given subclass of fuzzy measures if the algebraic operations or relations playing a role
in the axiomatic postulates of the given class of measures can be expressed by means of
functions definable in .Z.

We give an example to clarify this notion of compatibility.

EXAMPLE 13 Consider the class of (finitely additive) probability measures on, say,
classical events. In this case not every (A-)core fuzzy logic £ is suitable to axiomatize a
logic to reason about probabilities. In fact, the operation of (bounded) sum is necessary
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to express the law of finite additivity, and this operation is not present in all real algebras
of all logics, but it is present, for instance, in the standard algebra [0, 1|my of Lukasiew-
icz logic L, and in the standard algebra of some of its expansions like Rational fukasie-
wicz logic RE. These logics, therefore, allow to axiomatize a modal logic to reason about
probability (also remember that L. has an involutive negation), by allowing to express
the additivity with the connective &, whose standard interpretation is the truncated sum
(recall Section 2.4, and see Section 4.4): P(¢ V y) <> PO ® Py, in case - =(¢ A\ y)
over Classical Logic. In contrast, it is easy to observe that, for instance, a probability
logic cannot be axiomatized over Godel logic since the (truncated) addition cannot be
expressed by means of Godel logic truth-functions.

In the rest of this section, we consider different fuzzy modal logics (in a restricted
sense that will be clarified in the following definitions) axiomatizing reasoning about
several classes of fuzzy measures. We introduce the fundamental syntactical and se-
mantical frameworks that we will specifically enrich in the following subsections to
deal with the distinguished classes of measures we have already recalled.

Unless stated otherwise, for the rest of this section we always consider .%} to be
a (A-)core fuzzy logic used to represent events, and %5 to be a (A-)core fuzzy logic
compatible with the specific class of measures we are going to reason about. As a matter
of notation, let us denote by M any class of fuzzy measures as those we axiomatized in
the first part of this section. We introduce the basic framework to formalize reasoning
about fuzzy measures in M. The syntactical apparatus built over .%] and .% is denoted
by FM(ghfz).

Syntax. The syntax of FM(.%},.%) comprises a countable set of propositional variables
V = {x1,x2,...}, connectives from .| and % 14 and the unary modality M. Formulas
belong to two classes:

EF: The class of formulas from .#]. They are inductively defined as in Section 2, and
will be used to denote events. The class of those formulas will be denoted by &'.

MF: The class of modal formulas is defined inductively: for every formula ¢ € &, M@
is an atomic modal formula, all truth-constants of .% are also atomic modal for-
mulas, and, moreover, compound formulas are defined from the atomic ones and
using the connectives of .%. We will denote by .#.% the class of modal formulas.

Note that connectives appearing in the scope of the modal operator M are from .7},
while those outside are from .%.

Semantics.)> Let C; be a class of .%-chains over a same universe U; for which .4
is complete, and let % be real %-chain and such that it is compatible with M. A
semantics with respect to €} and @ for the language FM(.Z],-%) is defined as follows:
a real {Cy, 24 }-M model is a triple (W, e, p) where:

- W is a non-empty set whose elements are called nodes or possible words.

14We will not distinguish the connective symbols of both logics since it will become clear form the context.
5The semantical framework we adopt here is inspired by the approach of [82] in the general setting of
two-layered fuzzy modal logics. We thank Petr Cintula for bringing this work to our knowledge.
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- e: & xW — U, where U is the common universe of the chains in €y, is a map
such that, for every fixed w € W, the map e(-,w): & — U, is an evaluation of
non-modal formulas over a particular algebra 2%, € C;

- p: Fmy (V) —[0,1] is an M-fuzzy measure, where Fry (V) is defined as follows.
For every formula ¢ € &, define the map f,: W — U; such that, for every w € W,
fo(w) =e(@,w). Then Fmy (V) is the . -algebra of all the functions defined in
this way, with the pointwise application of the operations in the 7, ’s.

Let M = (W,e,p) be a {Cy, 2% }-M model, let w be a fixed node in W, and let ¢ be a
formula of FM(.%4,,.%). Then, the truth value of ¢ in M at the node w (we will denote
this value by ||¢ s, € [0,1]) is inductively defined as follows:

- If ¢ is a formula in &, then ||@||p7,0 = (9, w).
- If ¢ is an atomic modal formula of the form My, then || My/|s,,. = p(fy)-

- If ¢ is a compound modal formula, then || |57, is computed by truth functionality
and using the operations of 2.

Notice that when ¢ is modal, its truth value || /s, does not depend on the chosen world
w, hence in these cases we will simplify the notation by dropping the subscript w, and
we will write ||@||y. M will be called a model for ¢ when ||@ ||y = 1, and will be called
a model for a modal theory I" (i.e. I' C .# .%) when it is a model for each formula in I".

In the remaining part of this section, it will be useful to consider {C,.2% }-M models
(W, e, p), where the measure p takes values in an .%-chain %5 whose domain coincides
with a non trivial ultrapower *[0, 1] of [0,1]. Those models will be called hyperreal.
Evaluations into a hyperreal {C;,.2% }-M model are defined accordingly.

REMARK 14 (1) To simplify the reading, and without danger of confusion, we will
henceforth avoid mentioning the class of chains C and the algebra <5 when referring
to the models introduced above. We will simply say that a triple (W,e,p) is a (real
or hyperreal) M-model. The class Cy and the algebra <5 will be always clear by the
context.

(2) In the following subsections, we will axiomatize particular classes of fuzzy mea-
sures. Case by case we will adopt a notation consistent with the class of measures we
will deal with. Therefore, we will denote by PL the class of generalized plausibility
measures, by I the class of possibility measures, and so forth. For example, we will de-
note by FPL(XA, ) the logic for generalized plausibility and, also referring to what
we stressed in (1), we will call its models the plausibilistic models. Clearly the same
notation (mutatis mutandis) will be also adopted for all the particular classes of fuzzy
measures we are going to treat.

4.1 A modal logic for generalized plausibility measures

In this section we take M to be the class of generalized plausibility measures, denoted
as PL, and let £, .2 be two core fuzzy logics. Recall that any core fuzzy logic is com-
patible with PL. The logic that allows to reason about generalized plausibility measures
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of over £ -events over the logic % will be called FPL(.£,.%), and its axioms and
rules are the following:

Ax1 All axioms and rules of %] restricted to formulas in &.
Ax2 All axioms and rules of .% restricted to modal formulas.
Ax3 Axiom for the modality PI:

Pl —PI(L),

M The rule of monotonicity for PI: from ¢ — y, deduce PI(¢) — PI(y).
(where @,y € &)

N The rule of necessitation for PI: from ¢, deduce PI(¢@). (where ¢ € &)

Notice that nested modalities are not allowed, nor are formulas which contain modal
formulas but also non-modal formulas that are not under the scope of any modality.
That is to say that, for example, if @, y € &, then neither PI(PI(¢)) nor v — PI(¢) is a
well-founded formula in our language.

The notion of proof in FPL(£,.%,) is defined as usual, and we denote by Fgp g
the relation of logical consequence. A theory is a set of formulas, and a modal theory is
a set of modal formulas. For any theory I', and for every formula ¢, we write I' Fgp . ¢
to denote that ¢ follows from I in FPL(%4,.%).

PROPOSITION 15 The logic FPL(.A,£) proves the following:

(1) The modality Pl is normalized, that is Fppg PI(L) <> L, and Fgpg PI(T) <> T
(where, as usual, T =—-1).

(2) The rule of substitution of equivalents: T <> ytgps PI(T) <> PI(y).

Proof (1) Since in %, the negation can be defined as ¢ = ¢ — L, the axiom Pl
actually states that PI(L) — L. Moreover, L — PI(_L) trivially holds, and therefore
Frpg PI(L) <> L. Finally, since Fgp g PI(T), then Frpp PI(T) <> T.

(2) Asusual T <> ycan be splitin T — yand Y — 7. Now, from 7 — ¥, and using (1),
T — YbFppg PI(T) — Pl(y). Similarly Yy — T Fgpg Pl(y) — PI(T). ad

As for the semantics, given a class C; of real .#}-algebras for which .£] is com-
plete and a real .%,-algebra 2% compatible with a generalized plausibility measure p, a
{C1,.9%}-PL model, for short a plausibilistic model, will be a triple M = (W, e, p) with
the same definition and notation used above for the general case (see Remark 14).

REMARK 16 The compatibility assumption of the algebra <f5 with respect to the mea-
sure p is what guarantees that the logic FPL( A, %), and in particular its genuine
modal axiom(s) and rule(s), is sound with respect to the class of plausibilistic models.
The same observation applies to the other modal logics we will consider in the next
subsections.
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DEFINITION 17 Let T U{®} be a modal theory of FPL(L1,.25). Then we say that
the logic FPL( A, L) is:

- Finitely strongly complete with respect to real plausibilistic models (real-FSC) if
whenever I is finite, and T t/gp ¢ @, there is a real plausibilistic model M for T’
such that |||y < 1.

- Strongly complete with respect to real plausibilistic models (real-SC) if for every
I" such that T Hrpy ®, there is a real plausibilistic model M for T" such that
||| < 1.

- Strongly complete with respect to hyperreal plausibilistic models (hyperreal-SC)
if for every I such that T t/gp o D, there is a hyperreal plausibilistic model M for
I such that || ®||p < 1.

Now we introduce a general way to prove (finite, strong) completeness for FPL(.Z],.%)
with respect to the class of real and hyperreal plausibility models. The same methods
will be then applied in the following sections when we will study those extensions of
FPL(A,2) that allow to deal with more specific uncertainty measures.

First, we define a translation mapping from the modal language of FPL(.%},.%)
into the propositional language of .%,. This translation works as follows: for every
atomic modal formula PI(¢), we introduce a new variable p,, in the language of .%5.
Then, we inductively define the translation ® as follows:

- (PU(@))* = po.

- 1*=1.

- (X(Pry.. ., D)) =*((D)°,..., (D,)*) for every n-ary connective x of %5.
For any modal theory I" of FPL(Z],%), in accordance with *, we define

*={¥*|¥erl}
FPL® = {©° | @ is an instance of PLl} U {py | -4 @}U{py = py |Fg ¢ = v}
LEMMA 18 Let T'U{®} be a modal theory of FPL(L1,.%5). Then
Thppe @ iff T UFPL® o ®°.

Proof (=) AnFPL(Z,%)-proof ¥y,..., ¥, of ® in T is made into an -%5-proof
of ®* in I'* U FP*® by deleting all .Z;-formulas and taking, for each modal formula ¥;,
the %, formula 7.

(<) Conversely, each %5-proof of ®* has the form W,...,¥;, where ¥; are modal
formulas. Therefore the previous proof is converted into an FPL (%}, % )-proof of @ in
I, by adding for each ; of the form p, (¢ being an .Z;-theorem) a proof in .Z; of @,
and then applying a step of necessitation (N) in order to get PI(¢), and for each ¥'; of
the form py — py a proof in .Z} of ¢ — v, and then applying a step of the monotonicity
rule (M) in order to get PI(¢) — Pl(y). a



Reasoning About Uncertainty of Fuzzy Events: An Overview 387

Now, assume I'U {®} to be a finite modal theory over FPL(.Z],.%), and let V) be the
following set of propositional variables:

Vo = {vi | vi occurs in some @, P(¢) is a subformula of ¥, ¥ € TU{D}},

i.e. Vp is the set of all the propositional variables occurring in all the .} -formulas oc-
curring in some modal formula of I'U{®}. Clearly V is finite.

We can identify .7 4 (Vp) with the Lindenbaum-Tarski algebra of .7 of formulas
generated in the restricted language having Vj as set of variables. Therefore, for every
[¢] € Z.4 (Vo) we choose a representative of the class [@], that we will denote by ¢ .
Then, consider the following further translation map:

- For every modal formula @, let ®" be the formula resulting from the substitution
of each propositional variable p, occurring in ®° by pea,

- (K(Dy,..., D)) =%((P1)7,. .., (D,)") for every n-ary connective x of .%5.
In accordance with that translation, we define I'™ and FPL" as:
" ={¥" | ¥ ecr}
FPLY = {Y7 | Y* € FPL"}.
LEMMA 19 T*UFPL® - o ®* iff T8 UFPLY ke P,

Proof (<) LetT'"UFPL" k4 ®°. Then, in order to prove the claim we have to
show that I'"* UFPL® - ¢, ®° for each ® such that its O-translation is ®". For instance,
if @ = PI(y) then ®° = pyo = p,o for each y € [y], therefore, if 7 UFPL" o, pyo
we have to show that ' UFPL® F &, p, for each y € [@].

First, we notice that the following fact immediately follows from Proposition 15(2):

Claim 1 Let @,y be £ -formulas. If =g, @ <>, then FPL(L,-25) FPI(@) < Pl(y)
(and in particular FPL® & o, py < py).

Let us now turn back to the proof of Lemma 19. Let ® be a modal formula of
FPL(A, %) and let Pl(¢@y),...,Pl(¢;) be all the atomic modal formulas occurring
in®. IfT°UFPLE - o @, then, it easily follows from the above claim that I'* U
FPL® k4, ®° where ®° is any .%>-formula obtained by replacing each occurrence of
a propositional variable pg, with another py, such that y; € [¢;]. In fact, if y; € @],
then F ¢ y; <+ ¢; and therefore, from Claim 1, FPL® ¢, py, < py,. Thus pg, can
be substituted with py, without loss of generality in the proof. Therefore, in particular
I'* UFPL® |- &, ®° and this direction is complete.

(=) In order to prove the other direction let us assume I'* UFPL® &, ®* and let
¥1,...,¥; be an % -proof of ®* in I'* UFPL®. For each 1 < j < k replace W* with
\P?, the representative of its equivalence class in Z.g (Vp). Clearly W7,..., ¥} is an
£ -proof of (a formula logically equivalent to) ®°. In fact, if ¥§ = ®°, then ¥} <> ®°.
Moreover, for each 1 < i < k one of the following holds:

(i) W7 is (logically equivalent to) an axiom of .%,

(i) W7 e TP UFPLE,
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(iii) If W} is obtained by modus ponens from ¥§ — ¥; and W¥$, then we claim that
W is obtained by modus ponens from W5 — W and P . In fact we have just to
note that (¥y — ¥,)” = WY — W7 and thus the claim easily follows.

Moreover, since modus ponens is the only inference rule of %, we have nothing to add,
and our claim is settled. O

Now, we are ready to state and prove our completeness theorem.

THEOREM 20 Let &) be a logic for events, and let £, be a logic compatible with
plausibility measures. Then the following hold:

(1) If & is locally finite, and %, enjoys the FSRC, then FPL( L4 ,%) is real-FSC.
(2) If £ has theSRC, then FPL(A,%) is real-SC.
(3) If £ has the FSRC, then FPL( L, 2) is hyperreal-SC.

Proof (1) Assume .4} to be locally finite and complete with respect to a class
C1 = {Li}ies of £ -chains over a same universe U;. Let TU{®} be a modal theory
of FPL(4,.4) such that T t/gp ®. Then, by Definition 3, and by definition of 7, it
follows that T® UFPL" is a finite theory of .%. Moreover, by Lemma 19, I' Hpp o &
iff T° UFPL" I/ o, @7 Since % enjoys FSRC, there is an evaluation v into a real
S-algebra o/ which is a model for T” UFPLY, but v(®") < 1.

Now consider the model M = (W, e, p) (cf. [82]), where:

- W = U;e;W; where W; is the set of all evaluations on the algebra L;.

- e: VxW — U, is defined as follows: for every w € W;, and every p €'V,

[ w(p) ifpeW,
e(p:w) = { 0 otherwise.

- p: Fmy (Vo) — [0, 1] is defined as: for all f, € Fmy (V),
p(fe) =v(PI(@)7).
Claim 2 The model M = (W, e, p) is a plausibilistic model.

Proof (of the Claim 2) We only need to prove that p is a plausibility measure. Then,
recalling that 1™ = |, we have T” = T, and so p(f.) = v(L"”) =v(L) =0. Anal-
ogously p(fr) = 1. To prove monotonicity, assume that f, < fy in Fmy (Vy). Now,
fo < fy means that for every chain L; and every evaluation w on L;, w(¢) < w(y), and
by completeness of #; with respect to €y, ¢ ¢@ — y. By the monotonicity rule M,
Frpe Pl — Ply. Hence T = (PLo — Ply)® = (PLo)” — (Ply)® € FPL. Since v
is a model of FPL", we have v(PI(@)” — PI(y)") = 1. But v(PIl(¢)" — Pl(y)?) =1
iff v(PI(@)™) < v(PI(y)") iff p(fp) < p(fy). Therefore M is a plausibilistic model as
required. O

Let ¥ be any modal formula of FPL(£,.%). By induction on P, it is now easy to
show that |¥||ss = v(P7), hence M is a plausibilistic model that satisfies every formula
of T, and such that ||®||ys < 1 as required.
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(2) Letnow I'U{®} be any arbitrary modal theory of FPL(.Z],.%), and in particular
assume I to be infinite. Therefore, independently from the fact that .Z] is locally finite
or not, the .%» propositional theory I'” UFPL" is infinite. Assume I" /gps ®: from
Lemma 19, T° UFPL" I/ ‘¢, ®7. Since %, by hypothesis, has strong real completeness,
there exists, again, an evaluation v into a real .%%-algebra such that v is a model of
2 UFPLE, and v(®°) < 1.

Then, the same plausibilistic model M we defined in the proof of (1) is appropriate
for our purposes. Then, (2) is proved as well.'®

(3)  Assume now I to be any arbitrary modal theory of FPL(.%},.%). Assume that
I tpps ®: so TP UFPL /g, @ by Lemma 19. By Definition 3, I'” UFPL® is not a
finite theory of %, but since % has FSRC, then by [34, Theorem 3.2], % has SR*C.
Consequently, there is an evaluation v into a non-trivial ultraproduct of real .Z>-chains
satisfying all the formulas in 7 UFPL", and v(®") < 1.

Again, the same strategy used in the proof of the claims (1) and (2) shows that
the model M = (W, e, p), defined as in the proof of (1), evaluates into 1 all the modal
formulas of I', and ||®|[3s < 1. Notice that in this peculiar case, for every f, € Fmw (Vp),
p(fp) =v(PI(@)”) € *[0,1], and M is in fact a hyperreal plausibilistic model. a

4.2 Logics for generalized possibility and necessity

As we discussed in Section 3.2.1, possibility and necessity measures can be general-
ized to be defined on any lattice-ordered structure. Now, we show the logical coun-
terpart of these measure-theoretical approaches introducing schematic extensions of
FPL(A,£) so as to capture these more peculiar mappings.

Since the formalisms we introduce are intended to deal with necessity and possibil-
ity measures, we are going to consider as .Z], and .% only those A-core fuzzy logics
that are extensions of MTL... This will allow us to treat not only necessity but possibil-
ity measures as well, since they are definable as I1(¢) := ~N(~¢). With an abuse of
notation, we denote by N (necessity) the modal operator of FPL(.£,.%).

The logic FN(.£,.%) is the schematic extension of FPL (£, %) given by the
basic axiom schema

FN N(oAy) < N(@) AN(y).

Necessity models for FN(%},.%) are particular plausibilistic models. Indeed, they are
triples of the form (W, e, N), where W and e are defined as in the case of plausibilistic
models, and where N: Fm(.Z)w — [0,1] is a necessity measure. Whenever N ranges
over a non-trivial ultrapower *[0, 1] of the unit interval [0, 1] we speak about hyperreal
necessity model.

THEOREM 21 Let £ be a logic for events, and let &5 be a logic compatible with
necessity measures. Then the following hold:

(1) If & is locally finite, and &5 has the FSRC, then FN(.£4,.%) is real-FSC.

161 fact, in this case where .% is assumed to have the SRC, the same result could have been obtained
directly from the first translation °, i.e. without the further second translation o,
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(2) If % has the SRC, then FN(£,.%) is real-SC.
(3) If £, has the FSRC, then FN(£,,. %) is hyperreal-SC.

Proof The claims can be easily proved by following the same lines of Lemmas 18 and
19, and Theorem 20. Indeed, using easy adaptations of Lemmas 18 and 19, one has to
show that, given a modal theory I" and a modal formula @, I" Fpyy @ iff ' UFN® - o, ®°
iff " UFN® k4, ®". The only point here is that when building the theory FN*® one has
to additionally consider countably many instances of the axiom FN. Then one has to
show that the plausibilistic model M = (W, e, N) arising from the adaptation of the proof
of Theorem 20, is indeed a necessity model. Adopting the same notation of the proof of
Theorem 20, call v the %5-model of I'” UFN®, and call M = (W, e,N) the plausibilistic
model, where for every f, € Fmwy(Vp), we define N(fp) = v(N(¢@)”). Then, since
EN(4,%) is the basic schematic extension of FPL(.%},.%,) by the schema FN, for

every fo, fy € Fmy (W),
N(fp Afy) =N(fory) =v(N(@ Ay)7) and v((N(@)” AN(Y)") < N(@Ay)~) =1

because (N(@)" AN(y)") <> N(@ Ay)® € FN® and v is a model of FN®, and hence
N(fp A fy) = N(fp) AN(fy). Therefore N is a necessity and the claim is settled. O

4.3 Logics for representable generalized possibility and necessity

For every t-norm * € CONT-finU WNM-fin, let £} = % = Z,([0,1]q), as defined in
Section 2.2. The logic FNQ(D% ,-%>) is the basic schematic extension of FN(.%],.%)
given by the axiom schema

QN N(FWe) <> 7WN(@) forevery r € [0,1]NQ,

and where @ & y stands for ~(~¢ & ~y) in Z,([0,1]g).

Notice that the logic FHQ(.,% ,-%), where necessity measures are replaced by pos-
sibility measures, is in fact the same as FNQ(D?] ,-%>), since the involutive negations of
2 and %, allow the definition of possibility from necessity by duality. Therefore, we
only focus on FN?(.#,.%).

Homogeneous necessity models are necessity models (W, e, N%) where

N@: Fmy (V) = [0,1]

further satisfies: NQ(7w @) = rid N(¢@). Whenever the homogeneous necessity mea-
sure takes values in a non-trivial ultrapower *[0, 1] of the real unit interval, we speak,
as usual, of hyperreal homogeneous necessity models. Unlike all the previously studied
cases, it is now possible to introduce a stronger class of models. This is the class of
strong necessity models of the form MQ = (W, e, w) where W and e are defined as above,
and where : W — [0, 1] is a normalized possibility distribution, i.e. sup,,cy 7(w) = L.
Evaluations in a strong necessity model are defined as usual, except for atomic modal
formulas N(y) that are now evaluated as follows:

INW e = inf ([ Wilye, 870w)).
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THEOREM 22 Let 21 = 5 = Z.([0,1]q) for a t-norm + € CONT-fin U WNM-fin.
Then the following hold:

(1) If & is locally finite and %> has FSRC, then the logic FNQ(£,, %) is real-FSC
with respect to the class of homogeneous necessity models, and the class of strong
necessity models.

(2) If £ has FSRC, then the logic FNQ(Z,,. %) is hyperreal-SC with respect to the
class of homogeneous necessity models.

Proof An inspection of the proof of Theorem 20 and a similar technique used in the
proof of Theorem 21, applied to QN, shows the first part of (1) and (2).

Take, now, a finite modal theory I'U{®} such that I't/,.yo ®, and let M = (W, e,N©)
be the homogeneous necessity model satisfying all the formulas in T, and ||®|[» < 1.

N is a homogeneous necessity measure on Fmy (Vo) and W coincides with the
class of all .} -evaluations. Moreover, both (W, x, W, ~) and ([0, 1], *,J, ~) are De Mor-
gan triples, and, being M a model for QN, we have that NO(7 & f) <> 7 & NQ(f) for
every r € [0,1]NQ and every f € Fmw (Vp). Then, Theorem 9(1) ensures the existence
of a normalized possibility distribution £ on W such that, for every f, € Fmy (Vp),

Ne(fp)= N ~m(w)we(w, o).

wew

Thus M@ = (W, e, ) is a strong necessity model that satisfies T, but || ®||,,0 < 1. O

REMARK 23 An alternative modal-style treatment of (representable) possibility and
necessity measure on many-valued events can be found in [20], where the authors rely
on GA(Q) (i.e. Gédel logic with A and truth constants from the rationals in [0,1]) as a
logic for modal formulas. In fact, the only necessary ingredients to correctly axiomatize
representable necessity and possibility modal formulas are the rational truth constants
and the lattice operations. These requirements are fulfilled by GA(Q) (i.e. in the present
notation GA(Q) is compatible with necessity and possibility over many-valued events).

4.4 Logics for generalized probability

Now, we describe a logical treatment of probability measures. To keep the notation
uniform, we denote by P the modal operator that interprets probability measures on
fuzzy-events.

In what follows % stands for either £, or £, and % is any expansion of Lukasiew-
icz logic £. The logic FP(%,.%) is the schematic extension of FPL (%}, %) obtained
by the following axioms:

P1 P(=9@) <> —P(9).

P2 P(oavy) < [(P(9) = P& y)) — P(y)].

The notion of proof in FP(.£],.%) will be denoted by tgp. Obviously the properties of
normalization, and monotonicity we proved in Proposition 15, still hold for FP(.%},.%).
In addition FP(.%),.%) satisfies the following:
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PROPOSITION 24 The modality P is finitely additive, that is, for every T,y € & it holds:
t&y = Lipp P(TDY) < (P(7) DP(Y)).

Proof Recall from Proposition 15, that P(L) <> L holds in FP(.£],.%,). Now, since
T& 77— 1, wehave T& Y <+ L, and by the rule of substitution of the equivalents (Propo-
sition 15(2)), P(t & ¥) ++ L. Therefore by P2, we get T& v — L Fpp P(T1DY) <
[(P(T) = L) = P(y)],and so T& Yy — L Fgp P(t@7Y) < (=P(1) = P(y)). O

Models for FP(.£),.%) are special cases of plausibilistic models: a (weak) probabilistic
model is a triple M = (W, e, s), where W and e are defined as in the case of plausibilistic
models, and s: Fm(.%)w — [0,1] is a state. The evaluation of a formulas into a model
M is defined as in the previous cases.

A probabilistic model is a hyperreal probabilistic model, whenever the measure s
takes values from a non-trivial ultrapower *[0, 1] of the unit interval [0, 1].

In analogy to the case of representable necessity and possibility measures, also for
the case of probability, we can introduce the notion of strong probabilistic model. In-
deed, strong probabilistic models are a triples (W, e, p) where W and e are as in the case
of weak probabilistic models, and p: W — [0, 1] is such that Wy = {w € W | p(w) > 0}
is countable, and ¥y, p(w) = 1. Evaluations of (modal) formulas are defined as usual,
with the exception of atomic modal formulas that are defined as follows: for every
P(y)e # T,

1Pl = X o) - [ Wlas

weWw

The following is, again, a direct consequence of Theorem 20.

THEOREM 25 For every k € N, the logic FP(y, L) is real-FSC with respect to both
the class of probabilistic models and the class of strong probabilistic models. Moreover,
the logic FP(L,L) is hyperreal-SC.

Proof Again, one starts by adapting Lemmas 18 and 19, by showing that, given a modal
theory I' and a modal formula ®, I" g @ iff T* UFP® Iy ®° iff 2 UFP -, @7, taking
into account now that when building the theory FP*® one has to additionally consider
instances of the axiom P1 and P2. Then, the only necessary modification with respect
to the proof of Theorem 20 regards the fact that we have to ensure that the measure
s: Fmy (Vo) — [0,1] of M = (W, e,s), defined as s(fo) = v(P(9)”) = v(pyo ), is a state.
Following similar proofs in [52, Th. 8.4.9] and [35, Th. 4.2], it is easy to check that

s(fo ®© fy) = s(fo) +5(fy) —s(fo & fy)

Therefore s is a state from Proposition 11.

To conclude our proof consider a finite modal theory TU{®} and assume I t/gp P.
From what we proved above, there is a probabilistic model M = (W, e, s) that is a model
for I', and ||®|[yr < 1. Adopting the same notation of Theorem 12, call Y the (finite)
set of all the evaluations from Vjy into S;. Then the state s is defined on the MV-algebra
Fmy, hence, from Theorem 12, there exists a probability distribution p on Y such that

for every fo € Fmy, s(fp) = Ley P(W) -w(@).
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Now, we define M’ = (W, e, p) where W is the set of all the evaluations of variables
in V into S, for every w € W, and every variable ¢, e(q,w) = w(q) and p: W, — [0, 1]

satisfies: )
. | pw) ifwey,
(w) = { 0 otherwise.

Then M’ is a strong probabilistic Lukasiewicz model, and it can be easily proved that
for every modal formula ¥ of FP(ti, L), |[¥|lsr = ||'P||s- Therefore M’ is a model of
T, and ||®|[3 < 1 as required. O

S Expansions with rational truth constants

In this section, we rely on basic schematic extensions of FPL(.#,RE). Notice that the
class .# % of modal formulas of FPL(£,RL) is taken as closed under the operators
On, for every n € N, and therefore, for every modal formula ®, §,P is modal as well. We
stress this fact because we adopt now the same notation we introduced in Section 2.4, and
therefore, for every rational number r = m/n € [0, 1] with n,m being natural numbers,
we write 7 or even m/n instead of m&,(T).

We are going to study here plausibility measures from the general point of view,
and so we consider only the modality PI. The other cases involving (representable)
necessity and possibility, and probability measures are similar and hence omitted. A
complete treatment for those classes of measures can be found in [36, 35].

The logic FPL (%, RLE) is significantly more expressive than a logic FPL(.%),.%)
where % does not allow to define rational values. In fact it is now possible to deal with
formulas like, for instance, PI(¢) <+ § and PI(y) — 1 whose intended interpretation is
that the plausibility of ¢ is % and the plausibility of y is at most %, respectively.

Using Theorem 20, it is not difficult to prove that FPL(%,RE) is sound and
(finitely) strongly complete with respect to the class of plausibilistic models. In fact
REL has finite strong real completeness (see [43]). On the other hand, when we expand a
logic by means of rational truth values, it is possible to define the notions of provability
degree and truth degree of a formula y over an arbitrary theory I'. For FPL(%,RL)
they are defined as follows:

DEFINITION 26 Let I be an FPL(%£,RL) modal theory and let ® be a modal for-
mula. Then, the provability degree of ® over I is defined as

|®|r =sup{r€[0,1]NQ: I'tgpy F— D},

and the truth degree of ® over I is defined as

|@||r = inf{||P||ss | M is a plausibilistic model of T'}.

We say that FPL(£),RL) is Pavelka-style complete, or that FPL(£,RL) enjoys the
Pavelka-style completeness theorem iff for every modal theory I’ U{®},

|®|r = [[@[|r-
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Now we are going to show that FPL(.%#],RL) is Pavelka-style complete. Just as a re-
mark notice that, with respect to this kind of completeness, we are allowed to relax the
hypothesis about the cardinality of the modal theory we are working with. In fact I is
assumed to be an arbitrary (countable) theory, not necessarily finite. This is due to the
fact that RL is indeed strongly Pavelka-style complete (cf. [43, Theorem 5.2.10]).

THEOREM 27 Let T be a modal theory of FPL(L,RL), and let ¢ be a modal formula
of FPL(Z,RL). Then, the truth degree of ¢ in T equals the provability degree of ¢ inT':

[ollc =19lr.

Proof We are simply going to sketch the proof of Pavelka-style completeness for
FPL(Z,RL). The argument used is, in fact, routine, and more details can be found
in [52, Theorem 8.4.9] for the case of Boolean events, and probability measure (but the
same argument easily holds for our more general case).

Let ['U{®} be an arbitrary modal theory of FPL(.Z,RL). Adopting the same
notation of the above section, from Lemma 18, and Lemma 19, " Fpp, ® iff T° U
FPLP Fre ®°. Moreover, since the connectives of RE are all continuous, it is easy to
show that

(1) |®|r = [®" |royppeo.
We know from [43, Theorem 5.2.10], that RL is Pavelka-style complete, hence

2 @ |rouppeo = [|P7 roupp o

A routine verification (see for instance the proof of Theorem 20) shows that from the
map || - [|[popp 0 evaluating the truth degree of formulas of the form ¢ into [0, 1], one
can easily define a plausibilistic model capturing the same truth values of || - ||ro pp 0.
Therefore

3) 9" [rourpeo = |1DIr-

Consequently, from (1), (2), and (3), we obtain |®|r = ||P||r. O

6 On the coherence problem
Take a finite set of events @,...,¢ € &, andamapa: ¢, — o € [0,1].

Can the map a be extended to an uncertainly measure on the algebra gen-
erated by the formulas @y, ...,¢?

This problem generalizes a well-known and deeply-studied classical one. In fact, if we
ask the above question in terms of classical events, and probability measures, then the
above problem is known in the literature as de Finetti coherence problem [17, 18, 19].

We are now going to introduce a way to treat and characterize the above coherence
criterion to deal with many-valued (and in general non-Boolean) events, and measures
different from the additive ones.!”

"De Finetti’s coherence criterion has been recently studied for states and MV-algebras in [65, 75].
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DEFINITION 28 Let ¢1,..., ¢ be formulas in the language of £ and let M be a class
of generalized plausibility measures. Then a map a: {¢y,...,¢} — [0,1] is said to be:

(i) A rational assignment, provided that for every i = 1,...,k, a(¢;) is a rational
number.

(if) M-Coherent if there is an uncertainty measure L € M on the Lindenbaum-Tarski

algebra Fmy generated by the variables occurring in @1, ..., @, such that, for all
i=1,....n a(¢;) = u([¢i]).
Consider a finite set of .Z’-formulas ¢, ..., ¢, and a rational assignment

a: ¢ — ﬁ,(fori: 1,...,k),
m;
where n; and m; are co-prime positive integers and such that n; < m;. Then, e.g. the
following formulas are definable in the language of FM(.Z,RL):

@) M(¢) < ni/m;.

The following theorem characterizes M-coherent rational assignments in terms of con-
sistency of the formulas defined in (4). Since the proof of the following theorem is
similar for every class M of measures, we will concentrate on generalized plausibility
measures, and we will omit the other cases (like necessity and probability).

THEOREM 29 Let ¢y,..., ¢ be formulas in £, and let
a: ¢;— i
m;
be a rational assignment. Then the following are equivalent:

(i) ais PL-coherent,

(ii) the modal theory T = {PI(¢;) <> n;/m; |i=1,... k} is consistent in FPL(Z,RL)
(i.e. THppe L).

Proof (i) = (ii). Let a be PL-coherent, and let p: F.¢ (Vo) — [0,1] be a plausibil-
ity measure on the Lindenbaum-Tarski algebra of .} defined from the set of variables
Vo occurring in @, ..., ¢, extending a. Then, let W be defined as in the proof of The-
orem 20 and consider the model M = (W,e,p) where for every variable p and every
weW,e(p,w) =w(p), and where p: Fmy (V) — [0, 1] is the plausibility measure such
that for all f, € Fmw (V), p(fp) = p([@]). Then M is a plausibilistic model for I". In
fact, forevery i = 1,. ..k,

|PU i) <> ni/milly = 1 iff
| PI(@i)|[p <= |[ni/milly = 1 iff
|PUO) |y = ni/m; iff

p(fo) =p([&]) = ni/m;.

Therefore I'" has a model, and so I' Hgp s L.
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(if) = (i). Assume, conversely, that I' /gp ;. L. Then, there exists a plausibilistic model
M = (W,e,p) such that ||@||ss = 1 for each ¢ € I". Consider the map p: Fmy (V) — [0, 1]
defined as follows: for every [y] € Z.4 (V),

p([W]) = 1PUw)llm = p(fy)-

Then p is a generalized plausibility measure. In fact:
@) p([T]) =IPU{T)|lsm = ||T|lm =1, and analogously p([L]) =0.

(if) Assume that [@] < [y]. Then [¢ — y] = [T}, and hence, by the monotonicity rule
one has || PI(¢) — PI(y)||m = 1 as well. But, this is equivalent to || PI(@)|[sr <
1PL(y)|lm, i-e. p([@]) < P([w]). Then p is monotone.

Moreover, for every i = 1,...,k, p([¢:]) = || PI(¢;)||m = ni/m;. In fact, by definition of
F, Pl((f)l') A d n,»/m,- €T, hence HPI((P,) <~ ni/mi\|M =1,1i.e. ||Pl(¢l)||M = l’l,’/mi. Conse-
quently, P is a plausibility measure on .% ¢, (V) that extends a. Therefore, the claim is
proved. |

7 Conclusions and further readings

The monographs [57, 78] are standard references for a wide overview on classical un-
certainty measures and reasoning under uncertainty. It is also worth mentioning the
book [76] (consisting of two volumes) that offers a survey on measure theory with its
many different branches, from the classical one to additive and non-additive measures
on many-valued and quantum structures, along with many other related topics.

Normalized and additive maps on MV-algebras have been introduced by Képka
and Chovanec in [61], and then by Mundici under the name of MV-algebraic states
(or simply states) in [74]. More specifically, the notion of a state on MV-algebras is
intimately connected with that of a state on an Abelian ¢-group that can be found in
Goodearl [49]. We also refer to the paper [26] for a comprehensive survey on the topic
of states on M V-algebras and applications.

States have been also studied in a different framework than that of MV-algebras.
The literature about this general approach includes several papers. In particular, we
mention the work by Aguzzoli, Gerla and Marra [2] where they studied states on Godel
algebras, the paper [1] by Aguzzoli and Gerla where states were studied in the more
general setting of Nilpotent Minimum algebras (cf. [29]). Dvurecenskij and Rachunek
studied in [27] probabilistic-style measures in bounded commutative and residuated
£-monoids. We also mention the work by Rie¢an on probability on BL-algebras, and
IF-events [80, 81], and the paper by Mertanen and Turunen [72] dealing with states on
semi-divisible residuated lattices.

Extensions of de Finetti’s coherence criterion to deal with states on MV-algebras
are studied in [79] for the case of events being (equivalence classes of) formulas of
finitely valued Lukasiewicz logic. A first approach to the case of infinite valued Luka-
siewicz logic was made by Gerla in [41], and subsequently characterized completely by
Mundici [75]. In [65], Kiihr and Mundici solved the problem of extending de Finetti’s
criterion to deal with formulas of any [0, 1]-valued algebraic logic having connectives
whose interpretation is given by continuous functions.
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The problem of checking the coherence (in the sense of de Finetti) of a partial prob-
abilistic assignment was shown to be NP-complete in [78]. This result was applied in
[56] by Héjek and Tulipani to show that the satisfiability problem for a modal proba-
bilistic logic for classical events is still NP-complete. The computational complexity
of de Finetti’s criterion for Lukasiewicz finitely valued events was studied by Héjek in
[53], and a final NP-completeness result for the coherence problem of infinitely-valued
Lukasiewicz events was proved by Bova and Flaminio in [9].

To conclude, we recall some fundamental papers on the topic of generalized mea-
sure on fuzzy events. In [73], Montagna studied de Finetti coherence criterion for con-
ditional events in the sense of conditional states introduced by Kroupa in [62]. In [32],
Fedel, Kreimel, Montagna and Roth characterized a coherent rationality criterion for
non-reversible games on (divisible) MV-algebras by means of upper and lower proba-
bilities. A multimodal based logical approach to upper and lower probability on MV-
algebras was introduced in [33]. In [64, 37], the authors have begun a study of belief
functions on particular classes of semisimple M V-algebras.

BIBLIOGRAPHY

[1] S. Aguzzoli and B. Gerla. Probability Measures in the Logic of Nilpotent Minimum. Studia Logica
94(2):151-176, 2010.

[2] S. Aguzzoli, B. Gerla, and V. Marra. De Finetti’s No-Dutch-Book Criterion for Godel logic. Studia
Logica 90(1):25-41, 2008.

[3] T. Alsinet. Logic Programming with Fuzzy Unification and Imprecise Constants: Possibilistic Semantics
and Automated Deduction. Monografies de I'Institut d’Investigacié en Intel-ligéncia Artificial, Consejo
Superior de Investigaciones Cientificas, Barcelona, 2003.

[4] T. Alsinet, L, Godo, and S. Sandri. On the semantics and automated deduction for PLFC. In Proc. of
the 15th Annual Conference on Uncertainty in Artificial Intelligence (UAI-99), K. Laskey and H. Prade
(eds.), 3—12, Morgan Kaufmann, San Francisco CA, 1999.

[5] T. Alsinet, L. Godo, and S. Sandri. Two formalisms of extended possibilistic logic programming with
context-dependent fuzzy unification: a comparative description. Electronic Notes Theoretical Computer
Science 66(5), 2002.

[6] M. Baaz. Infinite-valued Godel logics with 0-1-projections and relativizations. In P. Héjek, editor,
GODEL’96 — Logical Foundations of Mathematics, Computer Science and Physics, Lecture Notes in
Logic 6, 23-33, Springer-Verlag, Berlin, 1996.

[7] W.].Blok and D. Pigozzii. Algebraizable logics. Mem. Amer. Math. Soc. 396(77), 1989.

[8] L. Borkowski. J. Lukasiewicz. Selected Works. Studies in Logic and the Foundations of Mathematics.
North Holland, Amsterdam, 1970.

[9] S. Bova and T. Flaminio. The coherence of Lukasiewicz assessment is NP-complete. International
Journal of Approximate Reasoning 51:294-304, 2010.

[10] T. Calvo, G. Mayor, and R. Mesiar (Editors). Aggregation Operators: New Trends and Applications,
vol. 97 of Studies in Fuzziness and Soft Computing. Springer Verlag, 2002.

[11] C.C.Chang. Algebraic analysis of many valued logics. Transactions of American Mathematical Society,
88:456-490, 1958.

[12] C.C. Chang and H. J. Keisler. Model Theory. Studies in Logic and Foundation of Mathematics, vol. 73,
3rd edition, 1992.

[13] R. Cignoli, LM.L. D’Ottaviano, and D. Mundici. Algebraic Foundations of Many-valued Reasoning.
Kluwer, Dordrecht, 2000.

[14] P. Cintula, F. Esteva, L. Godo, J. Gispert, F. Montagna, and C. Noguera. Distinguished algebraic se-
mantics for t-norm based fuzzy logics: Methods and algebraic equivalencies. Annals of Pure Applied
Logic 160(1):53-81, 2009.

[15] P.Cintula, E. P. Klement, R. Mesiar, and M. Navara. Fuzzy Logic with an Additional Involutive Nega-
tion. Fuzzy Sets and Systems, 161(3):390-411, 2010.

[16] G. Coletti and R. Scozzafava. Probabilistic Logic in a Coherent Setting. Trends in Logic, vol. 15,
Kluwer, 2002.



398

[17]
[18]

[19]
[20]

[21]

[22]
[23]

[24]

[25]
[26]
[27]
[28]
[29]
[30]
[31]
[32]
[33]

[34]
[35]

[36]

(371

[38]
[39]
[40]
[41]
[42]
[43]
[44]
[45]

[46]

Tommaso Flaminio, Lluis Godo, and Enrico Marchioni

B. de Finetti. Sul Significato Soggettivo della Probabilita, Fundamenta Mathematicae 17:298-329,
1931.

B. de Finetti. La Prévision: ses Lois Logiques, ses Sources Subjectives, Annales de I’ Institut

H. Poincaré 7:1-68, 1937.

B. de Finetti. Theory of Probability, vol. I, John Wiley and Sons, Chichester, 1974.

P. Dellunde, L. Godo, and E. Marchioni. Exploring Extensions of Possibilistic Logic over Godel Logic.
In C. Sossai and G. Chemello (Eds.): Proc. of ECSQARU 2009, LNAI 5590, 923-934, 2009.

D. Dubois, J. Lang, and H. Prade. Possibilistic Logic. In Handbook of Logic in Artificial Intelligence
and Logic Programming, D. M.Gabbay et al. (eds), vol. 3, 439-513, Oxford University Press, 1994.

D. Dubois and H. Prade. Possibility Theory. Plenum Press, New York, 1988.

D. Dubois and H. Prade. The logical view of conditioning and its application to possibility and evidence
theories. International Journal of Approximate Reasoning, 4:23-46, 1990.

D. Dubois and H. Prade. Possibility theory: Qualitative and quantitative aspects. In Handbook of De-
feasible Reasoning and Uncertainty Management Systems, D. M.Gabbay and Ph. Smets (eds), vol. 1,
169-226, Kluwer Academic Publisher, Dordrecht, The Netherlands, 1998.

D. Dubois and H. Prade. Possibility Theory, probability theory and multiple- valued logics: A clarifica-
tion. Annals of Mathematics and Artificial Intelligence, 32:35-66, 2001.

A. Dvurecenskij. On states on MV-algebras and their applications. Journal of Logic and Computation
21(3):407-427,2011.

A. Dvurecenskij and J. Rachtinek. Probabilistic averaging in bounded commutative residuated
(-monoids. Discrete Mathematics 306(13):1317-1326, 2006.

F. Esteva, J. Gispert, L. Godo, and C. Noguera. Adding truth-constants to logics of continuous t-norms:
Axiomatization and completeness results. Fuzzy Sets and Systems 158(6):597-618, 2007.

F. Esteva and L. Godo. Monoidal t-norm based logic: towards a logic for left- continuous t-norms.
Fuzzy Sets and Systems, 124:271-288, 2001.

F. Esteva, L. Godo, P. Héjek ,and M. Navara. Residuated Fuzzy Logics with an Involutive Negation.
Archive for Mathematical Logic 39(2):103-124, 2000.

F. Esteva, L. Godo ,and C. Noguera. On expansions of WNM t-norm based logics with truth-constants.
Fuzzy Sets and Systems, 161(3):347-368, 2010.

M. Fedel, K. Kreimel, F. Montagna, and W. Roth. Imprecise probabilities, bets and functional analytic
methods in Lukasiewicz logic. To appear in Forum Mathematicum.

M. Fedel and T. Flaminio. Non-revesible betting games on fuzzy events: complexity and algebra. Fuzzy
Sets and Systems 169:91-104, 2011.

T. Flaminio. Strong non-standard completeness for fuzzy logics. Soft Computing 12:321-333, 2008.

T. Flaminio and L. Godo. A logic for reasoning about the probability of fuzzy events. Fuzzy Sets and
Systems 158:625-638, 2007.

T. Flaminio, L. Godo, and E. Marchioni. On the Logical Formalization of Possibilistic Counterparts of
States over n-valued Lukasiewicz Events. Journal of Logic and Computation 21(3):429-446, 2011.

T. Flaminio, L. Godo, and E. Marchioni. Belief Functions on MV-algebras of Fuzzy Events Based on
Fuzzy Evidence. ECSQARU 2011, Weiru Liu (ed.), Lecture Notes in Artificial Intelligence, vol. 6717,
Springer, pp. 628-639, 2011.

T. Flaminio and E. Marchioni. T-norm based logics with an independent involutive negation. Fuzzy Sets
and Systems 157(4):3125-3144, 2006.

T. Flaminio and F. Montagna. A logical and algebraic treatment of conditional probability. Archive for
Mathematical logic 44:245-262, 2005.

P. Garcia and L. Valverde. Isomorphisms between De Morgan triplets. Fuzzy Sets and Systems,
30:27-36, 1987.

B. Gerla. MV-algebras, multiple bets and subjective states. International Journal of Approximate
Reasoning 25(1):1-13, 2000.

B. Gerla. Rational Lukasiewicz logic and Divisible MV-algebras. Neural Network World 11:159-194,
2001.

B. Gerla. Many-valed Logics of Continuous t-norms and Their Functional Representation. Ph.D. Thesis,
University of Milan, 2001.

L. Godo, F. Esteva, and P. Hijek. Reasoning about probability using fuzzy logic. Neural Network World
10(5):811-824, 2000.

L. Godo, F. Esteva, and P. Hijek. A fuzzy modal logic for belief functions. Fundamenta Informaticae
57(2-4):127-146, 2003.

L. Godo and E. Marchioni. Reasoning about coherent conditional probability in the fuzzy logic
FCP(LII). In Proc. of the Workshop on Conditionals, Information and Inference, Ulm, 2004.



[47]

[48]

[49]
[50]
(511

[52]
(53]
[54]
[55]
[56]

(571
[58]

[59]
[60]

[61]
[62]
[63]
[64]
[65]
[66]
[67]

[68]

[69]
[70]

(711

[72]
[73]

[74]
(751

[76]
(771
[78]

Reasoning About Uncertainty of Fuzzy Events: An Overview 399

L. Godo and E. Marchioni. Coherent conditional probability in a fuzzy logic setting. Logic Journal of
the IGPL 14(3):457-481, 2006.

L. Godo and L. Vila. Possibilistic Temporal Reasoning based on Fuzzy Temporal Constraints. In
Proc. of the 14th international joint conference on Artificial Intelligence (IICAI 95), vol. 2, 1916-1923,
1995.

K.R. Goodearl. Partially Ordered Abelian Group with Interpolation. AMS Mathematical Survey and
Monographs vol. 20, 1986.

P. Hijek. On logics of approximate reasoning. Neural Network World 6:733-744, 1993.

P. Hijek. On logics of approximate reasoning. In Knowledge Representation and Reasoning under
Uncertainty: Logic at Work (M. Masuch and L. Polos, eds.), Lecture Notes in Artificial Intelligence
808, Springer-Verlag, 17-29, 1994.

P. Hajek. Metamathematics of Fuzzy Logic. Kluwer Academy Publishers, 1998.

P. Hijek. Complexity of fuzzy probability logics II. Fuzzy Sets and Systems 158(23):2605-2611, 2007.
P. Hajek, L. Godo, and F. Esteva. Fuzzy Logic and Probability. In Proc. of the 11th. Conference Uncer-
tainty in Artificial Intelligence (UAT’95), 237-244, 1995.

P. Hdjek and D. Harmancovd. Medical fuzzy expert systems and reasoning about belief. Technical
Report V-632, Prague, 1994.

P. Hdjek and S. Tulipani. Complexity of fuzzy probabilistic logics. Fundamenta Informaticae,
45:207-213, 2001.

J.Y. Halpern. Reasoning about Uncertainty. The MIT Press, Cambridge Massachusetts, 2003.

S. Jenei and F. Montagna. A proof of standard completeness for Esteva and Godo’s logic MTL. Studia
Logica 70:183-192, 2002.

E.P. Klement, R. Mesiar, and E. Pap. Triangular Norms. Kluwer Academy Publishers, 2000.

A.N. Kolmogorov. Foundations of the Theory of Probability. Chelsea Publishing Company, New York,
1960.

F. Kopka and F. Chovanec. D-posets. Mathematica Slovaca 44:21-34, 1994.

T. Kroupa. Conditional probability on MV-algebras. Fuzzy Sets and Systems, 149:369-381, 2005.

T. Kroupa. Every state on semisimple MV-algebra is integral. Fuzzy Sets and Systems 157:2771-2782,
2006.

T. Kroupa. Belief Functions on Formulas in Lukasiewicz Logic. In Proc. of 8th Workshop on Uncer-
tainty Processing WUPES’09. 2009.

J. Kiihr and D. Mundici. De Finetti theorem and Borel states in [0, 1]-valued algebraic logic. Interna-
tional Journal of Approximate Reasoning 46(3):605-616, 2007

J. Lukasiewicz. O logice trowartosciowej (On three-valued logic). Ruch Filozoficzny, 5:170-171, 1920.
English translation in [8].

E. Marchioni. Possibilistic conditioning framed in fuzzy logics. International Journal of Approximate
Reasoning, 43(2):133-165, 2006.

E. Marchioni. A logical treatment of possibilistic conditioning. In Proc. of the 8th European Conference
on Symbolic and Quantitative Approaches to Reasoning with Uncertainty (ECSQARU 2005), Lecture
Notes in Artificial Intelligence 3571, 701-713, Springer-Verlag, Berlin-Heidelberg, 2005.

E. Marchioni. Functional Definability Issues in Logics Based on Trangular Norms. Monografies de
I’Institut d’Investigaci6 en Intel-ligencia Artificial, CSIC, 2007.

E. Marchioni. Uncertainty as a modality over t-norm based logics. In Proc. of 5th Conference of the
European Society for Fuzzy Logic and Technology, Ostrava, 169-176, 2007.

E. Marchioni and L. Godo. A logic for reasoning about coherent conditional probability: A modal fuzzy
logic approach. In Proc. of 9th European Conference on Logics in Artificial Intelligence (JELIA’04),
Lecture Notes in Artificial Intelligence 3229, 213-225, Springer-Verlag, Berlin Heidelberg, 2004.

J. Mertanen and E. Turunen. States on semi-divisible residuated lattices. Soft Computing 12:353-357,
2008.

F. Montagna. A Notion of Coherence for Books on Conditional Events in Many-valued Logic. Journal
of Logic and Computation, 21(5):829-850, 2011.

D. Mundici. Averaging the truth-value in Lukasiewicz logic. Studia Logica 55(1):113-127, 1995.

D. Mundici. Bookmaking over infinite-valued events. International Journal of Approximate Reasoning
43:223-240, 2006.

E. Pap (editor). Handbook of Measure Theory, vols. I and II, Elsevier, 2002.

G. Panti. Invariant measures in free MV-algebras. Communications in Algebra 36(8):2849-2861, 2008.
J.B. Paris. The Uncertain Reasoner’s Companion, a mathematical prospective, vol. 39 of Cambridge
Tracts in Theoretical Computer Science. Cambridge University Press, 1994.



400

[79]
[80]
[81]
[82]
[83]
[84]
[85]

[86]

[87]

[88]
[89]

[90]

Tommaso Flaminio, Lluis Godo, and Enrico Marchioni

J.B. Paris. A note on the Dutch Book method. In Proc. of the Second International Symposium on
Imprecise Probability and their Applications, Cornell University, Ithaca NY, 2001.

B. Riecan. On the probability on BL-algebras. Acta Mathematica Nitra 4, 3—13, 2000.

B. Riecan. Probability Theory on IF-Events. In Algebraic and Proof-theoretic Aspects of Non-classical
Logics, Papers in Honor of Daniele Mundici on the Occasion of his 60th Birthday, S. Aguzzoli et
al. (eds.), Lecture Notes in Artificial Intelligence 4460, Springer, 290-308, 2007.

P. Rusnok. Probability in formal fuzzy logic. Master’s thesis, Czech Technical University in Prague,
Faculty of Nuclear Sciences and Physical Engineering, Prague, 2008.

D. Scott and P. Krauss. Assigning Probabilities to Logical Formulas. In Aspect of Inductive Logic,
J. Hittikka and P. Suppes (eds.), North-Holland, Amsterdam, 219-264, 1966.

G. Shafer. A Mathematical Theory of Evidence, Princeton University Press, 1976.

P. Smets. Imperfect information: Imprecision — Uncertainty. In Uncertainty Management in Informa-
tion Systems. From Needs to Solutions. A. Motro and Ph. Smets (eds.), Kluwer Academic Publishers,
225-254, 1997.

P. Smets. Numerical representation of uncertainty. In Handbook of Defeasible Reasoning and Uncer-
tainty Management Systems, vol. 3: Belief Change, D. Gabbay and P. Smets (Series Eds). D. Dubois
and H. Prade (vol. Eds.), Kluwer, Doordrecht, 65-309, 1998.

M. Sugeno. Theory of fuzzy integrals and its applications. Phd. Dissertation, Tokyo Institute of Tech-
nology, Tokyo, Japan, 1974.

L.A. Zadeh. Fuzzy sets. Information Control 8, 338-353, 1965.

L.A. Zadeh. Probability measures of fuzzy events. Journal of Mathematical Analysis and Applications
23:421-427, 1968.

L.A. Zadeh. Fuzzy sets as a basis for a theory of possibility. Fuzzy Sets and Systems 1:3-28, 1978.

Tommaso Flaminio, Lluis Godo, and Enrico Marchioni
IITA, Artificial Intelligence Research Institute

CSIC, Spanish Scientific Research Council

Campus de la Universitat Autonoma de Barcelona s/n
08193 Bellaterra, Spain

Emails: {tommaso, godo, enrico}@iiia.csic.es



